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ABSTRACT

IMPROVING DIVERSITY OF SEARCH RESULTS FOR THE NATIONAL
LIBRARY OF TURKEY

Ceyda Okuyan
M.S.; Interactive Computing and Informational Systems

Supervisor: Assist. Prof. Dr. Tayfun Kiigiikyilmaz

July, 2021

One of the main objectives of search systems is to improve the quality of the user
experience by providing search results that are relevant to the user’s information
need. Providing a diverse set of search results contribute to the quality of service of a
search system as it increases the possibility of satisfying the user’s information need.
Although literature suggests that diversification techniques are used for the Web
search, they are not applied often to non-free text search systems. In this work, we
propose a diversified search framework for library catalog search systems. The work
presented here is tested on a real-world dataset acquired from the National Library of
Turkey.

We have experimented the effects of changes in a wide range of parameters for our
framework, testing the effectiveness, both in terms of search result diversity and
result relevance. To this end, the proposed models adopt an automatic document
categorization technique as a generic approach to the category discovery of the
documents based on Latent Dirichlet Allocation (LDA). For diversification of the
search results, we modified and used a Maximum Marginal Relevance (MMR)-based
technique. The proposed framework achieved significant improvements on search

result diversity (66.7%) while maintaining acceptable levels of relevance (1.9% loss).

Keywords: Diversification, Info-Gain, Maximum Marginal Relevance, MMR, Latent
Dirichlet Allocation, LDA
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MILLI KUTUPHANE ARAMA SONUCLARINDA KONU CESITLENDIRME
IYILESTIRMESI

Ceyda Okuyan
YUKSEK LISANS, interaktif Bilisim Sistemleri

Tez Yoneticisi: Dr. Ogr. Uyesi Tayfun Kiiciikyilmaz

Temmuz, 2021

Arama sistemlerinin temel amaclarindan birisi kullanicilarin bilgi ihtiyaglarina
yonelik arama sonuclar1 saglayarak kullanici teciibesini iyilestirmektir. Cok ¢esitli
arama sonuglarinin saglanmasi, kullanict ihtiyaglarinin yerine getirilme ihtimalini
arttirarak, arama sistemi hizmet kalitesine katki saglar. Yaygimn olarak web arama
kullanilmasima ragmen, c¢esitlendirme teknikleri serbest metin olmayan arama
sistemlerine siklikla uygulanmazdi. Calismamizda, kiitiiphane katalog arama
sistemleri i¢in ¢esitlendirilmis arama altyapisi hazirladik. Hazirlanan ¢alismay1, Milli

Ktliphane’nin gergek verileri ile test ettik.

Calismamizda, birka¢ farkli yaklasim hazirladik ve ¢alisma alt yapimizi hem
sonuglarin 1lgililigi hem de sonuglarin c¢esitliligi acisindan genis bir parametre
araliginda test ettik. Sonunda hazirlanan model dokiimanlarin kategorilerini
kesfetmek i¢in genel bir yaklasim olan LDA tabanli bir otomatik dokiiman
kategorizasyon teknigini benimsedik. Arama sonuglarin1 ¢esitlendirmek igin
(Maksimum Ug llgililik) MMR tabanli teknik kullandik. Hazirladigimiz altyap:
arama sonuglarinin gesitliligi {izerinde oldukg¢a 6nemli 6l¢iide iyisilestirme (%66.7)

saglarken, ilgililigi (%1.9 kayip) kabul edilebilir seviyede tutmustur.

Anahtar Kelimeler: Cesitlendirme, Info-Gain, MMR, LDA, Maksimum Ug Ilgililik,
Gizli Dirichlet Tahsisi
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CHAPTER 1

INTRODUCTION

Libraries provide an essential service to users, who desire to satisfy their
information needs. Searching for materials in the libraries collections according to
users’ queries is the backbone of this service. Libraries have a large number of
documents, written and stored in a variety of ways in their collections. Without good
search functionality, users cannot find the documents they desire. A good search
algorithm should return a list of relevant documents to users, so they can initiate their

information need physically.

Relevance of search results is quite important. However, that is not the single
factor towards user satisfaction. Users also want the outcome to cover a variety of
results within related topics as well. In other words, good search results have to be

both relevant and diverse. This way, users can examine a wide range of topics.

Diversification is a well-studied subject in the context of web search. Most
search engines diversify their results. However, we observed that the library search
algorithms for library search, like the ones that are used and adopted in the National
Library of Turkey, only considered relevance. Thus, we wanted to work on
diversified search algorithms for library dataset, as the diversification is a subject
dependent topic. As library document collections contain physical entities, the
diversification techniques for web search might not transfer well into library search.
Thus, our work on diversified search algorithm for libraries will provide insight

through improving the user experience in a library setting.

1.1. BACKGROUND

Knowledge production has started as early as thinking. At the time, the

knowledge has accumulated in stacks. As the number of people who wanted to



benefit from the resulting knowledge increased, these stacks were transformed into
more accessible forms such as books, magazines, CD-ROMs etc. Over time,
classification, cataloguing and serving the information becomes a necessity. Thus the

libraries have been established.

Libraries are one of the earliest forms of information storage methods. They
allowed people to keep and build upon the available knowledge, as well as take a
function for transferring it to the next generations. Libraries are organizations that
have existed since the 17th century BC. Modern, scientific and research libraries,
have been around since 18th century. The first scientific and research library;

Gottingen University Library, was founded in Germany in 1735.

Although the libraries still exist similar to their ancient forms today, they also
evolved significantly. They are no longer a mere storage for documents, but also
become an information management system. Currently, most libraries are
computerized to some degree. While some use computer systems just to manage their
inventory, some digitized all their materials and started serving completely online.
Most libraries collect and catalogue the attributes of each document in their

collections and use them for providing search facilities. (Keskinkilic, 2011)

There are several functionalities libraries provide. The processes that make

up this system, called library operations, are as follows;

e Acquisition

e Classification

e Cataloging

e Binding (bookbinding)

e Racking up

e Availing of materials

e Literature Reviewing

e Lending/ Borrowing (Circulation)
e Periodicals

e Periodicals Acquisition

e Periodicals Following/Tracing

e Availing of Periodicals



Most of these functionalities are self-descriptive and out of the scope of this
study. In this work, we only will concentrate on cataloging services as they relate to
the context and categorization of a document in a library. Materials which are
acquired by the libraries via various methods must be organized and registered
according to certain rules. These procedures are considered as the main functions of
cataloging. Cataloging is the process of preparing a bibliographic record and giving
an identification number for the material. The purpose of cataloging is to inform

users about the availability and the location of each material in the physical space.

Descriptive cataloging gives description of materials. It describes the Basic
Entry of the library item; author's name, title of materials, year of publication,
location of publication, publisher, subject headings, physical description etc. and
then adds Additional Entry: second author and other authors, parallel material title
(2nd title), URL entry, sequence/series recording. The user catalog, which is the
product of the cataloging process, is a library's most important resource for relating
to, locating and tracking the availability of resources. (Giiltekin, Kilig, Balta,
Ozdemir, & Karaagac, 2016)

The advent of digital technology also affected the libraries. The information
produced in today’s world are mostly digital. Accordingly, libraries also assumed the
role of storing and serving such digital information. Information sources come to
libraries in different formats. These diverse sources of information are processed
with certain methods, depending on the information source. This digital
transformation brings lots of topics such as digital libraries, information security,

information retrieval, data storage etc. into the library context.

1.2. PROBLEM DEFINITION

Library query searches scan the collections and returns the documents that
match with the user query as best as possible. This approach exploits the similarity
between documents and the user query as the only objective. The variation within the
result set is not considered as a secondary objective. Diversification aims to improve
such variation. Some diversification techniques aim to select results that are as

dissimilar to each other, while still being relatively similar to the query. Some

3



techniques use categorization of documents. In such techniques, the search algorithm
aims to select results from multiple categories while still selecting relevant
documents. Diversification as an objective of search has a conflicting goal with
relevance: Diversified search algorithms aim to maximize the user experience by
providing as much diversity as possible within the result set while losing as little
relevance as possible.
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Figure 1.1: Example diverse book result set for query 'Kedi'

In the National Library of Turkey, when a user wants to search about a
subject, user must use OPAC (online public access catalog) which is library search
engine. For example, let’s assume that a user types a query to retrieve a book about
‘kedi’; the Turkish word for cat. Ideally, the final search result set of ‘kedi’ should
contain books from different aspects, and within different categories such as children
stories, cats-care, history, thesis of veterinarian science, graphic novel, hypnotherapy

etc. A possible set of results is illustrated in Figure 1.1.



But many times, the final search result set include books exclusively from a
single category. For example, Figure 1.2 illustrates an example result set of the query

‘kedi’, containing books only from the category children stories.

Kedi Gunlikler

Mavi Kedi P Ui ket
BN‘ dﬂc»

Figure 1.2: Example non-diverse book result set for query 'Kedi'

This example illustrates the importance of diversification clearly. Users are
far more likely to find what they are interested from the diverse result set as opposed
to a non-diverse set of results. Also, user queries are not always professionally built
and precise. Users tend to narrow the materials with a simple query and then search
through the results for more specific needs they have. The diversified results are far
better suited for this approach.

Diversification techniques are applied in several domains. However, for the
library search domain, more specifically for National Library of Turkey’s search
system, diversification was not used. Diversification is a domain specific technique.

Its performance varies with the data it uses. Accordingly, diversification approaches



that work well for web searches might not work well for other domains. The aim of
this work is to develop a diversified search framework for the library searches.

1.3. CONTRIBUTIONS AND NOVELTIES

Diversification is a domain dependent technique. Many approaches and
hyper-parameters must be fine-tuned for the domain they are developed for. The
main contribution of this work is to develop a diversified search framework for
library data. For this, we need to develop a search algorithm that takes diversification
into consideration. The search algorithm we develop is not a novel algorithm. We
based our search algorithm on a few existing algorithms.

Our main contribution is to develop a diversified search framework for library
data. Then we need to fine-tune the hyper-parameters using real library queries. This
way the resulting search algorithm would perform well. Our last contribution is to
analyze and show how does the diversified search algorithm perform compared to
the currently used search system in the National Library of Turkey and evaluating the

effects of parameters governing the diversified search algorithm.

1.4. DATASET

The dataset used in this work is the catalog database of the National Library
of Turkey. The real user queries made on the National Library’s search interface are

also recorded and used in this work.

As mentioned earlier, it is compulsory by law for any printed material
produced within Turkey, to be submitted to assembly libraries. National Library of
Turkey is one of these assembly libraries. Any printed material arriving to the
National Library of Turkey is processed and presented to users. One of the most

important steps while processing the material is the cataloging.

During the cataloging, the detailed information about the material is entered
into a database following very specific rules. The title of the material, the author,

publisher and date are some examples input that is recorded during cataloging. Some
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information that is recorded is material-specific. The hand written materials have
much different attributes than periodically printed materials and each material type is
cataloged appropriately. The search engine used in the National Library of Turkey
works on this catalogue database and answers the queries of libraries on-site and off-

site users.

In this thesis, we used the exported catalogue information of materials that
arrived at the National Library of Turkey initially and collected until year 2018. Even
materials from the Ottoman era can be found in the dataset. We also acquired the
user queries logged by the system until the year 2018. These user queries are logged
by the “Kasif” online library search system which became active in year 2016
(Sarikaya). Thus, query dataset covers only two years of queries. However, these

queries are relatively recent and numerous enough for our purposes.

Although the catalogue database contains much information about the
materials, we only used a subset of the descriptions that are allowed to be used and
deemed useful for research purposes: We did not request information that will not be
useful in our work, such as the physical dimensions of the material. The information
on materials that are collected and used during this study include: unique shelf
number, Title, Author, publish year and the Dewey code of the material. The dataset
used in the work is obtained with the written permission of former Head of National
Library of Turkey; Zilfi Toman, for the purpose of research use.

In the dataset, there are roughly 1.15 million documents. Note that the terms
material and document relate to an entity for which result relevance is calculated, and
is used interchangeably throughout this study. We also collected roughly 166
thousand user queries. Document dataset is in excel format with 289Mbytes of size,

while query dataset is in excel format and of 11 Mbytes of size.

The collection of the National Library of Turkey is quite diverse and the users
are also coming from diverse backgrounds. Accordingly, this dataset represents a real
world cataloging service. Table 1.1 present a small sample of materials from the
catalogue dataset and Table 1.2 present a sample of user queries from the queries

dataset.



Table 1. 1: Sample materials from the library catalogue dataset.

Unique Shelf Title Author Dewey Code Publish
Number Year
2012 AD 33561 Imparatorluk / Hardt, Michael, 320.51, 32532 2012
2012 BD 12405 DUS sorubankasi : Canpolat, Mehmet 617.6076 2012
2012 BD 12403 1001 hayvanibulun / Brocklehurst, Ruth ~ 649.51 2012
2012 AD 33862  Yeniarkadas / Tiican, Erdogan 808.06831 2012
2012 BD 12352  Miniklerokulabasliyor 1/ Ceylan, Reyhan 649.51 2012
2014 AD 10953 Mavidunyam : Yanik, Mustafa 811.42 2012
2014 AD 13118 Gramsci ¢agt : Thomas, Peter D 335.4, 2013
320.5322092
2013 AD 21114 Muhsine / Altintag, Miinevver, 813.42 2013
2012 AD 33852 Yeraltindan notlar : Dostoyevski, 891.733 2012
Fyodor Mihaylovic,
2012 AD 33670 Beyazdis / London, Jack, 808.0683283 2012

Table 1. 2: Sample queries from the library user query dataset.

Criterion 1 Criterion 2

Konya yemekleri
Tur, Ismail Hakki
Gozlerimin soylettigi : siirler
9756527153
Gozlerimin soylettigi

TARIHI TURK LEHCELERINDE ISIMDEN

iSIM YAPMA EKLER{ SALIM KUCUK
928.94335

Ertas, Seref
Medeniyet taihi

Medeniyet tarihi

The rest of this thesis is organized as follows:

o Chapter 2 reviews previous related works on information retrieval field and
more specifically in the search result diversification problem.

e Chapter 3 details the proposed method. The framework, the preprocessing
steps, the diversified search algorithm and the analysis algorithms are
described in detail.



Chapter 4 analyzes the experimental results, fine tunes the hyper-parameters
and evaluates the overall success of the proposed method.
Chapter 5 gives conclusion and discusses possible future work on this

subject.



CHAPTER 2

RELATED WORK

In recent years, the amount of online information has grown significantly.
Particularly for processing and handling the text data, text classification techniques
become quite important. Information retrieval can be described as finding documents
from a large collection of unstructured documents that satisfy some information
based needs (Kowsari et al., 2019). Information Retrieval models try to retrieve as
many related models as well as retrieving as few non-related models as possible. The
information retrieval research describe how the documents are stored and
represented, what kind of algorithms are used for ranking the results, used

preprocessing steps and etc.

With the increase in usage of computers and World Wide Web, the printed
catalogs of earlier times had to be converted into a digital format. However, classical
database processing tools and methods was still used instead of information retrieval
models: Searches were done using the information about the document itself, not
using the content of the documents. With the advent in digital technologies,
especially in terms of computational power, data storage techniques and the
explosion in the amount of data on the web, the information retrieval field becomes
increasingly important. Nowadays, Information retrieval systems can store trillions
of documents including various formats like images, audio and video as well as text
and still be able to execute many queries and retrieve related documents under
several seconds. In general, users can compose queries in terms of free text,
describing their information need. The words, or terms, in the query are used to
classify every document with respect to whether a document being relevant to that
word. Thus, a query consisting of multiple words combine the relevance scores of
each individual word to each document. The information retrieval system then
returns the list of documents, whose combined relevance score to the given query is
highest (Clipa & Di Nunzio, 2020).
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2.1. DIVERSIFICATION

The importance of search engines has increased with the advent of big data
and World Wide Web. They are used for serving billions of people for providing
their data needs each day. Search engines are software frameworks that provide a list
of documents according to user query. They play a critical role in information

retrieval activities (Goynuk, 2019).

Ranking Search
Crawling Indexing  |->| Diversity, Relevance Result
Page
Users Users Type a Users go through
Generate Query results and select
New Content their need

Figure 2.1: Main components of search engines

Search engines have three main tasks. The first one is crawling. Crawling is
the discovery process of new and updated content. It is very important for expanding
information content of the search engine. Crawling is done by robots called spider /
web crawler. Web crawlers scan all websites on the internet. They collect the URLS
of the content and move the information it collects to the servers of the search
engine. The second job of search engines is Indexing. Indexing is basically
processing of the data obtained by crawling. The data is categorized according to the
information content and indexed so the access to information can be efficient.
Without these indices finding desired information would be practically impossible
for large datasets. The last job of a Search Engine is ranking. Ranking is the process
of finding related documents to return upon a user query. With the ranking process,
documents related to the user searches are ordered by relevance. He et al. describes a
novel method for this ranking process based on query-specific cluster ranking (He,

Meij, & Rijke, 2011). The results are usually shown to users through a user interface

11



(Goynuk, 2019), (Leuken, Garcia, Olivares, & Zwol, 2009). The search result
diversification is an additional consideration of ranking process. Wu et al. states that
search result diversification is generally carried out in two steps (Wu, Zhang, & Xu,,
2019). At the first step, only the relevance of the documents according to a specific
query is considered. In the second step, diversification algorithm re-ranks the results
to make the results cover as much different topics as possible. However, this is a
tradeoff between relevance and diversity. With the increase in data sizes, efficient
retrieval of search results becomes increasingly important. Naini et al. describes a
scalable and efficient method for search result diversification for web searches
(Naini, Altingovde, & Siberski, 2016).

Search result diversification is an important problem. It aims to cover
multiple aspects of a user query. Another use of diversification is to better handle
ambiguous or multifaceted queries. With diversification multiple aspects of queries
are covered, so the users can find something about the aspect they are interested in.
Vieira et al. discusses about various techniques used in query result diversification
(Vieira, et al.,, 2011). Most diversification techniques try to stabilize both the
similarity and diversity in order to provide result diversification. There are two main
approximate approaches for this problem; implicit result diversification and explicit
result diversification (Ulu, 2019).

2.1.1. Implicit Diversification

Implicit diversification classifies documents using only the documents’
implicit properties. They do not use any external information like details of the
queries or some other external knowledge (Keswani & Celis, 2020). These

techniques are the first techniques proposed in diversification context.

At the beginning of implicit diversification process, each document is
represented as a feature vector. The features can be certain words, combinations of
words or other properties of the documents. But with implicit diversification, features
can only be generated from the implicit properties of documents. Features cannot be

dependent on query properties. Implicit diversification tries to estimate how close the

12



documents are by comparing the feature vectors representing the documents (Qaiser
& Ali, 2018).

The one of the widely used example of implicit diversification is Maximal
Marginal Relevance (MMR) algorithm, by Carbonell and Goldstein (Carbonelland &
Goldstein, 1998).

Zfz'lfn similarity (R[],
R.len

MMR(q,R) = a* Dy1-—o)+ diversity(R) (1)

MMR algorithm tries to maximize both the average similarity and diversity. It
simply tries to find a subset of documents among the corpus, such that both similarity
and diversity is maximized. Since similarity and diversity are different objectives,
they do not usually agree. Thus MMR uses a tunable parameter that combines these
two objectives into one and tries to maximize it. MMR have many variations.
Although in principle, they are all similar, they differ in details. We do not get into

details of those variations, but explain one representative example.

MMR scans all the documents in the corpus and tries to find a subset of those
documents whose objective function is maximized. The objective function is given in
Eg. 1. It simply quantifies the value of a selected subset R, for a query g from the
corpus. First part of the equation simply finds the average similarity between the
query and each of the documents in the selected subset. Similarity between a
document and a query is independent to the selected subset. Second part of the
equation handles diversity. It simply represents how diverse the selected subset R is,
by quantifying how many different classes are represented by selected documents.
Average similarity and diversity valuations are combined by a linear combination
constant a. Weights of similarity and diversity can be tuned via this parameter. How
to find the document subset that will maximize the MMR objective function depends
on implementation and the nuances of document representations and objective

functions.

Another widely used implicit diversification result is Max-Sum Dispersion
(MSD) (Gollapudi & Sharma, 2009). The MSD function given in Eq.2, works on a
pair of documents. It simply tries to find a pair of documents that are as similar to
given query as possible, while being as dissimilar to each other as possible. After
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finding the pair of such documents, they are added to the result set. Then the
approach can be extended to add new documents to the result set continuing the same
principle. We simply need to select the next document that is as similar to query,
while being as dissimilar to already selected documents. Since documents that are as
dissimilar to each other are selected as a result set, the diversity is achieved. The
weighting between similarity to the query and dissimilarity to other documents in the
result set can be linearly tuned via a tunable constant. This algorithm is a greedy
algorithm. However, it is appealing due to its relatively lower computational

overhead.

MSD(di,dj,q) = (1 — a) = (sim(di, q) + sim(dj, q)) + 2a * (1 — sim(di, dj)) )

2.1.2. Explicit Diversification

Explicit diversification techniques benefit from external information such as
query aspects, explicitly created by using information taxonomy or query logs
(Agrawal, Gollapudi, Halverson, & leong, 2009)(Santos, Peng, Macdonald, & Qunis,
2010). Explicit diversification techniques handle diversification in a query oriented
way. Initially, they try to identify every aspect of a given query, including many
related subtopics and possible ambiguities etc. After that, these techniques try to
cover all the aspects of the query by selecting documents of those aspects.
Ozdemiray and Altingovde states that the primary difficulty of explicit methods is to
find every aspects of the query to cover every possible information need (Ozdemiray
& Altingovde, 2013). Yigit-Sert et al. present a method for explicit diversification of
search results across multiple dimensions (Yigit-Sert, Altingovde, Macdonald,
Ounis, & Ulusoy, 2021).

Intent-Aware Select is one of the well-known and earliest explicit
diversification techniques. Agrawal et. al. proposed a method that is able to get
relationships of queries and documents via the categories on taxonomy (Agrawal,
Gollapudi, Halverson, & leong, 2009). With this classification, documents and

queries can be represented and compared in category domain.

Explicit Query Aspect Diversification is another explicit diversification
technique. It is based on probability of relevance and diversity (Yang, et al., 2017). It
14



uses query aspects acquired by subtopics (Text Retrieval Conference (TREC)

subtopics were used in the mentioned study).

2.2. FEATURE SELECTION

Features are individual quantifiable characteristics of documents.
Classification of documents can be achieved by many machine learning algorithms.
Feature selection is an important part of information retrieval process. Feature
selection leads to a more generalized representation of text; via discovering relatively
important variables, removing stopwords such as words that can appear anywhere
such as “and”, and identifying correlating variables. This process helps to eliminate
some of the variables and helps to reduce classification problem dimensionality. This
way, the predictor performance can be improved and computation time can be
reduced. In this thesis, we examined some feature selection methods found in the
literature and analyzed their impact on the overall predictive performance of the
algorithm. Main goal of the feature selection is to select a subset of features from the
documents which can efficiently describe the input data while reducing the noise in
the data and still be able to give good predictive performance. Filter based feature
selection methods are used as preprocessing where the features are ranked and the
high ranking ones are selected. Wrapper-based feature selection methods are based
on predictor performance. A search algorithm is used to determine the best selection
criterion that will give the best predictor performance. Embedded feature selection
methods include the feature selection criterion into the training process
(Chandrashekar & Sahin, 2014).

There are many datasets with various sizes. Some datasets are extremely
large. Processing a very large dataset can be very challenging. It is common for text
data and bag of words models that, many features are so scarcely used they only
represent a few documents. Consequently, such features usually do not contain much
predictive value. On the other hand, some features are so common they appear in a
significant portion of the documents. Such features again, do not give any predictive
value as they do not provide discriminatory information. Feature selection can be

quite useful in such situations. A significant portion of features can be eliminated
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without inversely affecting the predictive performance. In fact, many studies indicate
that feature selection, by improving the generalization of the data, may improve
predictive performance (Manning, Raghavan, & Schiitze, 2008).

As a summary, feature selection reduces the dimensionality of the documents
and reduces the computation times significantly. It also acts like a noise filter for
dataset improving the predictive performance. Accordingly, feature selection enables
machine learning models to train faster. Since it acts as noise removal, it improves
the accuracy and reduces overfitting. Thus feature selection is a very useful tool for
information retrieval tasks (Visalakshi & Radha, 2014).

The goal of feature selection process is to find a set of features that describe
the dataset as best as possible while containing least number of features. This
selection is basically done by comparing how descriptive certain features are for
distinguishing documents belonging to different classes. If a feature is useful for that
purpose, then it is selected. Otherwise it is eliminated (Bagirov, Rubinov, &
Yearwood, 2002). There are two major approaches for this problem; namely feature
selection and feature extraction (Jiangand & Lee, 2007).

Feature selection methods work by selecting a subset of original features that
will be used by classifiers. Features that are not selected are eliminated. A widely
used example of this approach is the Information Gain (Yang & Pedersen, 1997)
algorithm. It simply computes the cumulative predictive value of each feature and

selection can be done according to these values.

Feature extraction methods synthesize new features from a combination of
old features. They simply convert the old dataset to a new dataset with whole new
feature sets and reduce the dimensionality while doing so. Word clustering
techniques (Law, Figueiredoand, & Jain, 2004), are one of the widely used examples
of this approach. The idea behind word clustering is to group the similar words and
use a generic name instead of individual names. For example, instead of keeping the
words “apple”, “orange” and “banana” in the dataset, we can group them and replace
with the word “fruit”. If performed appropriately, this method can reduce the number
of features drastically without affecting the predictive performance much (Jiangand
& Lee, 2007).
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Document collections are usually considered as containing unstructured and
unlabeled data. It is possible to use unsupervised learning in order to extract the
hidden structure within this data. Clustering algorithms (Law, Figueiredoand, & Jain,
2004) are the most common unsupervised learning techniques. They can discover
natural groupings of certain features. Thus clustering based feature selection can be
quite useful (Chandrashekar & Sahin, 2014).

2.2.1. Filtering Methods

Filtering methods relies on the distinctiveness of features within the dataset.
These methods use distance, information, dependency, and consistency based
assessment criterions in order to identify the usability of a feature. The filtering
methods are ranking based methods. They are usually used as a preprocessing
operation in order to find non-discriminating or dependant attributes and such
variables that are found to be relatively less important are filtered out. They are
mainly used for their simplicity and potential to produce relevant features. Chi-
squared (Pearson, 1900) and information gain (Uguz, 2011) are some commonly
used filtering methods (Visalakshi & Radha, 2014).

Ranking methods use a scoring mechanism to quantify the relevance value of
variables. Then a thresholding mechanism can be used to filter out less relevant
features. Ranking methods can be considered as filter methods since they are applied
before the classification. Scoring mechanism should quantify the relevance of each

feature for distinguishing different classes (Chandrashekar & Sahin, 2014).

Chi Square: The Chi-Square method evaluates each feature by computing their chi
square statistics with respect to classes. The chi square score represents the
dependency between the feature and the class. The features with higher chi-square
scores are more informative (Zarepoor & Seeja, 2015). The formula for Chi Square is
given in (3). Chi Square value is represented as x* while O; represent the observed

value and E; represent the expected value.

XZ — Z (Oi;iEi)z (3)
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Information Gain: Information gain is a feature selection method that computes the
value of each feature. The value of a feature represents the value of that feature for
discriminating between classes. Then the features are simply selected or eliminated

according to their scores (Zarepoor & Seeja, 2015).

Entropy of a dataset represents how predictable the dataset is. High entropy
means the dataset is not predictable. Low entropy means dataset is quite predictable.

Entropy for a dataset with C classes is defined as;

Entropy = — Y{ p;log,p; (4)

The information gain of a certain subset of features is defined as the

difference of entropy in we remove the said subset. Formally;
IG(V,A) = Entropy(V) — Entropy(V — A) (5)

The information gained by removing the features A, from the dataset V is

defined as the differences of entropies of V and V-A.

2.2.2. Wrapper Methods

Wrapper methods require a machine learning algorithm to use its
performance as evaluation criteria. Wrapper methods search for a set of features that
will maximize the mining performance. Predictive accuracies of classification tasks
are used for evaluation. Forward selection (Wah, Ibrahim, Hamid, Rahman, & Fong,
2018), backward elimination (Ladha & Deepa, 2011) and bi-directional elimination
(Stepwise Selection) (R., 2012) are some examples of wrapper methods. (Luhaniwal,
2020)

2.2.3. Embedded Methods

Embedded methods handle the model training iteratively. At each iteration,
they extract the features that are found to be the most important. Regularization
methods are the most commonly used embedded methods. They penalize each
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feature to incentivize the model to select as few feature as possible. LASSO
Regression (Rohini, 2016), Ridge Regression (McDonald, 2009) (Saurabh Paul,
2015) and Elastic Net (Zou, 2005) are some examples. (Brownlee, 2020)

Difference between filtering and wrapper methods: The difference between filter
and wrapper methods can be confusing. There are a few points that differentiate
those two. First, filter methods do not employ a machine learning model to
distinguish useful and redundant features. Wrapper methods rely on machine
learning algorithms for that purpose. Second, since wrapper methods require a
machine learning model and some training they are computationally expensive. On
the other hand, filter methods are much faster. Filter methods are based on statistical
correlations. Thus they require quite large dataset size to be able to reveal minor
relations between features statistically. Wrapper methods are based on machine
learning algorithms and they also require large datasets. However, they can work
with much smaller datasets and still be able to provide the best subset of features, at
least for the given limited dataset, where filter methods might fail to do so. The
power of wrapper methods to find the best feature set has a downside. They might
lead to overfitting on the machine learning algorithms that these subsets of features

are trained with. Filter methods does not have that tendency (Paul, 2020)
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CHAPTER 3

PROPOSED FRAMEWORK

This chapter provides detailed information about the framework used in this
thesis. As mentioned earlier, our goal is to find the best technique to achieve
diversification while keeping relevance high. In this section, we describe our process
in three sections. In the first section, we describe how the data is preprocessed. We
explore different options for preprocessing and try to find the best approach for the
library data. In Section 2, we describe how to categorize the library data, in order to
provide a basis for diversification of the search results. In Section 3, we describe how
the searching algorithm is implemented and how the diversification aspect is applied

during this process.

3.1. PREPROCESSING

Preprocessing is an important step in most information retrieval tasks.
Without proper preprocessing, the data would be extremely noisy. Also many
algorithms would not be able to associate practically identical features. In general,
the textual data must be converted into a numeric representation to be understood by
machine learning algorithms. In the literature, this process is called feature
engineering and it is even more significant for the textual data that are inherently
unstructured (Tina, 2020).

We applied preprocessing in three steps. First, we format the textual data into
a standard form. Second, we performed stemming techniques to obtain the roots of
the words. Last, we apply feature elimination, to reduce the corpus size. We want to
explore how the stemming and feature elimination changes the performance of our
diversification algorithm. In this regard, our objective is to find the preprocessing

approach that is best suited to our dataset and the library search problem.
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3.1.1. Formatting

Formatting the textual data is an essential step for any text processing
application. Textual data can contain many variations on words that make those
words textually different, while they are essentially identical. Formatting the data
into a standard form eliminates such issues. Most textual datasets include many
unnecessary words such as stopwords, misspelling, punctuation etc. These words
behave like the noise of the text data and had adverse effects on the performance of
machine learning algorithm; especially statistics based algorithms. Several
techniques are used to clean up such words. For example; numbers, punctuations,
tags, stopwords, special characters can be removed, text can be converted to
lowercase, lemmatization and stemming can be used etc. (Kowsari, Jafari Meimandi,

Heidarysata, Mendu, Barnes, & Brown, 2019).
We performed the formatting of library data as follows;

e Data concatenation: The library data was available in Comma Separated
Values (CSV) format. Each row in the spreadsheet represented a certain
document. There are several columns in the spreadsheet; such as documents’
physical location, title, author, Dewey codes, and publication year. Physical
location of the document and the publication year are considered not useful
information for the purpose of this study. Thus, we ignored those. Dewey
codes are library cataloging specific codes that describe some attributes of the
documents. Although these codes are not used in any searches, as they
represent some document properties, they will be helpful for associating
documents with each other. We used the text in the title, author, and Dewey

code in order to represent a document.

e Character-wise formatting: We perform character-wise formatting on the

title and author information of the document.

We use Table 3.1 to change each character into its corresponding character.
The majority of the documents in our library dataset are in Turkish. However,
it is important to emphasize here that, in the document collection; there are
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also documents in other languages. Thus the character set of the document
representations is restricted to Turkish and English lowercase letters and
roman numerals. As can be seen from the table, we converted nuanced
characters to the closest form that is in our character set and eliminated any

other characters such as punctuation marks.

Dewey string formatting: Dewey codes have to be in a certain format. They
contain only numerals and can include a single ‘.’ character. However, in our
dataset, Dewey codes contain multiple library science-specific formats and
older notations. Since correcting such codes, or converting them into a single
unified version requires manual effort and is not trivial, we ignored any code
that does not fit into the standard Dewey format. However, we also accepted

older formats, such as which that starts with a ‘T’ or ‘t” character.

Table 3. 1:Character map for character-wise formatting

Current Character Corresponding Character
¢>="a' and c<='7' Same character
¢>='0"'and c<='9" Same character
c>='A'and c<='Z','0','C", 'S, 'U', 'G' Lowercase character
ORI O O P

aa AR R R AR A g

e

0,0, 0, e u

€8, EE BB e
'6','6','0",'0",'0", 0" o

A '

5 y

D' o

R =

Anything Else Replace with space

Duplicate space elimination: We eliminate any duplicate spaces between

words and created the formatted text for each document.
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3.1.2. Stemming

Information retrieval algorithms treat each word as a distinct entity
representing an informational aspect of a document. However, that is not always the
case. Two words that differ by a suffix can be strongly related to each other. Also, in
many languages the suffixes may indicate a relation. As representing such complex
relations between words are quite hard, studies on Natural Language Processing field
try to alleviate this problem. However, most of these methods are language
dependent. Thus many approaches treat each word as distinct features and try to

discover relations through processing the data.

On the other hand, as a preprocessing step, we have some control about how
to represent textual data. Mainly, stemming is a powerful natural language
processing tool that has a potential to improve performance of the IR algorithms.
During the preprocessing step, we might analyze each word in our dataset and extract
the stem of the word, getting rid of all the suffixes. That way, the algorithms can
associate different words stemming from the same root. That is a desired association
in many situations. However, it is important to note that, as an end product of
stemming, we would lose information contained within suffixes. Thus that is an

undesired consequence, a tradeoff, of stemming.

Stemming has another problem of associating unrelated words. For example;
Turkish word “cevrim” means “cycle, conversion, turning etc.”. However, it can be
paired with another words “gevrimici, ¢evrimdist” to mean “online, offline”. The
stem of “cevrim” is “cevir” which means “to turn”. Accordingly, when we use
stemming, IR algorithms would incorrectly associate any documents that talk about

online, offline to other documents that talk about turning something.

Intuitively, we might think if our dataset is large enough, stemming might not
be ideal. By that we do not mean the dataset being large just in the number of
documents but the information amount in each document should be large as well. In
that case, we might think there should be enough information in the documents, so
that even un-stemmed words appear in so many documents, IR algorithms can
discover hidden relations. In that case, not losing the information content of suffixes

would be beneficial. However, for smaller datasets, stemming could be beneficial,
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since it allows IR algorithm to be able to find relations that it won’t otherwise be able
to find.

For library data, we decided describe what versions, not clear and try to find
which performs better. Consequently, we generated two versions of the dataset. For
one version, we use the original dataset. For the second version, we process each
word in order to find its and replace that word with its stem. If we cannot find the

stem of the word, we simple leave it as is.

For stemming, we use Zemberek NLP library for Turkish (Akin, 2019).
Zemberek is an open-source library that can perform several NLP operations. We
only used stemming function from the morphology module. With stemming, the
unique feature count in the corpus is reduced by 16%.

3.1.3. Feature Reduction

Each unique word found in the corpus is represented as a feature.
Accordingly, the total number of features is quite high. For our library dataset, we
have 529,412 features. If we use stemming, we can reduce it to 444,559. Since the
number of features determines the dimensionality of the vectors representing each
document, higher number of features increases the computational overhead. Thus,
eliminating some of these features and reducing the dimensionality would have good

impact on the time requirements.

In order to run feature selection algorithms, we need to represent the
documents in vector format rather than textual format. Bag of words model, in
conjunction with TF-IDF models is a widely used alternative for this purpose. Bag of
words model have an obvious drawback particularly for large corpuses: Some words
are so common; they appear on most documents, such as “the”, “and” etc. Thus, they
will overshadow other features by their overall weight and create unwanted statistical
relations between documents. TF-IDF model tries to overcome this issue by using a
modified metric for the weight of a feature, instead of just document frequency. TF
indicates term frequency while IDF indicate inverse document frequency.TF-IDF

model multiplies these factors. Term frequency measures the frequency of a word in
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a document; i.e. TF = total number of times word appears in a document / total
number of words in that document. Inverse document frequency is the representation
of how valuable a word is. It is an inverse fraction function that is logarithmically

scaled. IDF gives low scores for words that appear in lots of documents (Tina, 2020).

number of documents (6)

IDF = log

number of documents word appears in

Another issue about features is their varying information content. Some
features are quite valuable in terms of their information content, while some features
are practically worthless. For example, the word “diversification” is quite valuable.
Existence of this feature in a document, together with a few other features can
determine the topic of the document quite accurately. On the other hand, generic
words like “the” or “and” can be found in most of the documents and they do not
contain any meaningful information. Similarly, there can be some extremely rare
words, or words containing typos, that appear only in one or two documents. Those
features do have any real weight associating similar documents together. So they are
not useful as well. Accordingly, in order to eliminate less valued features and keep
high value features, we need to determine the information content of each feature.

Information gain is a tool in information retrieval toolbox that can be used to
measure the information content of each feature. In this thesis, we used this
algorithm for this purpose. The “mutual info classif” function implemented in
“sklearn” library in Python is used in this thesis (Pedregosa, 2011). This function
uses the dataset in TF-IDF format. We simply feed the entire corpus to this function,
and it returns the value of each feature. We repeat this process for both regular

corpus and stemmed corpus.

We want to experiment with different feature reduction ratios and see which
one performs the best. Initially we were planning to leave a dataset without
eliminating any feature as a baseline comparison. However, when we analyze the
corpus and the outputs of info gain algorithm, we observed that about half of the
features in our corpus appear in only one document. Accordingly, they are practically
worthless for information retrieval. Thus, we can eliminate 50% of features and still
perform the same as original dataset. With further analysis of the outputs of the info
gain algorithm, we determined to analyze with feature reductions up to 50%, 30%
and 10%, that is the percentage of feature left in the corpus after feature elimination.
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Dewey Code

ch;lctzjr;rgnt Data Characterwise
> Concatenation >|  Formatting
Dataset
v
Regular
Document S Info Gain s| Feature Values
7 7
Dataset
Feature Reduction
10% 30% 50%
Reduced Reduced Reduced
Regular Regular Regular
Dataset Dataset Dataset

Figure 3.1: Preprocessing for regular datasets

For feature reduction, to create a dataset with k% feature count, we simply
traverse our preprocessed corpus. For each feature we traverse, we check if it is in
the top k% of features according to their TF-IDF values. If not, we simply eliminate
it. In order to avoid eliminating all the features for a document, we implemented
another constraint. If for a document, none of the features of this document appears
in the top k% of the features, we keep the feature with the best value. This way we
guarantee at least one feature remains for a document. This constraint increase the

actual feature counts slightly, so we cannot reach our goal of k% feature count
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reduction. However, since the differences are not high, we continued the analysis
with this approach.

We repeat the feature reduction for both regular and stemmed datasets. We

used 3 feature reduction ratios; 10%, 30%, and 50%. Thus, after this step, we obtain

6 different datasets to analyze further.

Library Data Characterwise
Document S . S . Dewey Code
2| Concatenation > Formatting
Dataset
)4
Regular Stemmed
Document > Stemming S Document Info Gain
Dataset Dataset
\ 4
Feature Reduction <: Feature Values
50% 30% 10%
Reduced Reduced Reduced
Stemmed Stemmed Stemmed
Dataset Dataset Dataset

Figure 3.2: Preprocessing for stemmed datasets

3.1.4. Query Formatting

Library dataset contains a query dataset in addition to document datasets. Its

formatting is done in a similar manner to document formatting but a little differently.
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Library query data is also stored in a spreadsheet file. It has two columns. First
column stores the query for search by keyword. Second column stores the query for
search by author. Either of these columns can be full or empty. Similar to document

formatting, we simply combine these columns into a single line.

Second, we perform the same character-wise formatting and duplicate space
elimination as document formatting. Similar to document formatting, we created two
query dataset, one with stemming and one without. We will use the stemmed query
dataset with stemmed document datasets during the analysis phase. And we will do
the same for regular datasets as well. We do not perform any feature elimination for

query data.
Library Query Data Characterwise
Dataset >|  Concatenation [ Formatting >| DeweyCode
V
Regular Query . Stemmed
Dataset > Stemming > Query Dataset

Figure 3.3: Preprocessing for query datasets

Figure 3.1 illustrates the overall preprocessing step for regular datasets. This
process produces 3 datasets. Figure 3.2 illustrates the preprocessing process for
stemmed datasets. This process also produces 3 dataset categories. After the
preprocessing step we obtain 6 different datasets. Figure 3.3 illustrates the
preprocessing done for the query datasets. This preprocessing step outputs, regular
query dataset and the stemmed query dataset. After all the preprocessing, we created
6 document datasets and 2 query datasets. We also would like to note that, the
original query log is used along with the orginal dataset, and stemmed query log is

used along with the stemmed dataset in our experiments.
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3.2. CLASSIFICATION OF DOCUMENTS

Classification of documents, generally lie within the topic modelling concept.
Topic models are summarization techniques that are used to extract the topic of the
documents. Each topic can be represented as a collection of features from the corpus.
Topics represent concepts that are easily distinguishable from each other. However,
usually overlapping topics are obtained. Topic models are quite useful when

summarizing large corpuses of extracting key ideas from large datasets (Tina, 2020).

Different techniques are used for topic modeling. Most of them contain some
form of matrix decomposition. One example is Latent Semantic Indexing (LSI). LSI
uses Singular Value Decomposition (SVD). Another example is Latent Dirichlet
Allocation (LDA). LDA (Latent Dirichlet Allocation) is an unsupervised machine-
learning model that takes documents as input and finds K topics from N documents
as output (note that, K is user-defined). It uses a generative probabilistic model. In
this model, each document consists of a combination of several topics and word can
be assigned to a single topic.

LDA (Latent Dirichlet Allocation) is an unsupervised machine learning
model for soft classification. It gets a set of documents as input and finds K topics
where, K is a user defined number, after processing the documents. Each topic is
represented as a weighted list of features (Revert, 2018). An illustrative example

given below,
thesis * 0,2 | manuscript * 0,15 | novel * 0,09 |...

LDA model has three main parameters; number of topics, number of features
per topic and number of topics per document. LDA is a complex, hard to fine tune
algorithm. Getting good results with LDA require extensive knowledge of the
algorithm. The inner workings of LDA algorithm is outside the scope of this work
(Revert, 2018) .

Search result diversification algorithms try to select a set of documents
belonging to different categories. In order to do that, we need to be able to know
which category each document belongs to. There are several methods to do that.

Related works section explains several approaches in more detail. For this work, we
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opt to use Latent Dirichlet Allocation (LDA) algorithm. This algorithm first
proposed in the population genetics context (Pritchard, Stephens, & Donnelly, 2000),
then used in machine learning field (Blei, Ng, & Jordan, 2003).This algorithm is an
unsupervised clustering algorithm, so it does not require any external knowledge.
LDA can classify documents into user selected number of categories. LDA does not
require labeled data. It distributes the training data among user specified number of
classes in an optimal way. Then the category of any new data can be predicted with

this model as well.

We used “LatentDirichletAllocation” function implemented in “sklearn”
library in Python (Pedregosa, 2011). Similar to other machine learning algorithms,
this function is trained with real data. Then trained model is used to determine the
category of any given data. LDA does not output a category id for given documents.
It rather returns probabilities of given document belonging to each category. We then
use these probabilities to determine the category of each document. LDA’s approach,
computing the probabilities for each category, provides additional information about
its prediction. For example, for some documents, let the probability of a category is
much higher than the probabilities of other categories. Then we understand LDA is
quite sure about its prediction. However, for some documents, let the probabilities be
almost equal among categories. Then we understand, LDA is not sure at all about its

prediction.

In our work, we used LDA a little differently. Since our focus is not to derive
a category prediction model for library data, we did not divide our data as training
data and experiment sets. We used all of our documents data for training. Our
intention is simply assigning each document an implicitly generated category, so that
we can continue with diversification analysis. Thus, using all the data for training
would result in better classification for existing data. After training, we used the
trained model for predicting categories for our documents. In this regard, we used
LDA for clustering, rather than for classification. In our implementation, we did not
examine how confident LDA was about its category prediction of documents. For
each document, we assign the category with the highest probability to each

document.
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In our work, the symbol “C” represent the number of categories. We
performed experiments with 4 different C values; 50, 100, 200, 300. We also repeat
the same process for 6 datasets we have created in the previous section. Thus, we
obtained a total of 24 datasets for our diversification experiments. Figure 3.4
illustrates the classification process for a single dataset. In this example, we used
stemmed document dataset with 30% feature reduction. This process is repeated for

all datasets.
30% Reduced Stemmed Dataset
LDA LDA LDA LDA
Category Category Category Category
Assignments, Assighments, Assighments, Assignments,
C=50 C=100 C=200 C=300

Figure 3.4: Classification for a single dataset

3.3. SEARCH RESULT DIVERSIFICATION ANALYSIS

The main goal of this work is to analyze how diversification approach works
on real world library dataset. For this purpose, we implemented a MMR based search
result diversification algorithm. In principle, our algorithm is quite similar to MMR.
However, original MMR tries to handle diversity by selecting results that are as
dissimilar to each other. This approach is computationally expensive. Instead we
modified the definition diversity in MMR. Thus, we were able to reduce the
computational overhead significantly. In this section, we will give details about the

proposed algorithm.
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3.3.1. Dataset Vectorization

There are some widely used vector representation alternatives for textual
datasets. Bag of words model is a simple vector space representation model for
unstructured text data. As the name implies, the bag of words representation does not
retain word positioning in a document. Each document is represented with the terms,
a sparse but very high dimensional vector, where each feature (a feature can be
considered as a specific word in the corpus) is represented as a dimension in the
vector. The values of the vector can be occurrence counts, binary appearance values,
or some other metric. The grammatical relations and the order of the words are not
preserved. The corpus of the documents consists of all the unique words (features),
used in all the documents. The overall representation can be considered as very large
sparse matrix where each document is represented as a row and each column
represents a unique feature. Since representing this matrix as regular matrix format
would require enormous amount of memory even for moderate size datasets, sparse

matrix representations are often employed (Tina, 2020).

Another widely used vectorization method is Bag of N-Grams models. Bag of
N-Grams model is an extension of Bag of Words model. The primary weakness of
Bag of Words model is that it cannot hold any information regarding the order of
words. Bag of N-Grams model is an attempt to improve the model on that front.
Basically, instead of using each word as a feature, sequence of N words is used as
features, preserving the order of words in a limited manned. If N is used as 2, then
ordered pairs of words are used as features. If N is set to 3, then triplets of words are
used as features. If high N values are used, the number of features in the vocabulary
increases significantly, while frequency of each feature drops. At the same time,
more information regarding the order of words can be represented. However, since
the number of features increase and their frequencies drop, statistical analysis based
machine learning algorithm will have harder time capturing inherent relations
between features. They will need more data. Low N values lead to fewer features
with higher frequencies, enabling machine learning algorithms to work more
efficiently. However, they do not represent too much information regarding the
word order (Sarkar, 2018) (Tina, 2020).
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In this work, we used Bag of Words method for its simplicity. In our algorithm,
we use a binary representation model. This choice allows the representation become

simpler and faster to process.

1 vectorize(Documents, Queries)

2 IDMap = AssignUniqueIDs(Documents, Queries)
3 foreach document d in Documents, Queries

4 foreach feature f in d

5 Replace(f, IDMap[f])

6 Sort(d)

7

EliminateDuplicateFeatures(d)

Algorithm 3.1: Dataset Vectorization Algorithm

Algorithm 3.1 summarizes our vectorization process. In the first step, we take
our all Documents and query data and assign a unique integer id for all features.
Next, terms are sorted with respect to their occurrence count and each term is

attributed to a numeric identifier.

Then we simply process every document in our preprocessed Library
Document dataset and Library Query dataset. First, we replace each textual feature in
the document with its integer id. Then we sort the integer features in increasing
order. This will allow document-to-document comparisons faster, since we will just

to traverse feature lists of each document just once.

3.3.2. Search Algorithm

Our search algorithm is inspired from the MMR algorithm. Our method is
more similar to the swap approach described in (Vieira, et al., 2011), which also keep
a candidate result set and swaps the documents that improve that candidate result set.
Our algorithm is also partly related to local search approaches described in (Zuccon,
Azzopardi, Zhang, & Wang, 2012) and (Naini, Altingovde, & Siberski, 2016). The
algorithm aims to find k documents for a given query g, in a manner that maximizes
the weighted linear combination of relevance scores and diversity scores of the
selected documents. In order to do that, we should define relevance and diversity
scores of selected result set. We define relevance score based on cosine similarity of
each document and the query. We used the average of cosine similarities between

each document in the selected result set and the query as the relevance score of the
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selected result set. The formulations of these calculations are provided in equations 7
and 8, respectively.

dotProduct(do0,d1)

cosineSimilarity(d0,d1) = aola1] (7)
S.len , L . ,
. cosineSimilarity(S[il,q)
relevanceScore(S, q) = E . ~Tom (8)

Cosine similarity is a widely used metric to define relevance between two
documents. It is relatively cheap to compute and it is a normalized distance metric:
Unrelated documents would have a 0 cosine similarity, while identical documents
would have 1. We use the relevance score of a selected result set, as the average of
the cosine similarity between each document in the result set and the query.

Cosine similarity represents the similarity between two documents as the cosine
of the angle between vectorized multidimensional representations of these
documents. Since vector representations of documents only contain non-negative
values, the angle between any two document vectors can be in between 0° and 90°. 0°
can be obtained only if documents are identical; then the cosine similarity will be
1.0. 90° can be obtained if two documents do not share any common feature, then the
similarity would be 0.0. Cosine similarity can be computed using a cosine rule for

dot product.
1 cosineSimilarity(ve , v1)
2 value = 0.0;
3 i=0
4 j=0
5 while i <v@.len and j <vl.len
6 if (vo[i] == vi[]j])
7 value += 1.0
8 i++
9 Jj++
10 else if (vo[i] <vi[j])
11 i++
12 else j++
13 value /= (sqrt(veo.len)*sqrt(vi.len));
14 return value

Algorithm 3.2: Cosine Similarity Algorithm
The implementation detail of the cosine similarity depends on how the vectors
are represented. In our implementation, since we are using a sparse vector
representation, where the value can either be 0 or 1, we simply represent the vector

as an integer array, that contains the id’s of features found in the document. Also the
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integer arrays are sorted as explained earlier. Thus computing the dot product of such
two vectors would be reduced to counting the common values of these vectors. The
lengths of these vectors would also be reduced to taking the square root of the
number of values in each array. Accordingly, the cosine similarity algorithm can be
implemented quite efficiently. Algorithm 3.2 explains the cosine similarity

computations more formally.

Diversity score is defined differently than standard MMR. Since we employ
an implicit classification algorithm, LDA, and determine the category of each
document, we can simply build upon this information. For diversification, we want
selected search results to cover as much category as possible. For minimum, all the
documents in the result set belong to the same category. For maximum, all the
documents in the result set belong to different categories. Thus, we simply need to
count how many different categories are represented by the search result and
normalize it. Let our search to find top k documents. Then there can be at least 1 and
at most k different categories found in the search results. If we normalize these

values to [0,1] range, we can get the diversity score.

numberO fDistinctCategoriesIinS—1 (9)

diversityScore(S) =

min (S.lenmaxNumberOfDistinctCategories)—1

We included a correction to our diversification formula, with the min term to
cover some exceptional cases. Usually, the number of total categories is higher than
the number of documents we requested from the search. In that case, we did not need
to use min term in the formula and simply use S.len instead. However, if we request
more documents than the total number of categories than we would give lower
diversification scores even though, the search returns the maximum diversification
possible. For example, in our experiments for some experiment configurations, we
used the number of categories as 50 and we searched for top 100 documents. In this
case, if we have not included the min term in our formula, diversification scores
would be at most 0.495. Since our goal is to normalize the scores to O for the worst
possible diversification and 1 for the best possible diversification, including the min

term to the formula makes sense.

combinedScore = a * relevanceScore + (1 — ) * diversityScore (10)

35



When we compute both relevance and diversity scores, we need to combine
them to have an objective function to maximize. As explained earlier, we just use a
weighted linear combination of these values. The weight parameter; a, is a hyper-

parameter for our system and we are trying to find the best value for it as well.

1 findBestK(k, Documents, query, alpha)
2 foreach document d in Documents
3 d.RelevanceScore = cosineSimilarity(d, query)
4 sortByRelevance(Documents)
//Setting the most relevant k documents as initial result set
5 resultSet = Documents[0, k]
6 relevanceScore = getRelevanceScore(resultSet)
7 diversityScore = getDivesityScore(resultSet)
8 combinedScore = relevanceScore* alpha + diversityScore* (1 - alpha)
9 for i = k upto Documents.len
10 if d.category is in resultSet.categories
11 continue
12 candResultSet = resultSet
13 d = findLeastValuableResult(candResultSet)
//least valuable result is the one with smallest relevanceScore,
//whose category is represented in ResultSet at least twice
14 candResultSet.replace(d, Documents[i])
15 candRelevanceScore = getRelevanceScore(candResultSet)
16 candDiversityScore = getDivesityScore(candResultSet)
17 candCombinedScore = (candRelevanceScore* alpha) +
(candDiversityScore* (1 - alpha))
18 if candCombinedScore > combinedScore
//If new document improves combined score, update the resultSet
19 resultSet = candResultSet
20 relevanceScore = candRelevanceScore
21 diversityScore = candDiversityScore
22 combinedScore = candCombinedScore
23 if diversityScore == 1.0
24 break
25 //If we reach maximum diversity score, no need to check less
26 //relevant documents any more.
27 else break
28 //If the new document cannot improve the combined score, then
29 //no other documents can improve, since they cannot improve
30 //diversity score more than this document, but their Relevance
31 //score will be even lower. So we just break out of the loop
32 return resultSet

Algorithm 3.3: Search Algorithm to find top k documents for a given query

Up to this point we described the score for how to find the scores for a selected
subset of documents. However, finding the best subset can be a relatively hard
problem. Checking every possible subset is not feasible. In our work, we employed a

search algorithm that finds the best subset relatively fast. It was made possible by our
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definition of relevance and diversity scores. There are other techniques such as
inverted indexes for document query matching. Inverted indices technique is quite
common and very efficient. Cambazoglu et al. describes efficient parallelization of
inverted indices (Cambazoglu, Kayaaslan, Jonassen, & Aykanat, 2013). However we
decided not to use inverted indices to keep our implementation simpler. Algorithm
3.3, describes the details of search algorithm.

The search algorithm finds the user-specified k best results for given query on
Library Document dataset. It also takes an additional argument named “alpha”,
which is the weight parameter in order to control the balance between relevance and
diversity scores. It finds the best k documents that maximize the combined score and
returns this k documents. Algorithm starts by computing the relevance scores
between each document in the documents dataset and the query. For relevance score,
cosine similarity is used. After relevance scores are computed, the Documents
dataset is sorted in descending order, according to computed relevance scores. This
part requires the majority of computational workload, since it has to work on all the
documents dataset. On the other hand, relevance score computations can easily be
parallelized. In our implementation, we used OpenMP to perform these operations

using multiple CPU cores. That speeds up the search process significantly.

After the documents’ relevance scores are computed and the documents are
sorted accordingly, we define our result set as the top k documents. Then we
compute the current relevance, diversity and combined scores of this result set. Then
we enter into a loop that iterates over the rest of the documents, to look for any
improvements of result sets we can make. Since our current list contains the best
possible records in terms of relevance, any improvement we can make will be via
diversity improvements. Our diversity score is based on how many different
categories are represented in the result set. Thus, any new candidate document,
which has a category already present in the current result set cannot improve

diversity score. So, we can just ignore such documents.

If the new candidate has a category that is not represented in the current result
set, it can improve the diversity score. However, as it also has lower relevance score
relative to other documents in the current result set, combined score may not

improve. In order to achieve largest improvements, we should find the least valuable
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document in the current set. The least valuable document would be the one with
smallest relevance score, whose category appears in the current result set at least
twice. So removal of this record will not reduce the diversity score. Finding the least
valuable document is done via the findLeastValuableResult function. This function
traverses the candidate result set in reverse order. For each document, it checks if
that documents category is identical with the category of another document further
up on the candidate result set. When the function finds such document, it terminates
the traversal and returns that document. Then we replace this least valuable current
document with candidate document and compute the scores. If the scores improve,
this means the diversity score improvements are higher than relevance score losses.

Thus we accept this change and continue.

However, if the candidate document cannot improve the scores, we conclude
that our current result set is the best candidate and stop the search process. The
reasoning behind this conclusion relies on our diversity score definitions: Our
diversity scores improve in a stepwise fashion. So if after a document replacement,
diversity scores increase x amount, then after the next document replacement it will
increase x amount again. If replacing current least valuable document in the result set
with the candidate is not improving combined score, replacing the next least valuable
document would be even worse. More formally, let | be the least valuable document
and let ¢ be the candidate document. Then the change of combined score upon the
replacement of | with ¢ can be described as;

ax(c.relevanceScore—l.relevanceScore) 1-a

CombineScoreChange = p t

(11)

The first part of the equation describes the average relevance score change
times. The second part represents the diversity score change times 1-a. The diversity
score change is due to the increased number of categories represented in the result

set.

Let Ig be the least valuable document in the result set and let I, be the next least
valuable document. Let ¢ be the current candidate document and let c;be the next
candidate document. Let us compute the combined score changes if we replace these

candidates with their counterpart least valuable documents.

. ax(cg.relevanceScore—lg.relevanceScore 1-a
CombineScoreChange(cy, ly) = o p > ) 4+ p— (12)
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ax(cq.relevanceScore—1y.relevanceScore)
k

CombineScoreChange(cy, ;) =

1-a
+ o= (13)
CombineScoreChange(cy, ;) — CombineScoreChange(cy, ly) =

o
P ((c;.relevanceScore — ;. relevanceScore) — (c,.relevanceScore — l,.relevanceScore)) =

o
Pl ((cl.relevanceScore — ¢y.relevanceScore) + (l,.relevanceScore — ll.relevanceScore))

(14)

By definition |;.relevanceScore>= Iy.relevanceScore and co.relevanceScore
>= cj.relevanceScore. Thus, since alpha and k values are always positive, the
CombineScoreChange(c,,1;) — CombineScoreChange(c,, l,)vValue will always be less than

or equal to 0.

So, CombineScoreChange(cy,1;) < CombineScoreChange(cy, ly) inequality
will be true. Accordingly, once we reach to a candidate and its least valuable
counterpart, that does not improve the combined score of the result set, we can safely
say no further candidate can improve the combined score as well. Thus we can safely
break out of the loop.

In our algorithm, if after a replacement with a candidate, we reach a diversity
score of 1, we also break out of the loop. Because, this means we have reached
maximum diversity and it cannot further improve the results. In this case, the search

can terminate ensuring no further improvement is possible.

The asymptotic complexity of the algorithm is O(Nlog(N)) where N is the
number of documents, since the process is mostly linear, but sorting the document
dominates the complexity. The computation of relevance scores of documents is
linear. In the worst case, the loop that tries to find the optimal result set has to scan
all the documents. However, most probably, the algorithm would break out much
sooner. For sorting part, we used comparison based quicksort algorithm. Thus, we
stated that the complexity of our algorithm is O(Nlog(N)). On the other hand, if we
analyze the sorting part, we can see since the number of documents is in millions and
we are sorting with respect to a floating point value, we can easily employ a linear
time sorting algorithm, like radix sort. Accordingly, we can easily reduce the
asymptotic complexity to O(N). However, for our workload, the actual runtime
difference between a radix sort implementation and a quick sort implementation does

not differ much. Hence, we used the more generic quick sort implementation.
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3.4. ON THE EVALUATION OF THE EXPERIMENTAL RESULTS

Our work has two main goals. First one is to observe how the diversification
approach works on the library dataset. Second, analyzing the effects of different
approaches and hyper-parameters we tried on the diversification. In order to do that,
we need to be able to quantify the overall performance of the search algorithm, with
different parameters. Fortunately, our library dataset contains real user queries. Thus,
our experiments will represent the real world performance. In our analysis, we
simply perform the search operation described in the Section 3.3, for each query in
our dataset. Then we calculate the mean values of relevance scores, diversity scores
and combined scores for all the query searches. As explained in section 3.1, with
stemming or not stemming, with three different feature reduction ratios and with four
different number of categories of classification we have 24 different datasets. Also,
as described in Section 3.3, the search algorithm takes two more parameters; k and
alpha. Alpha represents the weight between relevance and diversity. In our
implementation, higher values favor relevance. Finding the optimal alpha value is
quite important for the real world performance of the diversified search algorithm.
Thus we tried several values. After some playing around with some parameters, we
observed that too low alpha values will not be favorable, since the Relevance would
drop significantly. So we did not try alpha values lower than 0.5 in our formal
experiments. However, we included alpha equals 0.0 case for comparison purposes.
We tried 12 different alpha values; 0.0, 0.5, 0.55, 0.6, 0.65, 0.7, 0.75, 0.8, 0.85, 0.9,
0.95, 1.0.

The search algorithm also takes k as another parameter. We believe, the search
algorithm will behave similarly for different k values. However, we tried 2 different k
values; 10 and 100 in order to verify. This means we searched for top 10 and top 100
documents for each query and analyzed the results. The overall analysis algorithm is
given in Algorithm 3.4
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1 analyze()
2 for k in (10, 100):
3 for stemming in (on, off):
4 queryDataset=getQueryDataset(stemming)
5 for featureReductionRatio in (@.1, 0.3, 0.5):
6 for C in (50, 100, 200, 300):
documentDataset = getDocumentDataset(stemming,
featureReductionRatio,C)
7 for alpha in (0.0, 0.5, ©.55, .., ©.95, 1.0):
8 relevanceScores=0
9 diversityScores=0
10 combinedScores=0
11 foreach query g in queryDataset:
12 scores = findBestK(k, documentDataset, q, alpha)
13 relevanceScores+=scores.relevanceScore
14 diversityScores+=scores.diversityScore
15 combinedScores+=scores.combinedScore
16 relevanceScores/=queryDataset.length
17 diversityScores/=queryDataset.length
18 combinedScores/=queryDataset.length
19 print(k, stemming, featureReductionRatio, C,alpha,

relevanceScores,diversityScores, combinedScores)

Algorithm 3.4: Analysis algorithm

We performed the searches of each query in the query dataset for every
configuration we have. Thus, for 24 document datasets, 12 alpha values and 2 k
values, we got 576 different set of experiments. We gathered average relevance,
diversity and combined scores of all the searches made on the query dataset for each
experiment set. We evaluated each decision we made individually. The detailed
analysis will be given in the Results chapter. The table of raw values we got from

these 576 experiment sets is given in Appendix 1.
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CHAPTER 4

RESULTS

The goal of this work is improving the diversity without losing relevance. To
this end we tried several approaches and tested them on real world library data. We
want to see, if they will improve the diversity well enough without losing significant
relevance, or if they will fail. Secondly, we want to find the best approaches and tune
the hyper-parameters we used in our algorithm so the diversification performs the
best.

We performed a total of 576 experiments, and in each experiment; we
searched for each query in our query dataset consisting of 166529 real world user
queries. We gathered all the results and analyzed them for each algorithmic decision
or hyper-parameter. In the following sections, we will individually examine the
effects of stemming, feature reduction ratio, number of categories for classification
and the alpha value that is the weighting constant between relevance and diversity.
The experiment parameters and ranges of these parameters are given in Table 4.1.
Then we will try to determine the best possible approaches and hyper-parameters.

And finally we will examine, the relevance — diversity tradeoff for real library

dataset.

Table 4. 1: Experiment parameters and ranges
Experiment parameter Parameter Range
Number of returned results (k value) 10, 100
Stemming On, Off
Feature reduction ratio 0.1,0.3,05
Number of categories for classification (c value) 50, 100, 200, 300

0.0, 0.5, 0.55, 0.6, 0.65, 0.7,

Relevance diversity weighting constant (alpha value)
0.75, 0.8, 0.85,0.9,0.95, 1.0

In order to differentiate different algorithm choices and hyper-parameters in

our experiments we used a naming convention. We represented the test results as
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follows; T[k,s,f,c,a], where Kk is the index for k number, s is the index for stemming
approach, f is the index for feature reduction ratio, c is the index for number of
categories for classification and a is the index for the alpha value. For example,
T[10,1,0.1,100,0.75] represent the experiment with k value of 10, stemming is on,
feature reduction ratio of 10%, C value of 100 and alpha value of 0.75. With this
notation we can access the relevance and diversity scores of each experiment and
compare different experiments differing by only one index. Although we try to
maximize the combined score, it is not ideal to use it during analysis, since it is a

hyper-parameter dependent variable.

When we analyzed the experiment results, we observed some unexpected
results for the C parameters. Naturally, we expect higher C values to have higher
diversification scores. Getting 10 or 100 distinct categories is expected to be much
easier if there are 300 categories instead of 100. However, in our experiments we
observed that the diversification scores for 300 categories is much lower. When we
investigate the reason for this anomaly, we found out even though we set for 300
categories, only a fraction of categories were heavily assigned to most documents.
Depending on the experiment configuration, 51, 75, 90, 121 or 129 categories are
assigned to some documents instead of full 300. Hence, the diversity scores for these

experiments were worse.

We analyzed other category parameters. For 50, 100 and 200 parameters, we
observed that all the categories are assigned to some documents; i.e. the actual
number of categories is indeed what is stated. For 300 case, the culprit for this issue
lies within our category assignment strategy for documents. As explained in Chapter
3, Section 2 the classification algorithm we used, LDA, returns a list of probabilities
for each document to be in each category. Then for each document, we selected the
category with the highest probability. With this approach, a category may not be the

highest probable category for any document and thus stay unassigned.

As a future work, we might try to change category assignment strategy along
with diversity scoring strategy. This way, multiple categories can be assigned to each
document along with their probabilities and diversity score would represent a more
complex picture of actual diversity. In that case, 300 categories can be expected to

work fine.
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For our further analysis, we decided to leave the experiments with 300
categories out of the analysis. Since the diversity scores do not represent the actual
value, these results would not be useful for comparison. Thus leaving them out will
help to get a better picture of the effects of hyper-parameters. We also leave out the
experiments with alpha values 0.0 and 1.0, since they will not consider relevance and
diversity respectively. We included those experiments mainly for our alpha analysis
and general performance analysis. They won’t be as useful for hyper-parameter
tuning. Thus, we will use, 360 set of experiments for our further analysis. In the
following sections we will analyze each parameter of our framework. ECV stands for
“Experiment Configuration Values”, and represent every possible combination of

parameters we used in our experiments.

The experiments are performed on a laptop with Intel i7 9750h CPU and 16
GB’s of RAM. Windows 10 operating system was used. The “mutual info_ classif”
function, used in the feature reduction computations, is executed twice; one for
stemmed dataset and one for regular dataset. This function is implemented in sklearn
library in python and it is not an especially fast implementation. We spent 24-25
hours of computation time per execution of this function. Thus in total feature
reduction computations took about 2 days of computation. We had 6 different
datasets to classify, 2 sets for stemming and 3 sets for feature reduction ratios. We
decided to try 4 different number of categories for each of these datasets.
Accordingly, we needed to perform the classification 24 times. We used the python
function “LatentDirichletAllocation”, implemented in sklearn library. Each of these
classification tasks took about 45-60 minutes of computation time. Accordingly, in
total we spent close to a day for classification computations. Other parts of the
preprocessing took negligible time compared to feature reduction and classification

workloads. So in total we spent about 3 days of computation for preprocessing steps.

We perform the experiments using a code we implemented in C++ language.
We tried to implement the code as efficient as possible. We performed a total of 576
experiments. At each experiment, we searched for each query and analyzed the
results. In total, all the experiments took less than 10 hours. This means a single
experiment takes about a minute. Since we have more than 166000 queries in a

single experiment, we can answer more than 2700 queries per second on a laptop.
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This performance is more than enough for the search workload of National Library
of Turkey.

4.1. EFFECTS OF STEMMING

We performed each experiment one with using stemmed words and one with
regular words. Many machine learning algorithms, ours included, treat each word as
a unique entity if the wording is different. Accordingly, a word and its many other
words derived from this word via some suffixes are treated as if they are completely
unrelated. When we use stemming, all the derived words will be reduced to the root
word, so they can be treated as the same word. This will help to form associations
between documents that contain different derivations of the same root word.
However, since stemming removes the suffixes, it also removes potentially useful
information. Thus, it may also hurt the performance of the algorithms. Thus, the
effect of stemming can be positive or negative. We need to see from the experimental

results.

In order to analyze the effect of stemming, we computed the following values;
T|k,1,f,c,al.relevance T|k,1,f,c,al.diversity
) (15)

[
v
k.fic,a€(TCV) (T[k,O,f,c,a].relevance " T[k,0,f,c,al.diversity

In essence, for each experiment configuration, we took the relevance and
diversity scores of the configuration that use stemming and divide it to the one that

does not. This way we can see, if the use of stemming improves the results or not.

Table 4. 2: Results of stemmed compared to regular words

Score Ratio
Stemming wrt. Regular

Relevance  Diversity

Min 1.0498 0.9552
Max 1.1253 1.0144
Average 1.07582 0.9998

The results given in Table 4.2 show a very clear benefit on using stemming

approach for relevance. Even in the worst case, relevance scores improve more than
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4.98%. On average, the relevance score improvement is 7.58% while it can reach
more than 12% for the best case. For diversity scores the results are not as good. For
the worst case we observe almost 4.5% reduction in diversity scores, while on
average we observe almost identical scores. For the best cases we observe about
1.44% improvement. However, in general we observe that the diversity scores do not

seem like to improve with stemming.

In general, we observe a clear and significant benefit for relevance scores. For
diversity scores, for worst and best cases, we observe a little variation, but the
average case results are almost identical. Thus, we can say stemming is beneficial for

the overall algorithm.

4.2. EFFECTS OF FEATURE REDUCTION

In our experiments, we used three different feature reduction ratios; 0.5, 0.3,
0.1. Elimination of features can help the performance, since it increases the
importance of remaining features. So if too many unrelated features remain in the
dataset, the importance of each feature will be diluted. However, if we eliminate
features that can potentially associated some documents, we may also hurt the
performance. Thus the results of the experiments are important to determine the best

ratio of feature reduction.

Tlk,s,f,c,al.relevance Tlk,s,f,c,al.diversity ) (16)

\v4 \v4
f€(0.1,0.3) Vk,5,c,a€(TCV) (T[k,s,O.S,c,a].relevance " T[k,s,0.5,c,al.diversity

We used a similar formula to the one we used in previous section. We take
the feature reduction ratio of 0.5 as our basis and compare other ratios with respect to

it. The results are as follows;

We observe differences just over 2% at the most. On average, we observe
almost identical results. For diversity, we observe a similar variation. We see just
over 2% difference at the most, but on average the results are almost identical. Even
though we do not think the difference is significant, we can still argue that the 0.1

feature reduction ratio gave the best results.
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Table 4. 3: Results of feature reduction ratios 0.1 and 0.3 compared to the feature reduction ratio of 0.5

Feature

) 0.1wrt. 0.5 0.3 wrt.0.5
Reduction
Ratios Relevance Diversity Relevance Diversity
Min 1.0000 1.0000 0.9887 0.9951
Max 1.0223 1.0236 1.0214 1.0234
Average 1.0047 1.0037 1.0031 1.0023

Accordingly, we can conclude that the feature reduction ratio does not affect
the performance of the algorithm significantly, for the ratio’s we use. If we reduce
the number of features to even lower ratios, we certainly would see some
performance loss after some point. However, the feature reduction ratio of 0.1
performs perfectly fine. Thus it is quite preferable, since it reduces the dataset size as

well.

4.3. EFFECTS OF NUMBER OF CATEGORIES FOR CLASSIFICATION

In this work we quantify the diversification based on how many different
categories are represented within our search result. We used a LDA as a clustering
algorithm to determine the categories of documents in the document collection. We
also experimented with the number of categories, C, produced by LDA: If we set the
C value too low, then by the nature of clustering, we would have to assign relatively
unrelated documents to the same group. This will lead to an underestimation of the
diversification in our results. On the other hand, if we set the number of clusters too
high, then many closely related documents would have their own categories. Thus,
their relatedness will not be measured by our diversification metrics. Consequently,
we will overestimate the diversification in our results. In our experiments, we
selected modest C values. These values are partly limited by the performance
limitations of the underlying LDA algorithm, i.e. the LDA implementation we used
crushed for higher C values. On the other hand, we also would not have wanted to go

much higher either.
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We define the diversity based on how many different categories can be
represented with our search result. At worst, a single category will be represented by
all the documents in the result set. At best, each document will belong to a different
class. We formulate a simple scoring mechanism that gives 0.0 for the worst case and
1.0 for the best case. This approach works fine for k=10 cases with our selected C
values. However, for k=100 and the C=50 case, we can get at most 50 different
categories in the search results, not every document can belong to a different
category as postulated earlier. We modified our diversification score to give the score
of 1.0 to the maximum possible number of categories that can be represented with
our experiment configuration. In other words, for k=100 and the C=50 case,

representing 50 categories within the result set would get full score.

Determining the optimal C value is not a trivial task. The analysis we have
made in the previous sections would not be as effective since the diversification
scores are directly based on the C parameter. Intuitively, we can assume higher C
values will lead to better diversification results, by simply statistical effects.
However, the diversification scoring approach we used has a different effect for
k=100 case. For k=100, reaching the maximum possible diversity is much easier for
C=50 than for C=100 case. Accordingly, we can expect the scores would be much
better for C=50 case for k=100. We perform the analysis despite the said drawbacks.

For this analysis, we used a similar formula to the feature reduction ratio analysis.

Tlk,s,f,c,al.relevance  TIk,s,f,c,al.diversity ) (17)

v v
€€(100,200) V' k,s5.f,a€(TCV) (T[k,s,f,SO,a].releuance " T[k,s,f,50,a].diversity

Table 4. 4: Results of C=100 and C=200 experiments compared to C=50 experiments

C=100 wrt. C=50 C=200 wrt. C=50
Score Ratio
Relevance Diversity Relevance Diversity
Average All 0.9452 0.9534 0.9787 0.9840
Experiments
Average, k=10 1.0106 1.0099 1.0252 1.0252
Average, k=100 0.8798 0.8970 0.9322 0.9427

Table 4.4 displays the average relevance and diversity scores for different C

values with respect to C=50, for all experiments (k=10 or 100) case, k=0 case and
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k=100 case individually. For k=0 case, we observe a slight improvement with
increasing C value. However, for k=100 case, we observe a completely different
result. The scoring system allow 50 categories case to shine through, since obtaining
50 or close to 50 categories with 100 documents is much easier than for 100 or 200

categories.

For the reasons described above and demonstrated through the average
experiment results, the diversity scores are not quite comparable with each other. As
a matter of fact, the numerical values of experiment cases with different C values are
not comparable too. Accordingly, in order to quantify and compare results we used a
different approach. For each experiment case, we might try to analyze the
improvements over diversity scores compared to the same experiment configuration
with alpha=1.0 value. This way we can estimate the effects of the C values
normalized with respect to the case that does not take diversity into the
consideration. Accordingly, we can analyze the C parameter in a more objective

manner.

Table 4. 5: Results number of average relevance scores and average diversity score increase compared to
maximum relevance approach, for different C and k values.

Average Diversity Score
Average Relevance Score
Increase w.r.t. a=1.0 case

C=50, All Experiments 0.3426 1.6720
C=100, All Experiments 0.3252 1.7568
C=200, All Experiments 0.3368 1.6225
C=50, k=10 0.3894 1.7001
C=100, k=10 0.3938 1.6003
C=200, k=10 0.4000 1.5115
C=50, k=100 0.2959 1.6432
C=100, k=100 0.2565 1.9133
C=200, k=100 0.2736 1.7336
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Table 4.5 shows the results for the analysis described earlier. For k=10 case,
C=50 improve the best, next C=100 and the least C=200. For k=100 case, C=100
improve the best, C=200 improve next and C=50 improve the worst. On average,
C=100 improve best, C=50 improve next and C=200 improve the worst. However,
for most cases, if the improvement is high, the relevance scores are lower. That is not
true for k=100 case and for 200 categories, while it gives worse results for both
diversity improvement and the relevance. In general, we observe some variations, but
the differences in both average relevance scores and diversity improvements are

small.

The C value is a very hard parameter to optimize. When we approach the data
from different aspects we can make different analysis and get different results. Our
first analysis, that are based on actual diversity scores show a preference towards 50
categories particularly for k=100 case and a small preference for 200 categories for
k=10 case. However, 100 categories show the best improvement in diversity, as
demonstrated in our second analysis. We believe, the optimal value for this
parameter should be determined based on the user experience. We think users will
exhibit a preference towards a more general versus a more detailed diversification
strategy. However, we also believe, the importance of this parameter will not be too
much, as long as we use a reasonable C value as we used in this work. For current
work we think we should revisit tuning this value, after we narrowed our parameter
space a bit more. So we can focus our analysis on the experiment results of more

appropriate experiment configurations.

4.4. BALANCING RELEVANCE AND DIVERSITY

Selection of alpha value is quite important for getting a good balance between
relevance and diversity. In this work, we tried 12 different alpha values. 2 of them,
0.0 and 1.0 are included just for reference. Intuitively we need to have a certain
balance between relevance and diversity. So extreme alpha values are unlikely
candidates to be optimal values. After a few quick experiments, we concluded that
low alpha values, the values that favor diversity, does not work well. So we only

experimented with 0.5 and more in addition to 0.0. The correctness of this
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assumption will be revealed after the experiments. If lower end of alpha values were
more optimal, then we would see the 0.5 value would be the best value we have

experimented. Thus, with our assumption, we did not lose any potential alpha value.

Our scoring strategy normalizes both relevance and diversity scores to [0,1]
range. However, if we analyze deeper, we will see the relevance scores are much
lower on average than divergence scores. In fact, this is quite expected. In order to
have very high relevance score, the query and the document should match pretty
closely. This might happen for a few documents, but since we are returning 10 or 100
documents, the average relevancies drop significantly. On the other hand, the
divergence scores only require gathering documents from different categories. That
is actually quite easy to achieve. Even for the experiments with alpha value is 1.0,
the experiments that we selected top k relevant documents and do not care about the
diversity at all, the average relevance score is 0.3781, while divergence score is
0.5700. This divergence score is the score for natural distribution of documents to
categories. For all the experiments, the average relevance score is 0.3405 while the
average divergence score is 0.9038. These results show us that in reality, the scales
of our relevance and divergence scores are different. So the alpha values should be
selected so this imbalance can be corrected. We can make a very rough estimate and
compute the alpha value that gives equal importance to relevance and divergence as
follows; 0.3406 « = 0.9038 (1 —a) , by using the average relevance and
divergence scores. The alpha value can be computed from this equation as 0.7263.
On average, this value seems to give equal importance to relevance and divergence.
Of course we can favor one or the other, but we expect the optimal alpha value will

be close to this value.

We also used another approach to determine the optimal alpha value. We
included 0.0 and 1.0 alpha values as reference points to our experiments. Alpha
equals 1.0 means that we select the top k relevant documents and did not care about
diversity at all. Alpha 0.0 means we tried to maximize the diversity at all costs.
Accordingly, for any experiment configuration, the relevance scores will be the worst
at alpha=0.0 and will be the best at alpha=1.0. Similarly, diversity scores will be the
worst at alpha=1.0 and will be the best at alpha=0.0. These best and worst scores can
be considered the characteristic distribution of relevance and diversity for our

dataset. Since we want to fairly weigh relevance and diversity, it may be ideal to
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normalize these scores within their characteristic distribution. So our scales of two

scores will be on equal footing. The equation we used for this purpose is as follows.

Tlk,s.f,c,al.relevance—TIk,s,f,c,0.0].relevance ) (18)

A A
a€(0.5..0.95) Y k,s,f,c€(TCV) (T[k,s,f,c,l.o].relevance—T[k,s,f,c,0.0].relevance

Tlk,s.f,c,al.diversity—T|k,s,f,c,1.0].diversity
T[k,s,f,c,0.0].diversity—T|[k,s,f,c,1.0].diversity

) (19)
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According to this normalized metric, as alpha goes from 0.0 to 1.0, relevance
score will also go from 0.0 to 1.0. Diversity score, on the other hand will go from 1.0
to 0.0. Accordingly, at some point they will intersect. We can think of that

intersection point as the equal weighting alpha point.

All Experiments, Normalized Relevance vs Diversity
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Figure 4.1: Normalized relevance and diversity scores with respect to the alpha
value

Figure 4.1 shows the intersection point is between 0.85 and 0.9. If we
compute the exact value, we would find the intersection point as 0.8782. Since, we
only experimented alpha values with 0.05 intervals, the intermediate values in the
graph are produced by linear interpolations. Thus, the intersection point we have
found is actually an estimate and can differ. However, the normalized values

relevance and diversity functions with respect to alpha seem to be increasing and
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decreasing functions respectively. They also seem to follow a relatively calm
trajectory. Thus, our estimate can be off, but it will be close.

We also analyzed if the k value differs the intersection point significantly.
Figure 4.2 and Figure 4.3 shows the intersection points for k values 10 and 100
respectively. We observe no significant difference at intersection point values for
different k values. For k=10, exact intersection point can be interpolated as 0.8766
while for k=100 it can be found as 0.8799.

k=10, Normalized Relevance vs Diversity
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Figure 4.2: Normalized relevance and diversity scores with respect to the alpha alue
for k=10

With two different approaches, we estimated the optimal alpha values as
0.7263 and 0.8782. These two approaches gave significantly different results. The
main reason for this is the difference between natural scales of relevance scores and
diversity scores. The relevance scores have much narrower range than diversity
scores. Accordingly, when we use the first approach, larger range of diversity scores
overwhelm the minor improvements of relevance scores. On the other hand, if we
normalize the scores within their natural ranges, we get the opposite effect and small

improvements of relevance scores are given too much weight. In practice, the
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optimal alpha value will probably be in between these estimates. We believe, the

best way to fine tune the alpha value should rely on user experiences.

k=100, Normalized Relevance vs Diversity
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Figure 4.3: Normalized relevance and diversity scores with respect to the alpha
value for k=100

In these analyses, estimated the alpha values using the whole experiment sets
we used. In order to refine the optimal alpha value, we need to revisit this estimation,
after we refine our parameters and do the analysis on a more optimal parameter set.
At this point we can safely state that the optimal alpha parameter will be in range of
[0.7,0.9].

4.5. OPTIMAL PARAMETERS AND DIVERSITY ANALYSIS

The four parameters of the search algorithm, stemming, feature reduction
ratio, C value and the alpha value are the hyper parameters we want to optimize. Up
to this point, we analyzed each parameter using the whole experiment configurations.
In this section, we want to fine tune each parameter further. In order to find the
optimal value of a hyper-parameter, optimizing that parameter over the whole

experiment space is not a perfect approach. Instead, we want to focus on a more
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optimal subset. With the knowledge, we gained from the first four sections; we want
to limit the experiment space so our analysis can find more optimal hyper-

parameters.

In Section 1, we found out that stemming works best for more cases.
Although for a few experiment configurations, the diversity scores drop somewhat,
for most configurations stemming proved to be the better option. In Section 2, we
found out that the feature reduction ratio does not affect the performance
significantly. Similar to stemming, for a few experiment configurations, a little
variation in relevance and diversity scores are observed, but for most cases, we
observed almost no effect. So we concluded that the feature reduction ratio of 10% is
the best, since it provides best feature reduction without compromising the

performance.

In Section 3, we analyzed the C parameter. Unlike previous two parameters,
we could not find a clear cut best value for this parameter. In Section 4, we analyzed
the alpha parameter. We narrowed the optimal alpha value to a smaller range. But
we could not find pinpoint the optimal alpha value.

In the first 4 sections, we analyzed the hyper-parameters using all 432
experiment configurations. Since we fixed the first two hyper-parameters to using the
stemming and using 10% feature reduction ratio we can eliminate 5/6 of this set. We
also narrowed the alpha values to a smaller range, including only 5 values instead of
12. Thus, we reduced the 432 experiment configurations to only 30. We will try to
find the optimal C parameter using this smaller experiment sets first. Then we will

try to optimize the alpha value further.

Table 4.6 presents the results; we repeated with narrowed experiment sets for
the number of category parameters. With the narrowed experiment set, we did not
observe any certain value shine through. Rather, the differences we observed in our
general experiment diminish a little. Accordingly, we believe the C value is not a
very important parameter for our purpose. On the other hand, we wanted to analyze

the results further by distinguishing the results by k values.
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Table 4. 6: Results of C=100 and C=200 experiments compared to the C=50 experiments

Ratio C=100 wrt. C=50 C=200 wrt. C=50
Average Scores Relevance Diversity Relevance Diversity
General Experiment Set 0.9452 0.9534 0.9787 0.9840
Narrowed Experiment Set 0.9755 0.9370 0.9905 0.9787
General Experiment Set, k=10 1.0106 1.0099 1.0252 1.0252
Narrowed Experiment Set, k=10 1.0099 1.0126 1.0194 1.0311
General Experiment Set, k=100 0.8798 0.8970 0.9322 0.9427

Narrowed Experiment Set,

k=100 0.9412 0.8615 0.9616 0.9262

For k=10, the narrowed experiment set gave quite similar results to general
experiment set. The C value of 100 performs slightly better than 50. C=200 perform
slightly better than C=100. However, the differences are small enough to be
explainable by statistical advantages of higher C values. For k=100 case, the
narrowed experiment result seems to be better than general experiment results for

100 and 200 categories. However, C=50 still outperform them significantly.

Table 4. 7: Results for number of average relevance scores and average diversity score increase compared to the
maximum relevance configuration, for different C and k values with narrowed experiment set.

Average Diversity Score Increase

Narrqwed Average Relevance Score Wt o=10 case
Experiment
Set Al k=10 k=100 Al k=10 k=100
Experiments Experiments
C=50 0.3607 0.4104 0.3111 1.6301 1.6349 1.6253
C=100 0.3537 0.4143  0.2930 1.6582 1.5307 1.7857
C=200 0.3587 0.4181 0.2993 1.5672 1.4643 1.6701

Table 4.7 displays the results for our diversity score increase with respect to
alpha=1.0 case approach. The results are similar to our earlier analysis with

generalized dataset. However, the values are milder compared to the general dataset.
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For k=10, 50 categories fared the best, 100 categories the next and the 200 categories
fared the worst. For k=100, 100 categories improved the best, followed by 200

categories and 50 categories fared the worst.

With the result we get, selecting a good C value is hard. The results we get
are conflicting for different analysis we made. No values performed well for all the
cases. However, the differences between the scores of the number of category values
are small. So we think this parameter is not that important. However, any of this
values or any other value might work similar or even better in practice. We selected
C value of 50. We simply selected this value because we need to use a determined
value. No value outperformed all others and we believe 50 would work as well as
any others. We also selected this value because it is smallest, thus it will bring the

smallest overhead.

For further tuning the alpha values, we repeat the analysis we made in
Section 4 for only experiments with stemming on, feature reduction ratio of 10% and
the number of clusters of 50. For the first approach to determining alpha, i.e.
weighting from the average relevance and diversity scores, we only considered the
alpha values we used in the refined experiments; 0.7 through 0.9. We observed that
average relevance score for these experiments is 0.3577 while average diversity
score is 0.9197. Thus the alpha estimate with first approach can be computed as
follows;

0.3577 « = 0.9197(1 — a) (20)

With this approach we find the alpha as 0.7200. When we repeat our second
approach of alpha estimation with our narrowed experiment set, we get Figure 4.4 if
we compute the alpha value by linear interpolation, we can estimate the alpha as;
0.9020.
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Figure 4.4: Normalized relevance and diversity scores with respect to the alpha
value for narrowed experiment set

The estimated values with narrowed experiment set are pretty close to our
initial estimations. Since one of our estimation inherently underestimates relevance
while one inherently overestimates it, we decided to use the average of these values
instead. Thus we determined the alpha as 0.5*(0.7200+0.9020) = 0.8110. The closest
alpha value in our experiment set to the estimated alpha value is 0.8. Accordingly,

we will use this value on further analysis.

After tuning the variables, we determined the best hyper-parameter values for
our diversified based search algorithm is using stemming, feature reduction ratio of
10%, C value of 50 and the alpha value of 0.8.

4.6. EFFECTS OF RETURNED NUMBER OF RESULTS

The k parameter, the returned number of results, is a little different than other
parameters. The other parameters we analyzed are the parameters for algorithmic

approaches or some hyper-parameters. However, k is the search argument, like the
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query itself. In this section, we want to analyze how the search algorithm and our
diversification approach behave for small and large k values. In our opinion, the
values 10 and 100 are good values for representation of small and large user query

sizes.

In general, for the same experiment configuration, both the relevance and
diversity scores are a little lower. For relevance it is obvious. The average score of
the top 10 results will be larger than or equal to the top 100 results. Diversity results
also suffer for top 100 documents. Gathering up to 100 documents from different
categories to get a high diversity score is expected to be a lot harder than gathering
10documents from different categories. These being said, the scores obtained with
different k values are inherently incomparable. We need to analyze if the hyper-
parameters we selected behave differently for different k values. We discussed these
effects in previous sections. Thus in this section, we will simply summarize our

findings.

At each experiment we done, we observed some variation. These variations
are like the noise in the data and it is to be expected. Other than these variations, we
only observed a discernible difference for different k values for C hyper-parameter.
All other parameters behave the similarly. Of course, for some parameters, the
magnitude of preference over a certain value differs for different k values. For
example, stemming improves the relevance scores over non-stemming about 5.32%
for k=10, while it improves 8.69% for k=100. This difference is actually a significant
finding. However, since stemming is clearly beneficial for both k values, we did not
have any reason to analyze further. For feature reduction ratio and alpha values, the
experiment results were similar for different k values. However, the C value results

are inherently more complicated.

For k=10 case, the number of selected documents are much smaller than the
number of categories. Accordingly, in order to reach highest diversity scores, search
algorithm does not need to include documents from categories quite unrelated to the
query. Since selecting 10 documents of different categories from 200 categories is
easier than selecting them from 50 documents, for k=10 case, we observe a small
improvement as the C value increase. However, for k=100 case, particularly for 100

categories, search algorithm needs to select one document from each category to get

59



highest diversity score. Thus search algorithm need to select a very high number of
unrelated documents just because they are of an unselected category to improve its
diversity scores. Basically, the number of categories becomes a limiting factor for
diversification. In our experiments, for k=100, higher diversity scores are expected to
be reached as the C value increase. However, since with 50 categories, we could not
select 100 documents of different categories, we relaxed the diversity conditions for
this case. Thus, the search algorithm was able to reach higher diversity scores much
easier for 50 categories than 100 categories. 100 categories performed the worst. 200
categories improved over 100 categories but still to reach higher diversity scores
search algorithm has to select a very high ratio of documents from unrelated
categories, even for 200 categories. So, 50 categories seem to work well, but only

because of its relaxed diversity scoring approach.

4.7. EVALUATION OF DIVERSIFIED SEARCH ALGORITHM

Diversification and relevance are somewhat opposing goals. If we want to
improve diversity, the relevance has to decrease somewhat. The success of the
diversified search algorithm lies in its ability to gain much diversity by sacrificing
little relevance. This way, users can still get acceptably relevant documents from a

much diverse set of categories.

In section 4.6, we determined the optimal hyper-parameters for our algorithm.
Use of stemming and the feature reduction ratio are the decisions that affect the
search algorithm, regardless of it being diversified or not. Accordingly, those
parameters are more related to library data. Thus they affect the results the same way
for both diversified and non-diversified searches. Alpha parameter is the weighing
parameter between diversity and relevance. Thus, for non-diverse search algorithm,
the alpha value has to be 1.0. And the C parameter is used only for evaluation of

diversity scores. Thus it does not affect non-diverse search results.

In this section, we compared the results for four groups of experiments. First
one is, our tuned parameters; stemming is on, feature reduction ratio of 0.1, 50
categories and alpha of 0.8. The second group of experiments will be the non-

diversif The first two columns of Table 4.10 shows, diversified search configuration
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with tuned variables (G1), versus the same configuration except the search reaching

for maximum relevance (G2).

ied configuration of the tuned experiments. The parameters of the second
group are; stemming is on, feature reduction ratio of 0.1, 50 categories and alpha of
1.0. Third group of experiments are with the same configuration with the first two
groups but with alpha=0.0. Thus, these experiments try to blindly maximize the
diversity. And lastly, we want to compare the generic case which is not tuned for
library dataset. The stemming is not usually used by default, thus for this group of
experiments stemming is off. Feature reduction is not used by default. Ideally we
should select feature reduction ratio of 1.0. However, that is not in our experiment
set, so we selected the closest value of 0.5. That seems like a quite significant
difference. However, the analysis of the library dataset shows us, with the feature
reduction by half, we only eliminate the features that appear only in a single
document. Thus, they do not actually matter a lot. And they do not affect the
similarity scores significantly. So, our selection can give a representative result.
Since the C parameter is used for diversity computations, we need to use the same C
value with our other groups of experiments. Otherwise the results would not be
comparable. Lastly, we used alpha=1.0, since generic algorithm would not care for
diversification. Each group would contain a experiment for 2 k values we used. Thus,
our overall comparison would consist of 8 experiments. Table 4.8 summarizes the

experiment configurations.

Table 4. 8: Selected experiment configurations

) Feature
Experiment . . ) . L
Set Stemming Reduction C Alpha Configuration Description
e
Ratio
Tuned Variables,
Gl On 10 50 0.85 o
Diversified
Tuned Variables,
G2 On 10 50 1.0
Non-Diversified
Tuned Variables,
G3 On 10 50 0.0 o
Max Diversity
G4 Off 50 50 1.0 Default Variables

61



Table 4. 9: Comparison of selected experiment configurations

k Experiment Set Relevance Score Diversity Score
Gl 0.4090 0.9389
G2 0.4462 0.5616
10 G3 0.3887 1.0000
G4 0.4241 0.5556
Gl 0.3079 0.9967
G2 0.3339 0.6011
100
G3 0.3069 1.0000
G4 0.3082 0.6046

Table 4.9 shows the results for the experiment configurations we are
comparing. G1 results, which are our tuned parameters with diversification, are as
expected gave a little worse relevance score than G2 configuration. G2 configuration
ultimately tries to maximize the relevance. The diversity of G1 on the other hand is
much better than G2. The G3 experiments, which blindly tries to maximize diversity
performs slightly better than G1 in diversity scores, but is much worse in terms of
relevance. G4 experiments, which are the default parameters performed slightly
better than G1 for relevance, since it also tries to maximize for relevance. But it
performs much worse in diversity. In addition, we observe that G2 experiments
perform better than G4, default parameter experiments, for relevance. And they
perform almost identical for diversity scores. This shows that our stemming and
feature reduction ratio parameters are well suited for library dataset.

Table 4. 10: Relative comparison of relevance and diversity scores between diversified searches with tuned
variables versus other configurations

Glvs G2 G1lvs G3 Glvs G4

Relevance Diversity Relevance  Diversity Relevance Diversity

k=10 0.9167 1.6718 1.0521 0.9389 0.9645 1.6900
k=100 0.9219 1.6580 1.0032 0.9967 0.9990 1.6485
Average 0.9194 1.6649 1.0277 0.9678 0.9817 1.6692

As expected, our approach performed a little worse, about 8%, in terms of
relevance. However, in terms of diversity, this 8% drop allows the algorithm to

increase its diversity score for about 66%. We think this is a good tradeoff. The
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comparison for default parameters (G4), is given in last two columns. The default
parameters experiments, also aim to maximize relevance similar to G2. We observe a
comparison between G1 and G4 to the comparison between G1 and G2. But the
tradeoff is even better for G1. For k=10, we get about 3.5% drop in relevance while
for k=100, the relevancies are almost identical. On the other hand, for k=10, we get
69% increase in diversity score, while for k=100 the increase is 65%. These values

show the improvements of our tuned configuration over the default case.

For k=10, the maximum diversity configuration (G3) performs worse than
our diversified search configuration with tuned parameters (G1) in terms of relevance
but performs better in terms of diversity. The ratios in Table 4.10 may look like G3
more than makes up for its relevance loss in its diversity increase. But when we
compare these results deeper, we can see from Table 4.9, although the diversity score
for G3 is full, the diversity score for G1 is very close to the top. This means the
results for G1 are sufficiently diverse already and the increase in diversity by G3 is
not as important as the score implies. Thus, we believe the relevance advantage of

G1 over G3 is more important. For k=100, G1 and G3 performed quite close.

In summary, we can say that the use of stemming and the feature reduction
ratio of 0.1 definitely work well for the library dataset. We can see the obvious
advantage, when we compare G2, tuned parameter non-diversified configuration
with the G4, the default configuration. On top of that, we can see the effects of
diversified tuned parameter configuration when we compare G1 and G2. G1 loses
some relevance score, but more than makes up for it in diversity scores. Accordingly,
we believe, the tuned parameters we found and the diversified search algorithm
works well for the library dataset and we believe it can work fine in the real world.
We might need to tune the C and the alpha value depending on the user experiences,

but in general our approach would work well.

4.8. ANNOTATED EXPERIMENTS

We have performed many experiments comparing our approach to currently
implemented search algorithm. For comparison, we used the relevance and diversity

scores we defined. Our relevance score is based on cosine similarities of queries and
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documents. Diversity score depends on how many different categories represented in
the result set. However the category assignments are done using the methods
discussed in the classification sections. We tried to define our metrics so they will
reflect the real user experience as best as possible. However, we cannot objectively

state that this is the case.

In order to improve our work in this respect, we performed an annotated
experiment with smaller scale. We decided to sample 100 queries from the queries
dataset. Then run these queries with using our search algorithm and actual library
search system (OPAC). We get top 10 results and manually compared our results to
OPAC’s results. The scale of this experiment is relatively small and it may not be
generalized. However, the results of this experiment can be used as an indicator of

real world performance of our algorithm.

We selected the 100 queries we used in this analysis in a in a random fashion
while disregarding queries that contain typos. Note that eliminated queries containing
typos do not introduce a bias towards any framework, as both our approach hand
OPAC do not provide facilities to handle typos.

After we selected 100 queries for annotated experiments, we run these queries
on both our search system and on OPAC search system. We manually analyzed both
search results for each query. For relevance, we considered a search result either
relevant or irrelevant. We used this binary approach for its simplicity. For a result
set, we count the number of relevant documents in the result set and give the
relevance score according to the ratio of relevant documents over the whole result
set. For diversity score, we manually categorize the documents. Then we count the
number of different categories represented in the result set. We computed the

diversity score with the same formulation discussed in Section 3.3.2.

Table 4.11 and Table 4.12 show two example query results for both our
optimal configuration and for OPAC system. For the query “turizm”, our approach
works quite well. We managed to improve diversity quite significantly without
losing relevance. OPAC system performed very poorly in terms of diversity. Its
results do not only belong to the same category, but they are essentially different

issues of the same periodical publication.
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Table 4. 11: Annotated comparison of G1 and OPAC search results for the query “turizm”

G1 Results Rel Cat OPAC Results Rel Cat
turizm istatistikleri v. A Vanturizm envanteri v A
turizm v B 1981 (Ocak ay1) Turizm Hareketleri v* B
ozbekistan turizmrehberi  v* C 1980 Turizm hareketleri v B
turizm mevzuati v' D Orduili kiiltdr ve turizm envanteri v A
kirsal turizm v E 1980 (6 aylik) turizm hareketleri v B
termal turizmi v F 1981 (5 aylik) turizm hareketleri v B
kig turizmi v" G  Aksaray turizm envanteri v A
turizm rehberi v" G Turizm hakkinda raporlar v B
turizm ii v 1980 (4 aylik) Turizm Hareketleri v B
turizm egitimi vl 1980 (5 aylik) Turizm Hareketleri v B
Relevance Score 1.0000 Relevance Score 1.0000
Diversity Score 0.8889 Diversity Score 0.2222
G1 Results Rel Cat
goreme x A
gbreme x A
gorme engelliler hakkinda gorenler icin rehber v B
gorme engelliler hakkinda gorenler igin rehber v B
beceri gelisimine yonelik oyunlarin gorme engellilere uyarlamasi serimer v C
zuhal

gorme engelli kadinlar kurultay1 28 29 haziran 2007 v

gorme engellilere yonelik saglik rehberi v

gorme engelli liniversite 6grencilerinin bilgiye erisim sorunlar1 aydin emet v’ E
aynur

ekpss gorme engelli adaylar icin v F
isitme engelli 6grencilerde binokiiler gérme keles sadullah v G
Relevance Score 0.8000
Diversity Score 0.6667

For the query “g0rme engelliler”, our approach improves the diversity

significantly. We managed to give results from seven different categories, while

OPAC system gave results from only three categories. In addition, five of ten results

of the OPAC system are the multiple instances of the same publication. For
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relevance, our approach failed to match OPAC system. Two of the results are not

relevant to the query. Accordingly, our relevance is worse for this query but diversity

improvement is much higher.

Table 4. 12: Annotated comparison of G1 and OPAC search results for the query “gorme engelliler”

OPAC Results

Rel Cat

Formation des aveugles des campagnes dans les régions économiquement
peu développées

Gorme engelliler ilkdgretim okullart matematik dersi dgretim programi
Gorme engelliler hakkinda gorenler i¢in rehber

Gorme engelliler hakkinda gorenler i¢in rehber

Gorme engelliler hakkinda gorenler i¢in rehber

Okul 6ncesi donemdeki az géren cocugun izleme becerilerinin gelisiminde
islevsel gorme aktivite programmin (IGAP izleme) etkisi: bir 6rnek olay

calismasi / Aslan, Cem

v A

NS NE NEE NN
O ©® ©® W™ >»

The art and science of audio book production v B
Gorme engelliler ilkdgretim okullart matematik dersi 6gretim programi v B
Gorme engelliler hakkinda gorenler i¢in rehber v B
Gorme engelliler hakkinda gorenler i¢in rehber v B
Relevance Score 1.0000
Diversity Score 0.2222

The reason for irrelevant results is the stemming approach we used in our

search approach. The stem of the word “g0rme” is “g0Or”. Although the irrelevant

results; “gOreme” refers to a place, it has a second meaning whose stem is also “g0r”.

This example shows the stemming approach leading to such irrelevant results.

Although in our analysis, the stemming approach turned out to be quite beneficial, in

reality it might lead to irrelevant results like this. Thus in practice stemming might

not be as beneficial as the analysis show.

Table 4. 13: Annotated comparison of G1 and OPAC search results for average relevance and diversity

Gl Results  OPAC Results G1 over OPAC Improvement

Average Relevance 0.8604 0.9188 -6.3561%
Average Diversity 0.6799 0.4554 49.2973%

66



With the annotated experiments, our framework improves the diversity
49.2973% on average. On the other hand, relevance losses are 6.3561% on average.
These results are not as good as the results we obtained with our previous

experiments. However, they are still significant.

Since annotated experiments require manual analysis of search results, we
were only able to work on a small subset of queries. These results might not fully
represent the overall user experience, but they still work as a good indicator. Also
note that as, the results are not as good as our automated experiments while they
indicate that the presented diversification technique may have merit.
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CHAPTER 5

CONCLUSION AND FUTURE WORK

Diversification of the search results is an important concept that improves the
user experience significantly. When searching a certain query, users expect to get as
relevant results as possible. However, they also expect the search results to cover
every aspect of the query as well. These two goals do not always coincide.
Diversification based search algorithm help to balance the relevance and the diversity

of the search results to give the user best experience possible.

The relevance and diversity are quite context specific concepts. Different
applications require different approaches to quantify and balance relevance and
diversity. In this work, we used a real-world dataset obtained from the National
Library of Turkey. This dataset contain all the items presented in the library
catalogue and all the real user queries. We tried to apply and optimize the diversified
search approach to this dataset. Since we work on a real-world dataset, our results are

a good representation of the real user experiences.

In this work, we implemented and modified a diversified search algorithm
similar to MMR based search algorithms. Our search algorithm is inspired from the
swap approaches and local search approaches frequently used in web search systems.
We tuned the hyper-parameters and algorithmic approaches so that they fit the
dataset best. In the end we improved the diversity scores while losing relatively little

relevance.

We started with formatting the dataset. This step is important in order to be
able to compare related documents in a normalized way. Then we analyzed if we
should use stemming approach. Stemming approach require to use the stem of the
word instead of the word itself. This allows to better relate the documents containing
words with the same stem. However, we also lose information coming from suffixes.
After experimenting, we found out that stemming works well for the library dataset

and improve the relevance while not affecting diversity.
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Then we analyzed the feature selection strategy we should use. We used the
info-gain algorithm to determine the relative information contents of each feature.
Then we experimented three feature reduction ratios. We found out that we could
reduce the number of features in the dataset to 1/100f initial size without affecting
the relevance and diversity scores. Thus, we decided to use 0.1 feature reduction

ratio.

In order to quantify the diversity, we needed to categorize the documents. In
order to do that, we used LDA algorithm to classify the documents according to their
similarities. We used several number of categories to experiment. However, we did
not find any number of categories better than others. In some situations, one
performed better while in some situations other performed better. In general, all the
number of categories we experimented performed reasonably well and we selected to
use the one with the least overhead. We believe, the optimal number of categories
depends on the user preferences and we cannot find it via analysis of the dataset.
This depend on what does the user considers as diverse. Due to the nature of
categorization, each topic belongs to a subcategory branching of the categorization
tree. Accordingly, each topic can be considered as a part of many categories; some a
quite specific and some are more general, on the category tree. If the user prefer
diversification within a more specific area, than having higher number of categories
would fit the user better. On the other hand, if the user wants the diversification as
general as possible, then the lower number of categories fit better. In order to find the
optimal value for the number of categories, we need to obtain and analyze the user
feedback.

Balancing between relevance and diversity require a weighting approach that
combines the relevance and diversity scores. We designed and computed the
relevance and diversity scores, so that the values would be normalized. Thus, we
were able to use a linear weighting approach to combine relevance and diversity
scores. The optimal weighting between relevance and diversity depends on the user
preference. However, in this work, we tried to find an optimal value that gives about

equal importance to both of these scores.

After tuning all the variables, we were able to improve the diversity while

losing a little relevance. The detailed analysis is given in Chapter 4.7. Compared to
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default search algorithm, on average our tuned parameter diversified search
algorithm were able to improve diversity score by 66.7% while losing the relevance
by only 1.9%. This is a quite significant improvement and we believe this can
improve user experience significantly. We believe if we are able to apply our work at
the library search system, we would be able to give a much better user experience
through providing much diverse but still quite relevant search results.

5.1. FUTURE WORK

We showed that much diverse results can be achieved with our algorithm
without losing too much relevance. However, there is still a lot of room for
improvement. Our current work serves as a proof of concept. It can still work well as
is in the real world. But we can improve it further. The main area of improvement is

about the quantification of diversification.

In this work, we assign a certain category to each document. Then we tried to
maximize the total number of categories represented within a search result set.
However, this approach does not represent the real-world categorization quite
accurately. A document does not belong to a single category. Instead it can belong to
multiple categories. Each of these categories can have multiple weights. We can
incorporate this characteristic into our diversity quantification approach. Instead
assuming each document represent a certain category, we can consider each
document representing multiple categories, with certain weights. This way we can
represent the real world categorization better. Implementation of this approach is also
compatible with our categorization technique. The LDA method we use, does not
simply assign a category to a document. But rather, it gives a list of probabilities that
this document belonging to each category. We can use this information to build the

list of categories that this document belongs to.

Another improvement we can make about diversification is about tuning the
number of categories parameter. As mentioned earlier, a document does not only
belong to a certain category. But it belongs to a branch of categories form the
categorization tree. Thus, when we classify the documents into a lower number of

categories, we assign them into more generalized parts of these branches. When we
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classify the documents into high number of categories, we assign them into more
specified categories. Instead of tuning the number of categories parameter, we can

augment them into a single multi category feature.

If we classify the documents into a certain number of categories using LDA
algorithm, we get the weighted categorization of each document into these
categories. If we repeat this classification algorithm using several number of
categories, we can get category assignments of the same document with different
category specificities. If we combined these assignments together, we can get
category assignments that cover general, specific and in-between categories. If we
use this category feature while computing the diversity scores, we can represent the
actual diversification much better than our current approach. We plan to implement

this approach as a future work.
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APPENDICES

Appendix 1 — Experiment Results

Feature . .
k | stemmin Reduction Category Aloha Relevance Diversity
g p
. Count Score Score
Ratio
10 0 10 50 0 0.365509 1.000000
10 0 10 50 0.5 0.365509 1.000000
10 0 10 50 0.55 0.365518 0.999989
10 0 10 50 0.6 0.365549 0.999945
10 0 10 50 0.65 0.366300 0.998680
10 0 10 50 0.7 0.370134 0.990529
10 0 10 50 0.75 0.377680 0.970317
10 0 10 50 0.8 0.388583 0.931718
10 0 10 50 0.85 0.399144 0.880610
10 0 10 50 0.9 0.410421 0.799109
10 0 10 50 0.95 0.419870 0.679483
10 0 10 50 1 0.424065 0.567649
10 0 10 100 0 0.372255 1.000000
10 0 10 100 0.5 0.372255 1.000000
10 0 10 100 0.55 0.372266 0.999989
10 0 10 100 0.6 0.372290 0.999955
10 0 10 100 0.65 0.372848 0.999009
10 0 10 100 0.7 0.375991 0.992312
10 0 10 100 0.75 0.382463 0.975017
10 0 10 100 0.8 0.391852 0.941777
10 0 10 100 0.85 0.401300 0.896000
10 0 10 100 0.9 0.411579 0.821537
10 0 10 100 0.95 0.420274 0.711041
10 0 10 100 1 0.424065 0.608471
10 0 10 200 0 0.379768 1.000000
10 0 10 200 0.5 0.379768 1.000000
10 0 10 200 0.55 0.379768 1.000000
10 0 10 200 0.6 0.379783 0.999978
10 0 10 200 0.65 0.380135 0.999375
10 0 10 200 0.7 0.382278 0.994810
10 0 10 200 0.75 0.387005 0.982171
10 0 10 200 0.8 0.394458 0.955744
10 0 10 200 0.85 0.402688 0.915758
10 0 10 200 0.9 0.411993 0.848058
10 0 10 200 0.95 0.420333 0.741468
10 0 10 200 1 0.424065 0.640741
10 0 10 300 0 0.358972 1.000000
10 0 10 300 0.5 0.358972 1.000000
10 0 10 300 0.55 0.358983 0.999987
10 0 10 300 0.6 0.359001 0.999963
10 0 10 300 0.65 0.359616 0.998924
10 0 10 300 0.7 0.363048 0.991603
10 0 10 300 0.75 0.369387 0.974648
10 0 10 300 0.8 0.379675 0.938056
10 0 10 300 0.85 0.390342 0.886399
10 0 10 300 0.9 0.404377 0.784970
10 0 10 300 0.95 0.417839 0.615623
10 0 10 300 1 0.424065 0.454199
10 0 30 50 0 0.366699 1.000000
10 0 30 50 0.5 0.366699 1.000000
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10 0 30 50 0.55 0.366710 0.999987
10 0 30 50 0.6 0.366737 0.999949
10 0 30 50 0.65 0.367507 0.998646
10 0 30 50 0.7 0.371209 0.990780
10 0 30 50 0.75 0.378635 0.970939
10 0 30 50 0.8 0.389129 0.933805
10 0 30 50 0.85 0.399328 0.884447
10 0 30 50 0.9 0.410557 0.803401
10 0 30 50 0.95 0.419908 0.684841
10 0 30 50 1 0.424065 0.573739
10 0 30 100 0 0.370851 1.000000
10 0 30 100 0.5 0.370851 1.000000
10 0 30 100 0.55 0.370862 0.999989
10 0 30 100 0.6 0.370882 0.999960
10 0 30 100 0.65 0.371501 0.998914
10 0 30 100 0.7 0.374863 0.991751
10 0 30 100 0.75 0.381602 0.973725
10 0 30 100 0.8 0.391379 0.939096
10 0 30 100 0.85 0.400960 0.892725
10 0 30 100 0.9 0.411481 0.816470
10 0 30 100 0.95 0.420123 0.706582
10 0 30 100 1 0.424065 0.600827
10 0 30 200 0 0.379608 1.000000
10 0 30 200 0.5 0.379608 1.000000
10 0 30 200 0.55 0.379609 0.999999
10 0 30 200 0.6 0.379623 0.999979
10 0 30 200 0.65 0.379974 0.999383
10 0 30 200 0.7 0.382161 0.994730
10 0 30 200 0.75 0.386832 0.982230
10 0 30 200 0.8 0.394416 0.955409
10 0 30 200 0.85 0.402643 0.915379
10 0 30 200 0.9 0.412041 0.847018
10 0 30 200 0.95 0.420292 0.741747
10 0 30 200 1 0.424065 0.640017
10 0 30 300 0 0.360916 1.000000
10 0 30 300 0.5 0.360916 1.000000
10 0 30 300 0.55 0.360927 0.999988
10 0 30 300 0.6 0.360941 0.999969
10 0 30 300 0.65 0.361498 0.999022
10 0 30 300 0.7 0.364755 0.992071
10 0 30 300 0.75 0.370822 0.975849
10 0 30 300 0.8 0.380915 0.939992
10 0 30 300 0.85 0.391183 0.890251
10 0 30 300 0.9 0.404711 0.792403
10 0 30 300 0.95 0.417925 0.625938
10 0 30 300 1 0.424065 0.466588
10 0 50 50 0 0.363832 1.000000
10 0 50 50 0.5 0.363832 1.000000
10 0 50 50 0.55 0.363837 0.999995
10 0 50 50 0.6 0.363867 0.999952
10 0 50 50 0.65 0.364648 0.998631
10 0 50 50 0.7 0.368615 0.990202
10 0 50 50 0.75 0.376249 0.969789
10 0 50 50 0.8 0.387515 0.929943
10 0 50 50 0.85 0.398347 0.877572
10 0 50 50 0.9 0.409941 0.793976
10 0 50 50 0.95 0.419808 0.669176
10 0 50 50 1 0.424065 0.555582
10 0 50 100 0 0.368939 1.000000
10 0 50 100 0.5 0.368939 1.000000
10 0 50 100 0.55 0.368950 0.999988
10 0 50 100 0.6 0.368979 0.999947
10 0 50 100 0.65 0.369679 0.998762
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10 0 50 100 0.7 0.373168 0.991338
10 0 50 100 0.75 0.379977 0.973128
10 0 50 100 0.8 0.390190 0.937019
10 0 50 100 0.85 0.400259 0.888148
10 0 50 100 0.9 0.411096 0.809758
10 0 50 100 0.95 0.420072 0.695907
10 0 50 100 1 0.424065 0.588315
10 0 50 200 0 0.379057 1.000000
10 0 50 200 0.5 0.379057 1.000000
10 0 50 200 0.55 0.379059 0.999997
10 0 50 200 0.6 0.379071 0.999980
10 0 50 200 0.65 0.379473 0.999295
10 0 50 200 0.7 0.381658 0.994633
10 0 50 200 0.75 0.386520 0.981660
10 0 50 200 0.8 0.393934 0.955387
10 0 50 200 0.85 0.402208 0.915126
10 0 50 200 0.9 0.411837 0.845175
10 0 50 200 0.95 0.420242 0.737869
10 0 50 200 1 0.424065 0.634565
10 0 50 300 0 0.362909 1.000000
10 0 50 300 0.5 0.362909 1.000000
10 0 50 300 0.55 0.362918 0.999990
10 0 50 300 0.6 0.362932 0.999971
10 0 50 300 0.65 0.363443 0.999102
10 0 50 300 0.7 0.366263 0.993079
10 0 50 300 0.75 0.371896 0.978003
10 0 50 300 0.8 0.381230 0.944825
10 0 50 300 0.85 0.391360 0.895724
10 0 50 300 0.9 0.404623 0.799632
10 0 50 300 0.95 0.417606 0.635764
10 0 50 300 1 0.424065 0.470098
10 1 10 50 0 0.388729 1.000000
10 1 10 50 0.5 0.388729 1.000000
10 1 10 50 0.55 0.388742 0.999986
10 1 10 50 0.6 0.388761 0.999958
10 1 10 50 0.65 0.389210 0.999205
10 1 10 50 0.7 0.392214 0.992799
10 1 10 50 0.75 0.398719 0.975413
10 1 10 50 0.8 0.409001 0.938922
10 1 10 50 0.85 0.419836 0.886309
10 1 10 50 0.9 0.432036 0.797481
10 1 10 50 0.95 0.442105 0.669318
10 1 10 50 1 0.446189 0.561607
10 1 10 100 0 0.395718 1.000000
10 1 10 100 0.5 0.395718 1.000000
10 1 10 100 0.55 0.395729 0.999989
10 1 10 100 0.6 0.395743 0.999968
10 1 10 100 0.65 0.396123 0.999327
10 1 10 100 0.7 0.398562 0.994117
10 1 10 100 0.75 0.404177 0.979107
10 1 10 100 0.8 0.413080 0.947522
10 1 10 100 0.85 0.422557 0.901445
10 1 10 100 0.9 0.433343 0.822600
10 1 10 100 0.95 0.442539 0.704920
10 1 10 100 1 0.446189 0.606865
10 1 10 200 0 0.404328 1.000000
10 1 10 200 0.5 0.404328 1.000000
10 1 10 200 0.55 0.404331 0.999997
10 1 10 200 0.6 0.404337 0.999988
10 1 10 200 0.65 0.404523 0.999674
10 1 10 200 0.7 0.406107 0.996294
10 1 10 200 0.75 0.409976 0.985943
10 1 10 200 0.8 0.416611 0.962374
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10 1 10 200 0.85 0.424241 0.925109
10 1 10 200 0.9 0.433772 0.855158
10 1 10 200 0.95 0.442632 0.741158
10 1 10 200 1 0.446189 0.645331
10 1 10 300 0 0.373136 1.000000
10 1 10 300 0.5 0.373136 1.000000
10 1 10 300 0.55 0.373148 0.999987
10 1 10 300 0.6 0.373155 0.999976
10 1 10 300 0.65 0.373593 0.999236
10 1 10 300 0.7 0.376516 0.992979
10 1 10 300 0.75 0.382734 0.976325
10 1 10 300 0.8 0.394068 0.936132
10 1 10 300 0.85 0.406712 0.874787
10 1 10 300 0.9 0.424195 0.747905
10 1 10 300 0.95 0.440093 0.550682
10 1 10 300 1 0.446189 0.394515
10 1 30 50 0 0.387433 1.000000
10 1 30 50 0.5 0.387433 1.000000
10 1 30 50 0.55 0.387445 0.999986
10 1 30 50 0.6 0.387463 0.999962
10 1 30 50 0.65 0.38799%4 0.999073
10 1 30 50 0.7 0.391147 0.992361
10 1 30 50 0.75 0.397967 0.974116
10 1 30 50 0.8 0.408500 0.936802
10 1 30 50 0.85 0.419381 0.884017
10 1 30 50 0.9 0.431851 0.793222
10 1 30 50 0.95 0.442106 0.662529
10 1 30 50 1 0.446189 0.554392
10 1 30 100 0 0.394340 1.000000
10 1 30 100 0.5 0.394340 1.000000
10 1 30 100 0.55 0.394351 0.999988
10 1 30 100 0.6 0.394367 0.999965
10 1 30 100 0.65 0.394767 0.999291
10 1 30 100 0.7 0.397313 0.993850
10 1 30 100 0.75 0.403152 0.978242
10 1 30 100 0.8 0.412396 0.945446
10 1 30 100 0.85 0.422174 0.897852
10 1 30 100 0.9 0.433267 0.816841
10 1 30 100 0.95 0.442556 0.698125
10 1 30 100 1 0.446189 0.600098
10 1 30 200 0 0.403642 1.000000
10 1 30 200 0.5 0.403642 1.000000
10 1 30 200 0.55 0.403642 1.000000
10 1 30 200 0.6 0.403654 0.999983
10 1 30 200 0.65 0.403876 0.999604
10 1 30 200 0.7 0.405484 0.996166
10 1 30 200 0.75 0.409314 0.985917
10 1 30 200 0.8 0.416021 0.962093
10 1 30 200 0.85 0.423859 0.923763
10 1 30 200 0.9 0.433687 0.851539
10 1 30 200 0.95 0.442637 0.736518
10 1 30 200 1 0.446189 0.640710
10 1 30 300 0 0.382464 1.000000
10 1 30 300 0.5 0.382464 1.000000
10 1 30 300 0.55 0.382474 0.999989
10 1 30 300 0.6 0.382483 0.999976
10 1 30 300 0.65 0.382835 0.999381
10 1 30 300 0.7 0.385234 0.994236
10 1 30 300 0.75 0.390358 0.980504
10 1 30 300 0.8 0.399721 0.947223
10 1 30 300 0.85 0.410686 0.893970
10 1 30 300 0.9 0.425779 0.783946
10 1 30 300 0.95 0.440308 0.600781
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10 1 30 300 1 0.446189 0.449619
10 1 50 50 0 0.387202 1.000000
10 1 50 50 0.5 0.387202 1.000000
10 1 50 50 0.55 0.387213 0.999988
10 1 50 50 0.6 0.387242 0.999947
10 1 50 50 0.65 0.387772 0.999057
10 1 50 50 0.7 0.390970 0.992264
10 1 50 50 0.75 0.397681 0.974321
10 1 50 50 0.8 0.408238 0.936950
10 1 50 50 0.85 0.418975 0.884870
10 1 50 50 0.9 0.431496 0.793640
10 1 50 50 0.95 0.442035 0.659470
10 1 50 50 1 0.446189 0.549699
10 1 50 100 0 0.393275 1.000000
10 1 50 100 0.5 0.393275 1.000000
10 1 50 100 0.55 0.393284 0.999989
10 1 50 100 0.6 0.393303 0.999962
10 1 50 100 0.65 0.393716 0.999265
10 1 50 100 0.7 0.396377 0.993596
10 1 50 100 0.75 0.402283 0.977821
10 1 50 100 0.8 0.411470 0.945201
10 1 50 100 0.85 0.421230 0.897748
10 1 50 100 0.9 0.432730 0.813671
10 1 50 100 0.95 0.442351 0.690785
10 1 50 100 1 0.446189 0.588397
10 1 50 200 0 0.403272 1.000000
10 1 50 200 0.5 0.403272 1.000000
10 1 50 200 0.55 0.403280 0.999992
10 1 50 200 0.6 0.403288 0.999980
10 1 50 200 0.65 0.403500 0.999620
10 1 50 200 0.7 0.405194 0.996005
10 1 50 200 0.75 0.409135 0.985464
10 1 50 200 0.8 0.415928 0.961331
10 1 50 200 0.85 0.423850 0.922681
10 1 50 200 0.9 0.433688 0.850310
10 1 50 200 0.95 0.442615 0.735373
10 1 50 200 1 0.446189 0.638831
10 1 50 300 0 0.389349 1.000000
10 1 50 300 0.5 0.389349 1.000000
10 1 50 300 0.55 0.389359 0.999989
10 1 50 300 0.6 0.389363 0.999983
10 1 50 300 0.65 0.389636 0.999522
10 1 50 300 0.7 0.391365 0.995818
10 1 50 300 0.75 0.395754 0.984073
10 1 50 300 0.8 0.404160 0.954127
10 1 50 300 0.85 0.413674 0.907826
10 1 50 300 0.9 0.427072 0.809817
10 1 50 300 0.95 0.440501 0.639990
10 1 50 300 1 0.446189 0.494129
100 0 10 50 0 0.281941 1.000000
100 0 10 50 0.5 0.281941 1.000000
100 0 10 50 0.55 0.281941 1.000000
100 0 10 50 0.6 0.281941 1.000000
100 0 10 50 0.65 0.281941 1.000000
100 0 10 50 0.7 0.281944 0.999994
100 0 10 50 0.75 0.282068 0.999643
100 0 10 50 0.8 0.282948 0.996548
100 0 10 50 0.85 0.287040 0.976778
100 0 10 50 0.9 0.296715 0.909163
100 0 10 50 0.95 0.302578 0.834636
100 0 10 50 1 0.308204 0.619209
100 0 10 100 0 0.212147 1.000000
100 0 10 100 0.5 0.212147 1.000000

81




100 0 10 100 0.55 0.212447 0.999668
100 0 10 100 0.6 0.215474 0.995449
100 0 10 100 0.65 0.222441 0.983695
100 0 10 100 0.7 0.235223 0.956751
100 0 10 100 0.75 0.254306 0.905973
100 0 10 100 0.8 0.273850 0.839286
100 0 10 100 0.85 0.285619 0.783696
100 0 10 100 0.9 0.295544 0.712626
100 0 10 100 0.95 0.304316 0.600746
100 0 10 100 1 0.308204 0.488648
100 0 10 200 0 0.243530 1.000000
100 0 10 200 0.5 0.243530 1.000000
100 0 10 200 0.55 0.243589 0.999939
100 0 10 200 0.6 0.244546 0.998583
100 0 10 200 0.65 0.247376 0.993787
100 0 10 200 0.7 0.254668 0.978326
100 0 10 200 0.75 0.264269 0.952815
100 0 10 200 0.8 0.276121 0.912003
100 0 10 200 0.85 0.285872 0.865412
100 0 10 200 0.9 0.294678 0.801949
100 0 10 200 0.95 0.303739 0.684533
100 0 10 200 1 0.308204 0.555209
100 0 10 300 0 0.220990 0.747475
100 0 10 300 0.5 0.220990 0.747475
100 0 10 300 0.55 0.221099 0.747349
100 0 10 300 0.6 0.222519 0.745360
100 0 10 300 0.65 0.226636 0.738422
100 0 10 300 0.7 0.236331 0.717926
100 0 10 300 0.75 0.256533 0.663618
100 0 10 300 0.8 0.279104 0.586903
100 0 10 300 0.85 0.289505 0.538252
100 0 10 300 0.9 0.298203 0.476328
100 0 10 300 0.95 0.305451 0.385300
100 0 10 300 1 0.308204 0.306653
100 0 30 50 0 0.282217 1.000000
100 0 30 50 0.5 0.282217 1.000000
100 0 30 50 0.55 0.282217 1.000000
100 0 30 50 0.6 0.282217 1.000000
100 0 30 50 0.65 0.282217 1.000000
100 0 30 50 0.7 0.282219 0.999995
100 0 30 50 0.75 0.282355 0.999609
100 0 30 50 0.8 0.283216 0.996590
100 0 30 50 0.85 0.287243 0.977147
100 0 30 50 0.9 0.296813 0.910079
100 0 30 50 0.95 0.302736 0.834857
100 0 30 50 1 0.308204 0.625029
100 0 30 100 0 0.211958 1.000000
100 0 30 100 0.5 0.211958 1.000000
100 0 30 100 0.55 0.212246 0.999681
100 0 30 100 0.6 0.215279 0.995448
100 0 30 100 0.65 0.222211 0.983751
100 0 30 100 0.7 0.235089 0.956597
100 0 30 100 0.75 0.254156 0.905908
100 0 30 100 0.8 0.273772 0.838959
100 0 30 100 0.85 0.285640 0.782929
100 0 30 100 0.9 0.295429 0.712932
100 0 30 100 0.95 0.304348 0.599493
100 0 30 100 1 0.308204 0.488356
100 0 30 200 0 0.242816 1.000000
100 0 30 200 0.5 0.242816 1.000000
100 0 30 200 0.55 0.242873 0.999941
100 0 30 200 0.6 0.243839 0.998575
100 0 30 200 0.65 0.246693 0.993741
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100 0 30 200 0.7 0.254200 0.977819
100 0 30 200 0.75 0.263913 0.951992
100 0 30 200 0.8 0.275886 0.910760
100 0 30 200 0.85 0.285639 0.864184
100 0 30 200 0.9 0.294561 0.799843
100 0 30 200 0.95 0.303739 0.680746
100 0 30 200 1 0.308204 0.551326
100 0 30 300 0 0.195125 0.898990
100 0 30 300 0.5 0.195125 0.898990
100 0 30 300 0.55 0.195357 0.898724
100 0 30 300 0.6 0.198153 0.894820
100 0 30 300 0.65 0.205386 0.882627
100 0 30 300 0.7 0.220365 0.851093
100 0 30 300 0.75 0.247797 0.777752
100 0 30 300 0.8 0.273374 0.690933
100 0 30 300 0.85 0.285819 0.632586
100 0 30 300 0.9 0.296297 0.557959
100 0 30 300 0.95 0.304923 0.449441
100 0 30 300 1 0.308204 0.355723
100 0 50 50 0 0.280291 1.000000
100 0 50 50 0.5 0.280291 1.000000
100 0 50 50 0.55 0.280291 1.000000
100 0 50 50 0.6 0.280291 1.000000
100 0 50 50 0.65 0.280291 1.000000
100 0 50 50 0.7 0.280294 0.999994
100 0 50 50 0.75 0.280445 0.999564
100 0 50 50 0.8 0.281435 0.996090
100 0 50 50 0.85 0.285840 0.974880
100 0 50 50 0.9 0.296277 0.902145
100 0 50 50 0.95 0.302437 0.823923
100 0 50 50 1 0.308204 0.604591
100 0 50 100 0 0.207525 1.000000
100 0 50 100 0.5 0.207525 1.000000
100 0 50 100 0.55 0.207861 0.999628
100 0 50 100 0.6 0.211136 0.995062
100 0 50 100 0.65 0.218551 0.982552
100 0 50 100 0.7 0.232054 0.954102
100 0 50 100 0.75 0.252591 0.899394
100 0 50 100 0.8 0.273227 0.829027
100 0 50 100 0.85 0.285417 0.771496
100 0 50 100 0.9 0.295373 0.700221
100 0 50 100 0.95 0.304276 0.586873
100 0 50 100 1 0.308204 0.474323
100 0 50 200 0 0.241403 1.000000
100 0 50 200 0.5 0.241403 1.000000
100 0 50 200 0.55 0.241462 0.999938
100 0 50 200 0.6 0.242457 0.998530
100 0 50 200 0.65 0.245560 0.993269
100 0 50 200 0.7 0.253189 0.977083
100 0 50 200 0.75 0.263246 0.950351
100 0 50 200 0.8 0.275484 0.908215
100 0 50 200 0.85 0.285423 0.860762
100 0 50 200 0.9 0.294451 0.795723
100 0 50 200 0.95 0.303713 0.676003
100 0 50 200 1 0.308204 0.545665
100 0 50 300 0 0.176418 1.000000
100 0 50 300 0.5 0.176418 1.000000
100 0 50 300 0.55 0.176853 0.999514
100 0 50 300 0.6 0.181430 0.993144
100 0 50 300 0.65 0.191605 0.975987
100 0 50 300 0.7 0.209955 0.937468
100 0 50 300 0.75 0.239940 0.857827
100 0 50 300 0.8 0.266520 0.767340
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100 0 50 300 0.85 0.281556 0.696474
100 0 50 300 0.9 0.294628 0.603525
100 0 50 300 0.95 0.304613 0.478567
100 0 50 300 1 0.308204 0.376334
100 1 10 50 0 0.306915 1.000000
100 1 10 50 0.5 0.306915 1.000000
100 1 10 50 0.55 0.306915 1.000000
100 1 10 50 0.6 0.306915 1.000000
100 1 10 50 0.65 0.306915 1.000000
100 1 10 50 0.7 0.306917 0.999996
100 1 10 50 0.75 0.307026 0.999688
100 1 10 50 0.8 0.307888 0.996663
100 1 10 50 0.85 0.312413 0.974872
100 1 10 50 0.9 0.321241 0.913813
100 1 10 50 0.95 0.327557 0.831933
100 1 10 50 1 0.333865 0.601131
100 1 10 100 0 0.238047 1.000000
100 1 10 100 0.5 0.238047 1.000000
100 1 10 100 0.55 0.238292 0.999733
100 1 10 100 0.6 0.241184 0.995684
100 1 10 100 0.65 0.247752 0.984561
100 1 10 100 0.7 0.261245 0.956075
100 1 10 100 0.75 0.279194 0.908391
100 1 10 100 0.8 0.296308 0.849945
100 1 10 100 0.85 0.308492 0.791833
100 1 10 100 0.9 0.319788 0.710768
100 1 10 100 0.95 0.330076 0.579494
100 1 10 100 1 0.333865 0.472296
100 1 10 200 0 0.269697 1.000000
100 1 10 200 0.5 0.269697 1.000000
100 1 10 200 0.55 0.269739 0.999957
100 1 10 200 0.6 0.270547 0.998810
100 1 10 200 0.65 0.272945 0.994741
100 1 10 200 0.7 0.279803 0.980174
100 1 10 200 0.75 0.288808 0.956246
100 1 10 200 0.8 0.29939%4 0.919693
100 1 10 200 0.85 0.309269 0.872146
100 1 10 200 0.9 0.319052 0.801527
100 1 10 200 0.95 0.329582 0.664437
100 1 10 200 1 0.333865 0.542452
100 1 10 300 0 0.285144 0.505051
100 1 10 300 0.5 0.285144 0.505051
100 1 10 300 0.55 0.285171 0.505019
100 1 10 300 0.6 0.285607 0.504403
100 1 10 300 0.65 0.287204 0.501699
100 1 10 300 0.7 0.291891 0.491695
100 1 10 300 0.75 0.301385 0.466252
100 1 10 300 0.8 0.312328 0.429156
100 1 10 300 0.85 0.318712 0.398885
100 1 10 300 0.9 0.325764 0.348250
100 1 10 300 0.95 0.331758 0.272873
100 1 10 300 1 0.333865 0.213621
100 1 30 50 0 0.304407 1.000000
100 1 30 50 0.5 0.304407 1.000000
100 1 30 50 0.55 0.304407 1.000000
100 1 30 50 0.6 0.304407 1.000000
100 1 30 50 0.65 0.304407 1.000000
100 1 30 50 0.7 0.304410 0.999994
100 1 30 50 0.75 0.304548 0.999603
100 1 30 50 0.8 0.305514 0.996203
100 1 30 50 0.85 0.310588 0.971788
100 1 30 50 0.9 0.320389 0.904152
100 1 30 50 0.95 0.327328 0.814129
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100 1 30 50 1 0.333865 0.576664
100 1 30 100 0 0.235253 1.000000
100 1 30 100 0.5 0.235253 1.000000
100 1 30 100 0.55 0.235495 0.999734
100 1 30 100 0.6 0.238593 0.995403
100 1 30 100 0.65 0.245514 0.983690
100 1 30 100 0.7 0.259479 0.954256
100 1 30 100 0.75 0.278689 0.903096
100 1 30 100 0.8 0.296078 0.843669
100 1 30 100 0.85 0.308483 0.784499
100 1 30 100 0.9 0.319828 0.703087
100 1 30 100 0.95 0.330056 0.572624
100 1 30 100 1 0.333865 0.465483
100 1 30 200 0 0.269403 1.000000
100 1 30 200 0.5 0.269403 1.000000
100 1 30 200 0.55 0.269442 0.999959
100 1 30 200 0.6 0.270223 0.998854
100 1 30 200 0.65 0.272659 0.994716
100 1 30 200 0.7 0.279706 0.979745
100 1 30 200 0.75 0.288718 0.955788
100 1 30 200 0.8 0.299264 0.919388
100 1 30 200 0.85 0.309228 0.871441
100 1 30 200 0.9 0.319007 0.800823
100 1 30 200 0.95 0.329602 0.663133
100 1 30 200 1 0.333865 0.541647
100 1 30 300 0 0.209223 0.898990
100 1 30 300 0.5 0.209223 0.898990
100 1 30 300 0.55 0.209459 0.898721
100 1 30 300 0.6 0.212566 0.894374
100 1 30 300 0.65 0.221491 0.879264
100 1 30 300 0.7 0.240732 0.838780
100 1 30 300 0.75 0.271634 0.756567
100 1 30 300 0.8 0.294986 0.677472
100 1 30 300 0.85 0.308586 0.613031
100 1 30 300 0.9 0.321683 0.519787
100 1 30 300 0.95 0.330897 0.404695
100 1 30 300 1 0.333865 0.321514
100 1 50 50 0 0.304758 1.000000
100 1 50 50 0.5 0.304758 1.000000
100 1 50 50 0.55 0.304758 1.000000
100 1 50 50 0.6 0.304758 1.000000
100 1 50 50 0.65 0.304758 1.000000
100 1 50 50 0.7 0.304762 0.999992
100 1 50 50 0.75 0.304909 0.999576
100 1 50 50 0.8 0.305901 0.996097
100 1 50 50 0.85 0.310885 0.972121
100 1 50 50 0.9 0.320599 0.905027
100 1 50 50 0.95 0.327305 0.818101
100 1 50 50 1 0.333865 0.578585
100 1 50 100 0 0.233534 1.000000
100 1 50 100 0.5 0.233534 1.000000
100 1 50 100 0.55 0.23379%4 0.999715
100 1 50 100 0.6 0.237033 0.995186
100 1 50 100 0.65 0.244081 0.983248
100 1 50 100 0.7 0.258284 0.953319
100 1 50 100 0.75 0.278077 0.900600
100 1 50 100 0.8 0.295520 0.840982
100 1 50 100 0.85 0.308077 0.781156
100 1 50 100 0.9 0.319701 0.697718
100 1 50 100 0.95 0.329995 0.566573
100 1 50 100 1 0.333865 0.458025
100 1 50 200 0 0.268280 1.000000
100 1 50 200 0.5 0.268280 1.000000
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100 1 50 200 0.55 0.268319 0.999959
100 1 50 200 0.6 0.269213 0.998693
100 1 50 200 0.65 0.271740 0.994399
100 1 50 200 0.7 0.278909 0.979174
100 1 50 200 0.75 0.288170 0.954554
100 1 50 200 0.8 0.298971 0.917264
100 1 50 200 0.85 0.308939 0.869280
100 1 50 200 0.9 0.318811 0.798010
100 1 50 200 0.95 0.329568 0.658380
100 1 50 200 1 0.333865 0.535500
100 1 50 300 0 0.201423 1.000000
100 1 50 300 0.5 0.201423 1.000000
100 1 50 300 0.55 0.201767 0.999621
100 1 50 300 0.6 0.206143 0.993504
100 1 50 300 0.65 0.216053 0.976717
100 1 50 300 0.7 0.235860 0.935098
100 1 50 300 0.75 0.264379 0.859462
100 1 50 300 0.8 0.287457 0.780658
100 1 50 300 0.85 0.304102 0.701796
100 1 50 300 0.9 0.319952 0.589237
100 1 50 300 0.95 0.330480 0.457646
100 1 50 300 1 0.333865 0.362631
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