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ABSTRACT

IMPROVING EDUCATIONAL SEARCH AND
QUESTION ANSWERING

Tolga Yilmaz
M.S. in Computer Engineering
Advisor: C)zgiir Ulusoy
June 2016

Students use general web search engines (GSEs) as their primary source of re-
search while trying to find answers to school related questions. Although GSEs
are highly relevant for the general population, they may return results that are
out of education context. Another rising trend; social community question an-
swering websites (CQ&A) are the secondary choice for students who try to get
answers from other peers online. We focus on discovering possible improvements

on educational search by leveraging both of the two information sources.

The first part of our work involves Q&A websites. In order to gain contextual
and behavioral insights, we extract the content of a commonly used educational
Q&A website with a scraper we implement. We analyze the content in terms of
user behavior and try to understand to what extent the educational Q& A differs
from the general purpose Q&A.

In the second part, we implement a classifier for educational questions. This
classifier is built by an ensemble method that employs several regular learning
algorithms and retrieval based ones that utilize external resources. We also build
a query expander to facilitate classification. We further improve the classification

using search engine results.

In the third part, in order to find out whether search engine ranking can be
improved in the education domain using the classification model, we collect and
label a set of query results retrieved from a GSE. We propose five ad-hoc methods
to improve search ranking based on the idea that the query-document category
relation is an indicator of relevance. We evaluate these methods on various query
sets and show that some of the methods significantly improve the rankings in the

education domain.

il



v

In the last part, we focus on educational spell checking. In educational search
systems, it is common for users to make spelling mistakes. Actual query logs of
two commercial search engines in the education domain are analyzed in terms
of spelling mistakes using 5 well-known spell correction software that are not
education specific and lack the terms that are used in the education field. It is
shown that by extending the spell-check dictionary of one of them, even with
a small-sized education oriented word-list, one can improve the precision, recall

and F1 values of a spell-checker.

Keywords: Education, Classification, Search Engine Ranking, Spell Checkers,
Social Q&A.



OZET

EGITSEL ARAMA VE SORU CEVAPLANDIRMANIN
GELISTIRILMESI

Tolga Yilmaz
Bilgisayar Miihendisligi, Yiiksek Lisans
Tez Damsmani: Ozgiir Ulusoy
Haziran 2016

Ogrenciler, okulla ilgili sorular1 i¢in ilk tercih olarak arama motorlarini kullanirlar.
Arama motorlari, her ne kadar genel popiilasyon icin oldukc¢a kullanmigh olsa da
egitim kurgusunun diginda yanitlar getirebilir. Bir bagka egilim, sosyal ag soru-
cevap web siteleri ise emsallerinden cevaplar almak isteyen 6grenciler i¢in ikinci
bir secenek olarak karsimiza ¢ikmaktadir. Caligmamizda, bu iki bilgi kaynaginin

birbirlerinden faydalanilarak geligtirilmesi iizerinde durulmustur.

Caligmamizin ilk kismi soru-cevap web siteleri ile ilgilidir. Egitsel soru-cevap
web siteleri tizerinde baglamsal ve davranigsal anlayiga sahip olmak i¢in bir soru-
cevap web sitesinin icerigi toplanmigtir. Bu icerik, kullanici davraniglar: ve egitsel
soru-cevap sitelerinin genel soru-cevap sitelerinden ne derece farkli oldugunu an-

lamak agisindan analiz edilmistir.

Ikinci kisimda, egitsel sorular icin bir smflandiricr gelistirilmistir.  Bu
siniflandirict makine 6grenmesi tabanl bir kag algoritma ile dig kaynaklar iizerinde
olusturulmug bir ka¢ arama tabanl smiflandiricidan olugsan bir “ensemble”
siniflandiricidir.  Ayrica, smflandirmayi giiclendirmek igin bir sorgu genigletme
yontemi gelistirilip kullanilmigtir. Olugan bu simiflandirici, son olarak arama mo-
toru sonug sayfalar1 da kullanilarak daha da geligtirilmistir.

U(;iincii kisimda, egitsel arama motoru siralamasinin siniflandirma modeli kul-
lanilarak gelistirilebilirligini test etmek igin, bir arama motorundan alinan sonug
sayfalar1 toplanip etiketlenmigtir. Sorgu-dokiiman simnif iliskisinin ilgi diizeyi ile
alakali oldugu varsayimindan yola ¢ikarak, arama motoru siralamasini geligtirmek
tizere beg yontem kullanilmigtir. Bu yontemler, cesitli sorgu setleri iizerinde uygu-

lanip egitsel siralama baglaminda kayda deger gelisme oldugu goriillmiistiir.
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Son olarak, egitsel yazim denetimi iizerinde durulmugtur. Egitsel arama sis-
temlerinde, kullanicilarin yazim hatalar: yapmasi sik rastlanan bir durumdur. Ik
olarak iki ticari arama motorunun sorgu kayitlari, egitsel amach tasarlanmamig
ve egitsel kelimeleri igermeyen fakat genel olarak iyi bilinen beg sorgu denetimi ve
diizeltmesi yazilimi kullanilarak denetlenmistir. Bu yazilimlardan bir tanesinin
sozliigiintin, kiiciik boyutlu bir egitsel kelime listesi ile bile desteklendiginde “pre-

cision”, “recall” ve F1 degerlerinin gelisme gosterdigi gortilmiistiir.

Anahtar sézcikler: Egitim, Simiflandirma, Arama Motoru Siralamasi, Yazim

Denetleyiciler, Sosyal Soru-Cevap.
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Chapter 1

Introduction

Students choose the Internet as their primary resource for research when it comes
to finishing a homework or learning a new subject in their curriculum whether
the subject at hand is a Mathematics problem or an open-ended Social Sciences
project. Web search engines provide the ability to scan a variety of web pages
and provide a list of possible candidates for the student to choose from. It is
up to the student then, to extract the information available in the returned web
pages. However, most of the available web search engines are designed for general
purpose and may not serve the students’ needs that are very specific to the
education context. For example, the web pages returned to the queries can be
from other topics due to a diversification process employed by the search engine
or just because textual similarity. Consider, for instance, a student performs a
query on a general search engine (GSE): “How do mirages occur?” (“Serap nasil
olugur” in Turkish) hoping to get answers in a scientific context. Instead, the

GSE returns a website talking about a celebrity person named Mirage (Serap in

Turkish).

Other than being out of context, the results returned by a GSE can be for
users from other levels. For instance, let’s say a K-12 student performs a query
on a GSE: “What are the three organs of the state?” and the GSE returns a

highly technical text for law school students, which would, of course, be harder



to use for the student. Another problem with GSEs is that the answers to the
questions are from various parts of the Internet which may not be appropriate
at all in the education context. For example, a car parts lovers chat website or
forum may have a section that contains the answers to the questions above. The
answers to the questions are also highly duplicated among many websites and the

student may spend more time to find a well-written original answer.

There are efforts to create more education-focused search engines such as
ISEEK [1] which has a database containing a list of editor-reviewed websites
the user can search on. The content is labeled under a taxonomy according to
level, category, topic and date in order to further allow the users to narrow their
search. It is also a very hard task to continue adding more documents since hu-
man editing consumes a considerable amount of time and the knowledge in the
education field is too large to be handled by the mere human review. Intute [2]
was another example of a similar effort. It has been shut down since 2011. There
are of course academic search engines such as Google Scholar, Microsoft Aca-
demic Search, CiteSeerx, and CiteULike, but these are for the users with higher

education.

In Turkey, as part of providing interactive online course content, SEBIT [3]
company provides paid services through online Vitamin Egitim [4] platform for
registered students which include a search tool built on their course material. On
the other hand, Egitim.com [5], a subsidiary of SEBIT, provides free of charge
search service for education related web pages. Usta et al. analyzed the search
log of Vitamin in [6] and provided a Learning to Rank method in [7] for improving
Vitamin search engine ranking based on various features such as content, title,

description, dwell time, and clicks.

The Turkish government has also been investing into e-education. As part
of the Fatih project [8], Turkish Ministry of Education created the Education
Information Technology Network [9] in order to create reliable e-material for
education to be targeted at students, teachers and parents. They incorporated

the previously stated Egitim.com as a search service in one of their subdomains



[10]. This way, the service has been officially recommended for use to 17.5 million

students [11] enrolled in the formal education (K-12) in the country.

Student behavior, besides web search, includes asking for help in online com-
munities. These websites in the last decade evolved from forums with continued
discussion to question and answer (Q&A) websites which are more focused on the
quality of questions and answers. Although forums are still popular as discussion
platforms, it is easier to extract information from structured community Q&A
websites. Additionally, while search engines list relevant web pages, one needs to
scan these pages and extract the answer from them. In Q&A websites, there is
direct access to answers. Many-topic Q&A websites dominate the World Wide
Web today such as Quora [12], Yahoo! Answers [13] and StackExchange [14].
There are many small scale homework sites and also subsections under popular

websites such as Yahoo! Answers Education & Reference Category [15].

Turkish student community also populates educational Q&A websites.
Brainly.co [16] operates an educational Q&A platform in 35 countries includ-
ing Poland, Russia, Brazil, the U.S.A., Spain, France and Turkey. They report
60 million monthly unique users across their websites. Turkish one is named as

EOdev.com [17] and it claims to have over 4.5 Million questions.

Our work focuses on these two online main information sources of students
and their combination, in order to improve the topicality of search engines as we
state this as one of the shortages of GSEs. In this respect, we go to the source of
educational questions and analyze an educational Q& A website in order to show

the differences between this type and general purpose Q& A websites, if any.

Secondly, we implement and evaluate a classifier specific for educational ques-
tions collected from the Q&A website. We employ various data sources that we
either directly obtained or compiled. These include online course material, text-
books, a large educational term collection we compiled and search engine results
and manually labeled questions. We build retrieval based classifiers on top of the
course material, the textbooks and the term collection. We also use various ma-

chine learning classifiers such as Naive Bayes, its variations, and Support Vector



Machines. We first combine the retrieval and machine learning based classifiers
using an ensemble method. We improve the classification with a query expan-
sion technique. Then we employ a voting method using search engine results to

further improve the accuracy of the ensemble.

Using this classifier, we show that by employing simple techniques we can re-
rank search results to increase relevance. We first generate a relevance estimation
based on classification and re-rank results based on this estimation. The first
class of our techniques includes the identification of result pages that are possibly
from other subject and demoting them. Other class of our techniques uses a

combination of the initial relevance and the classification based relevance.

Finally, we implement and evaluate an education-aware spell checker. We show
that by enhancing its dictionary with educational words, it is possible to build a
spell checker better than state-of-the-art but context-unaware spell checkers. We

test and evaluate our techniques on real-world query logs.

The thesis is structured as follows. In Chapter 2, we give a brief review of the
literature related to our work. Chapter 3 includes the analysis of an educational
Q&A website. Chapter 4 presents our educational question classification method.
Chapter 5 explains the use case of our classifier in ranking results of educational
queries. In Chapter 6, we give the implementation details of the educational spell

checker. Chapter 7 concludes the thesis and gives future research directions.



Chapter 2

Related Work

In this chapter, we briefly discuss the literature related to Question Answering

(Q&A) systems, educational query classification, and spell checking systems.

2.1 Social Question Answering

A Social Q& A website is defined as the place where questions in natural language
form, rather than in the form of keywords (i.e., in the form of search engine
queries), are asked by regular users to find answers within the community. These
websites have gained world-wide popularity as a new way to access information
for people who seek answers to their questions. Yahoo! Answers website was
visited by 46 million single users in May 2015 [13] and StackOverflow.com, an

online Q&A community for programming questions, has over 4 million users [18].

According to Gazan [19], research on Social Q&A can be divided into two cat-
egories as question quality/classification and answer quality/classification. Ex-
ample works include research on finding better users in the community [20, 21],
identifying good answers [22], finding the intent behind the questions [23], and
classifying questions based on type [24] (i.e., is it opinion asking or fact seeking)

or based on subject [25].



Wang et al. [26] analyze the user behavior and question topics using user, user-
topic and related question graphs on Quora. Mamykina et al. [27] explore the
content of StackOverflow and list the details such as the percentage of answered
questions, the first and accepted answer times for questions, changing answer
time, distribution of answerers and askers, user activities, classification of users

based on answer types.

Barua et al. [28] try to find the most common subjects of the questions using
LDA analysis. They also try to find out whether questions trigger one another,
and whether the user attention changes over time or how an interest in a topic
changes over time. Correa et al. [29] predict which questions will be closed, i.e.,
correctly answered. Another work on StackOverflow by Movshovitz-Attias et
al. [30] analyze the record of a user to predict her future reputation. Harper et
al. [22] work on different types of Q& A websites and try to evaluate and compare
their answer quality. The findings include that better answers come with more
links and length. Question subject and type (factual or not) also affect answer
quality. Expert identification papers are also common. Yang et al. [20] analyze
the questions and answers to identify two types of experts: focused and highly
active. Finally, Liu et al. [31] try to predict the popularity of questions based on

their current characteristics and the askers who own them.

In the education field, Gosh et al. [32] focus on K-12 forum sites as opposed
to Q&A sites and try to find what attracts users to contribute. They also point
out the differences between forums and Q&A sites under the assumption that
forums are assisted by actual instructors. Mao [33] focuses on the attitudes of
high school students for social media. Their data show that for social media to
be an effective learning environment, extraction of current social media habits of
students, adoption of these into such learning environments, and interacting with
students are necessary. Our work tries to identify student patterns in educational

Q&A and help to find ways to improve the overall experience in future work.



2.2 Using External Resources for Question An-

swering

There have been efforts combining information retrieval techniques such as search
to the question answering problem. In order to integrate search engines to social
networks, Hecht et al. [34] developed a system that produces algorithmic answers
to Facebook status questions. According to Evans et al. [35], there are three types
of question asking: questions targeting another user, public asking and searching
through a knowledge base; and the best way for finding good answers is to combine
them. In [34], search engines are brought into the social network. Another
system on this subject is Googles Confucius system [36] which was brought live
in 2009 and is currently inactive. The aim of the system was to link Google to
a Q&A website, and the system had parts such as question labeling, question

recommendation, and NLP-based answer generation.

Komiya et al. [37] worked on a question answering scheme that performs query
expansion and candidate answer evaluation by using the vocabulary of a Q&A
website. Traditionally, question answering can be split into four parts: question
analysis, relevant document access, candidate answer generation, and evaluation.

A similar work to Komiyas was done by Mori et al. [38].

In the educational domain, Gurevych et al. [39] describe how to use social me-
dia for educational question answering. They use a classifier for the subjectivity
of questions. They also present a Q&A system that fetches answers from social

media content.

2.3 Text and Query Classification

A summary of machine learning techniques in text classification is given by Sebas-
tiani [40]. Starting from Naive Bayes Classification to Support Vector Machines

(SVMs), many methods have been proven to be useful for many text classification



tasks. A considerable amount of work has also been conducted on query classifica-
tion. Shen et al. [41] describe their ACM KDDCUP 2005 winning method. They
build a synonym-based classifier and an SVM classifier and use two ensemble
strategies based on these two classifiers using bag-of-words model. Gabrilovich
et al. [42] present a real-time method for classifying queries using the web as a
resource. They first develop a document classifier for query results based on a
centroid-based algorithm and the bag-of-words model. Then, they use a voting
algorithm that decides on the category of the query by incorporating the classifi-
cation information of query results obtained by using the document classifier. Cao
et al. [43] present a new, context and intent-aware query classification method.
They use conditional random field (CRF) models and incorporate similar queries
and click information as features in addition to query terms. Agrawal et al. [44]
discuss transforming the query classification problem into an information retrieval

task.

2.4 Question Classification

Question classification is an important part of question answering systems and
lately, CQ&A websites and there is a considerable amount of work in the last
decade. Question classification generally serves as an intermediate step towards
achieving better results in other systems such as obtaining better answers by
channeling questions to answerers better or simply for generating them better in

the case of automatic answering systems.

Earliest question classification systems used hand written rules [45]. Although
these rules could work quite fast, the problem was their creation. It would be hard
by mere human intelligence to cover every possible aspect of question-category re-
lationships and write them for growing number of categories. These rules needed
to be rewritten for every new dataset. As a result, later works employ machine
learning methods. For example, Zhang and Lee [46] use machine learning tech-

niques to create more robust classification techniques. They try multiple learning



algorithms that take n-grams as features and report SVM to be the most accu-
rate. Li and Roth [47] use semantic and syntactic features with SnoW algorithm
to classify questions. Metzler and Roth [48] similarly work on semantic and syn-
tactic features and on different data sets composed of fact-based questions. They
show question classification using machine learning, SVM in their case, is robust

compared to rule-based classifiers which require an immense amount of effort.

Huang et al. [49] introduce headwords and their hypernyms as an important
feature of question classification. Most of the later works include this feature as
well [50, 51, 52]. Most of the recent features and a broad survey are given by
Loni [53].

There are works in classifying educational questions as well. For instance,
Vlasék [54] classifies educational web pages according to educational subjects in
Czech using SVM and n-grams. Li et al. [55] classify questions in an epistemic
game that tries to teach various concepts to students with instructor involvement.
Sangodiah et al. [56] gives a short review of the existing work on educational
question classification featuring Bloom’s taxonomy [57] which is sorting educa-
tional objectives into hierarchical levels of complexity and mastery. Research on
this field includes work that employs algorithms such as SVM [58], rule-based

classifiers [59] and neural networks [60].

Figueroa and Neumann’s work [61] bases itself on question-like search queries
from Yahoo! Answers. They try to motivate the connection between search
engines and CQ&A like we do. They utilize many features and external data
sources. In these ways, their paper shares common ground with ours. In Table
2.1 we show some of the works mentioned above with their features and algorithms
and the method we use in this work. Our work, compared to the most of the
other work, utilizes external resources such as books, term collections and search
engine result pages. We also use an ensemble classifier rather than using a single
algorithm. We base our work on the education context whereas most question

classification research is based on general categories.



Table 2.1: The List of Works on Question Classification by Features and Algo-

rithms
Author Features Algorithms Year
Hermjakob [45] N/A Parse Tree 2001
Li and Roth [47] words, POS tags, chunks, named entities, | SnoW 2002
head chunks, semantically related words
Zhang and Lee [46] n-grams NB,  Winnow, | 2003
Decision  Tree,
SVM
Metzler and Roth [48] Bag-of-words, n-grams, POS tags, question | SVM 2004
word, noun phrases, question length, long
distance k-grams,head word, hypernyms of
the head word using (WordNet)
Li and Roth [62] Bag-of-words, POS, Head, Named Entities, | Winnow 2006
WordNet, Class-specific related words, Dis-
tributional similarity of words
Huang et al. [49] Wh word, Headword, WordNet, Direct- | SVM, Maximum | 2008
Indirect Hypernyms, Unigrams, Wordshapes | Entropy
Silva et al.[50] Unigrams, Headwords Rule Based, | 2011
SVM
Loni [51] Unigrams, Bigrams, Headwords, Headrules, | NN, SVM, LSA | 2011
Word shapes, Wh words, Hypernyms, Query
expansion, Question Category
Mishra et al.[52] Unigrams, Wordshapes, headword, question | KNN, Naive | 2013
patterns, POS tags, hypernyms, question | Bayes, SVM
category
Li et al. [55] POS Tags, Wh Words, Categorical Wordlists | Decision Tree 2014
Vlasék [54] Bag-of-words KNN, Naive | 2015
Bayes, SVM
Figueroa and Neumann[61] | Bag-of-words, Latent-topic models, | Maximum  En- | 2016

Acronyms, String analysis, String dis-
tances, POS tags, Yago2s, Wikipedia, Yahoo
Categories

tropy, Winnow

Our work

Unigrams, Bigrams, Question length, Wh
words, word shapes, POS tags, Tagged Uni-
gram, Word dependencies, Object and Sub-
ject, Object and Subject Phrases, Hyper-
nyms, Hyponyms and other semantic rela-
tions, Query Expansion, Search Engine Re-
sults

Ensemble of
SVM  (Linear
RB), Comple-
ment Naive
Bayes, Naive

Bayes, Discrim-
inative Naive
Bayes, Hyper
Pipes and search
based classifiers
built on multiple
data sources
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2.5 Spell Checkers

A comprehensive but fairly old survey of spelling detection and correction is
presented by Kukich in [63]. We also revisit and elaborate the most common
techniques in Chapter 6. In this section, we focus on the context-awareness of

spell checkers.

Context-aware spelling correction is generally taken as a word sense disam-
biguation mechanism based on the context of the input. For instance, a word may
be perfectly typed but in the context of its sentence, it is mistyped. Consider;
It is to cold in the winter. Here, to should have been too based on the content.
This is an example of a spelling mistake caused by a valid word that is in the dic-
tionary. The studies on this topic include techniques such as Bayesian classifiers
[64], Winnow classifiers [65, 66], statistics based [67, 68] and Latent Semantic
Analysis [69]. Features of this task are generally n-grams that help identify the
context. Then, corrections are suggested based on that context. Based on train-
ing sets, the probabilities of words being consecutive to each other are calculated

and words that do not conform are selected as candidates for correction.

There is another type of context awareness issue where a perfectly valid word
is identified as a mistake. This is due to the misidentified word not being in the
dictionary of the spell checker. Context awareness of a spell checker in this sense
is to be aware of the particular subject on which it operates. The vocabulary of
today’s people changes rapidly with new technologies, trends and spell checkers
may fall behind this development. There is a U.S. patent on constantly updating
the spell checker dictionaries with user inputs [70]. Our work is also more related
to this type of awareness rather than disambiguation. In this sense, we try to
create an education aware spell checker to overcome the problem of general spell

checkers being education unaware.
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Chapter 3

An Analysis of an Educational
Q& A Website

3.1 Introduction

Community Q&A websites have evolved from forums with continued discussion
to knowledge bases that focus on the quality of questions and answers. Although
forums are still popular as discussion platforms, it is easier to extract information
from structured community Q&A websites. Platforms such as Quora, Yahoo! An-
swers and StackFExchange have gained worldwide popularity over the last decade,

attracting more users every day.

K-12 students also engage in Q&A communities seeking help for their assign-
ments. Brainly.co operates an educational Q&A platform in 35 countries includ-
ing Poland, Russia, Brazil, USA, France and Turkey [16]. They report 60 million
monthly unique users. Turkish one, EOdev.com, claims to have over 4.5 million

questions [17].

In the social environment of community Q&A, students can find moderated

content as opposed to scanning through the results of web search where they

12



can come across inappropriate or wrongly leveled content. They can also see
good answers promoted by other students. Q&A websites, by nature, motivate
asking better questions thus teaching students to form more precise questions.
By answering the questions of others, they also exercise learning by teaching and
even altruism although there are other motives such as increasing reputation or

receiving badges among the community.

There is a lot of research analyzing both general purpose Q& A websites [26] and
domain specific ones such as programming [27], health [71, 72| and construction
[72]. However, to the best of our knowledge, an analysis of a Q&A website which
targets K-12 students does not exist. In order to understand how it differs from

other Q& A websites, we analyze the content of an educational Q& A website.

3.2 Data Set

We have collected the publicly accessible data of http://msxlabs.com/okul
which serves as a free to use Q&A website to support students in the Turk-
ish K-12 system. The website has an interface similar to StackOverflow. Figure
3.1 shows a snapshot of the user interface at the time we collected the website

data.

In the website, users are able to ask questions, answer them, comment on
questions and answers. Updating is also possible. Users are able to upvote and
downvote an answer based on its content. Highly voted answers are displayed
higher in the stack. The asker is also able to select one of the answers as the
accepted answer which is displayed with a “tick” mark. An example screenshot
covering basic Q&A capability is given in Figure 3.2 and basic statistics about

the data we collected from the website is given in Table 3.1.
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Custom Search

@ik Okula Destek “paer,

Tiim Etkinlikler Sorular ONE CIKAN! Cevaplanmamis Uyeler Bir Soru Sor Rozetler

Yeni soru ve cevaplar 2
#answers #views
|Yetiskin bir insanda kag kemik bulunur? | questiontitle
7 13,210
cevap gﬁ;terim 12 saat dnce profesor dokter aylin 6zdil cevaplad
1 13 Creative Commons nedir?
cevap gosterim 15 saat once Mehmet Eren Tugrul (890 puan) cevapladi
1 1M ALS (Amiyotrofik Lateral Skleroz) nedir, belirtileri nelerdir?
cevap gdsterim 15 saat once Mehmet Eren Tugrul (890 puan) cevapladi

Figure 3.1: Homepage of the Educational Q&A website

Table 3.1: Overview of Msxlabs, an Educational Q&A Website

Questions 10,717
Answers 19,691
Question comments 846
Answer comments 3,623
Registered users 2,044
Registered users with some activity 963

User who are not registered but did some activity 1,141

3.3 Analysis

We analyze different aspects of our dataset and compare our findings with the

literature in the following paragraphs.
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v [Himaye (veya protekiora), uluslararas: iliskilerde, bir stzlesme ya da tek tarafh bir karar uyarinca,
en Iyt covan | Neiiclii) bir devletin (zayif) Gtekini koruma ve denetimi altma aldiz hukuksal rejimdir. Bu koruma
e denetimin derecesi baz farklihklar gosterir. Ornefin Hindistan't Bhutan iizerindeki himayesi
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answer urulan Alman himayesi ashnda bir ithaky maskeliyordu.
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0 1.diinya savasindan sonra sdmiirgecilife verilen veni addar.
oy w 4 Arahik 2012 cococo {1,750 puan) cevsplad:

Figure 3.2: Inside a Question

3.3.1 Activity

We define user activity as one of the following: asking a question, answering a
question, commenting on a question, commenting on an answer and updating.
In Figure 3.3, the Y axis is the number of users doing X activities. The average
number of activities for a user is 12.4 and median is 1. Indeed, in [27] the

same skewness is observed. We did not show asking, answering and commenting

separately because they were quite similar to this.
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Figure 3.3: Activity Quantity by Users

3.3.2 Activity Period

The activity period of a user is defined as the average time between her activities.
Note that to calculate this, a user must have issued at least 2 activities. In
Figure 3.4a, we see the activity level of 691 users. In minutes, the median time
between users’ first and last activities is 3 days whereas the median activity
period is 7.7 hours. Figure 3.4b shows that users are most active earlier in their
memberships, meaning they lose interest over some time. In Figure 3.4b, we
calculate Pearson correlation as 0.53. However, due to skewness, calculating
Spearman correlation yields 0.92, which means that there is a strong correlation

between membership duration and activity period.

3.3.3 Popularity

A signal to point popularity is the view count of questions as Figure 3.5a shows.
The distribution is similar to that of StackOverflow (mean 255, median 35). In
the website, 94% of all the questions are answered which is similar to the rate
of 92.6% obtained in StackOverflow [27] and 88.2% in Yahoo! Answers [24].

Answer rate is an indicator to bring future users to Q&A websites. The number
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Figure 3.4: Activity Time by Users (minutes, log-scale)

of times a question is answered is an important factor identifying popular and
important questions. In Figure 3.5b, the mean and median number of answers per
question is 1.95 and 1, respectively. This pattern also exists in Yahoo! Answers
[31]. Figure 3.5¢ shows that the number of cumulative votes (upvotes-downvotes)
for answers is symmetrically aligned at x = 0 with fewer answers having more
positive or negative outlooks. The mean cumulative vote for accepted answers is
0.25 whereas it is 0.03 for non-accepted answers. Finally, 38% of questions have

accepted answers.
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Figure 3.5: Various Popularity Indicators

3.3.4 When are questions answered?

The distribution of the time difference between the publish and earliest answer
times is given in Figure 3.6a in minutes, following a power law. The mean here is
34268 minutes but the median is 225 minutes (i.e., 3.75 hours). Figure 3.6b shows
the accepted answer times for questions. The median accepted answer time is 94
minutes. Figure 3.6¢ shows that fewer questions receive answers later, i.e., the

answers are received closer to the question publish time.
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We also analyze the daily and weekly patterns of question answering in Figure
3.7. We were expecting more activity during the weekends but observed a similar
pattern again. In Yahoo! Answers and other general answering services, user
activity is also reported lower during the weekends in [73] and [74], respectively.
Hourly activity, on the other hand, seems to be very low between 0 and 6 a.m.,
confirming the expected student behavior. This is different compared to other

Q&A websites where there is low but steady contribution during that time.
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Table 3.2: Q&A Statistics for each Subject
Soc. Sci. | Misc. | Religion | Turkish | English | Math. Sci. Rep. Hist.

Median first answer time (all)* 16.7 hrs | 14 hrs | 9.3 hrs | 11.4 hrs | 1.2 hrs | Thrs | 9.5 hrs 17 hrs
Median first answer time 8.9 hrs 1 hrs 26hrs | 1.9hrs | 1min | 44 hrs | 5.4 hrs 5.4 hrs
Median accepted answer time 16.5 hrs | 2 hrs 5.8 hrs | 3.6 hrs | 1 min | 10.4 hrs | 15.5 hrs | 13.8 hrs
Avg., Median views 484,43 | 128,31 | 192,36 | 236, 42 | 144, 30 | 313,45 | 272, 36 230, 45
Avg., Median answers 2,1 18,1 15,1 18,1 1.9, 2 24,1 19,1 19,1
Questions with accepted answers | 25.4% 29% 32.4% 37% 48% 38.8% 35% 31.8%
Answered questions 88.9% | 91.3% | 93.5% 91.3% | 91.8% | 94.8% | 92.1% 88%

(*:contains the questions w/o accepted answers)

3.3.5 Do Subjects Matter?

We labeled 5000 randomly selected questions based on their educational subjects,
resulting in: Social Sciences (29%), Religion (4%), Turkish (10%), English (3%),
Mathematics (11%), Science (23%), Republic History (4%) and Miscellaneous

(16%). In order to see how different subjects affect the Q&A environment, we

have calculated the previously stated general statistics for each subject (see Table

3.2). All subjects are similar considering the number of answers and the rate of

answered questions. However, they are quite different in other metrics especially

median first answer times and accepted answer times.

English seems like an

outlier with its 1 min accepted answer time. This may be due to the extreme

skewness in the answer times of English questions.
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We observe that English and Mathematics have the highest ratio of accepted
answers with 48% and 38.8%, respectively. Social Science has the least such ratio
with 25.4%. This may be because the objectivity of questions is very high with
English and Mathematics according to our observations. For instance, English
questions are basic translation questions (e.g., “What is the translation of ... ?”)
and Mathematics questions are basic problems (e.g., “if two cars move at 30
km/h, what is the ... ?7) with one correct answer most of the time. On the
other hand, Social Science questions tend to be more verbal and opinion asking
(e.g., “What is the role of social media in ...?"). Is it the case that it takes
more time for verbal and opinion asking questions to receive answers? In order
to quantify this, we randomly selected and labeled 100 questions as factoid /non-
factoid resulting in 73% - 27%, respectively. Using the Mann-Whitney test, we
calculated that non-factoid questions receive answers later than factoid ones with
p < 0.07.

3.3.6 User Interest

We want to know whether students put more interest on some subjects than
others, i.e., do they behave like straight A students with the know-it-all attitude.
To examine this, we calculate how diverse their answers are in terms of their
subjects. We use user-subject entropy in Equation 3.1 as a diversity measure
(simplifying from [75]). P(z;;) represents the probability of user i to answer in
subject j. Here, lower scores mean less diversity.

=7

H(z;)) =—) P(x)logP(x;;) (3.1)

j=

.

[e=]

We show entropy distribution of students in Figure 3.8. We do not see too much
skewness, meaning there is a good amount of users who are diverse but there is
considerable amount of users who are quite focused at the same time. In Yahoo!

Answers, they behave similarly [75].
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3.3.7 How do users answer and comment?

Good answerers are valuable in Q&A websites. When we analyze how answering
takes place in their activities, we see that more active users tend to have more
answers with y = 0.5 and above in Figure 3.9a. We calculate Spearman correlation
as 0.53 (p < .000001) which indicates that there is a positive correlation between
the answering ratio of a user and overall activity. Too much commenting and
not answering is undesirable for the community. We plot the commenting ratio
of users in Figure 3.9b which is almost the opposite of Figure 3.9a. Here we
calculate Spearman correlation as -0.752 (p < .000001), which means that there
is a negative correlation between the commenting ratio of a user and overall
activity. Because, in this Q&A site comments are not moderated, most of the
comments are in the form of “Thank you”, “How could not I think of that before”
type text and do not prevail extra information. There is a new version of the
website where they do not allow commenting. Many Q&A communities such as
StackOverflow, have disabled comments until a user reaches a reputation level by

answering questions.
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3.3.8 Educational Seasonality

Students tend to study harder towards the end of semesters and they rest during
the holiday seasons. This means that unlike general purpose Q&A websites, an
educational website may go through seasonal fluctuations in terms of the traffic
they receive. Figure 3.10 shows that there exists such a pattern. We observe local
maximums during exam periods such as January and May and local minimums
during summer season. On the other hand, the website seemingly has lost user

interest over the last half of its lifetime.
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3.4 Conclusion

We analyzed the entire data of an educational Q&A website. We investigated
various aspects of user activity including asking questions, answering questions,
commenting. We observed that an educational Q&A website, in general, follows
a similar pattern to that of a general Q&A website, regarding user activity and
how it changes over time. We also identified some of the differences between
general and educational Q&A websites. We observed that educational Q&A
websites have temporal peaks and dips in terms of overall activity. We associated
this with school semesters and exam periods. We also showed that users follow

different patterns towards questions from different categories.

Initiatives thinking of running such systems need to evaluate what students
need, how they need it and when. Such systems must be prepared to overcome
the ups and downs of user contribution levels. If they want to be successful and
keep their user base, they need to present new motivations. Therefore, analyses
of existing such initiatives should be helpful. For example, why the subject
website experienced a catastrophic user churn and was unable to recover from
it as it did the previous year can be researched from the education perspective.
Another research direction would be to interview a group of students about their

motivation contributing to these websites and compare these to that of adults in
general Q&A.
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Chapter 4

Classification of Educational

Questions

4.1 Introduction

Although web search may provide useful information to answer a question posed
in the form of keywords, it is the user’s job to select the correct resources and come
up with an answer to her question. Question answering (Q&A) systems try to
automate this process for more complex, natural language questions. Research on
this topic has led to development of these systems to answer factual questions such
as “What is the currency of Turkey?”, but the difficulty of questions has no limit.
The harder the question, the less powerful the automatic Q&A systems become.
Some questions are not easily answered with web searches as well. This has led to
the forming of many online services to answer user questions. According to Harper
et al. [22], these services evolved to basically three forms such as Digital reference
services like “Ask a Librarian”,“Ask-an-expert services” and Community Q&A
websites. Using the power of social elements, community or social Q&A websites
have become one of the best addresses for the job. In fact, Gazan [19] says that
they are the best ones in terms of answer quality. Some well-known examples of

these websites include StackOverflow.com, Yahoo! Answers and Quora. These
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websites maintain such atmosphere that user reputation systems have been built

into to further motivate user participation.

As expected, social Q&A communities are also very preferable among stu-
dents enrolled in primary schools to high schools. A Turkish social Q&A website,
EOdev.com (translates to E-Homework.com), has over 4.5 million questions where
students from different ages ask questions in various topics including Mathemat-
ics, Science, English, Social Sciences etc. and find answers written by willing
friends. Although there is no proof, it may be preferable for students to receive
direct answers to their homework questions, instead of going through a web search
process and inferring answer on their own. In fact, according to our dataset, 72%
of student questions, when searched on Bing, returned the perfect document (i.e.,
highest relevance) in the top 10 results and 42% in the top document. Although
the communities in other websites such as StackOverflow may not tolerate ask-
ing questions without doing a basic search on search engines, educational online
communities tend to overlook this behavior. Our work concentrates on this type

of educational social Q&A websites and especially the questions.

In Q&A, understanding what the question is about is crucial to answering
it. Therefore, classification of questions in the sense of finding its category (e.g.,
Mathematics, Science, History, ...) is important as it may improve answer quality.
For instance, question answering systems, by categorizing questions, can improve
bringing more relevant answer candidates matching the category. It may also
be used to improve the direction of categorized questions to the experts of these
categories. It can also aid the content preparation of highly popular question
categories. Educational questions, in this sense, when categorized, can be for-
warded to the teachers who are experienced in those categories. It can also serve
as an indication of how students struggle with each subject. For instance, the
high number of Social Sciences questions may indicate that the subject is less

understood compared to other subjects.
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In this part of our thesis, we present a new question classifier specifically
designed for educational subjects. We first provide an implementation of an en-
semble classification method that utilizes several supervised machine learning al-
gorithms and unsupervised algorithms using external resources. We then present
how the ensemble method has been enhanced using a general purpose search en-
gine. Section 4.2 provides the list of datasets we collected and used. Section 4.3
describes the problem setting and the ensemble method. It also presents how
classification can be improved using search engine result pages (SERPs). Sec-
tion 4.4 presents the experimental results. Section 4.5 suggests future research

directions and concludes this chapter.

4.2 Data Sets

In this work, we utilize the content of a Turkish educational Q& A website, text-
books that were taken from Turkish Ministry of Education website [76], edu-
cational objects from Vitamin education service [4], and query results obtained
using Bing API [77] in response to educational questions. Below, every data set

is explained in detail.

4.2.1 Educational Social Q& A Website Data

We have collected the entire Q&A data from msxlabs [78]. This website has
an interface very similar to StackOverflow; there are questions, comments, and
answers. Functions are also similar; there are up votes, down votes and selec-
tion of best answers. An analysis of the website data is provided in Chapter 3.
The reasons behind choosing this website as a resource include the continuous
moderation of the content, its content being in coordination with the current cur-
riculum of the education system, its active user base and its structural similarity
to well-known Q&A websites.
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4.2.2 Textbooks

Textbooks for students are great resources to find answers to questions. We have
downloaded the pdf versions of the books from meb.gov.tr with the subjects listed
above for every grade in Turkish Education System. Then, we have extracted the
content of these pdf textbooks and merged the books from different grades with
the same subject, leaving each document representing a corpus for a subject. In
the end, there are 7 large documents that cover the subjects: Turkish, English,

Mathematics, Republic History, Science and Social Sciences.

4.2.3 Online Course Content

Vitamin web service [4] is a paid educational tool in Turkey. In their system, there
are learning objects representing tiny bits of information in different subjects. A
learning object consists of a title (i.e., an educational topic), a description and
a path (i.e., subject such as Math, Science, etc., grade information such as 8th
grade). For us, they serve as mappings from topics to subjects. We have 6264
unique objects like this. Although not extensive, this content was prepared by

the experts of the company and is, therefore, reliable after some preprocessing.

4.2.4 FEducational Term Collection

We crawled a list of term-definition pairs from [79] where terms are educational
entities such as “mitochondria : an organelle...”. Our compiled list contains about
33K terms. For each subject, the numbers of terms are: Mathematics(6,71),
Science (7,071), Miscellaneous (14,870), Social Sciences (6,974), Turkish (1,552),
Religion (1,430), Republic History (1,170).
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4.2.5 Bing Query Results

We have also used the Bing API to collect top 50 query results for a randomly
selected set of 5000 questions from the msxlabs data. Considering that some

queries returned less than 50 results, we have approximately 240,000 query results.

4.3 Educational Question Classification

We approach the question classification first as a text classification problem. We
follow the bag-of-words model so that terms are considered as features. Later,
we introduce other features special to question classification which can be seen

in the next subsection.

We first implement an ensemble classifier exploiting annotated educational
questions, course textbooks, educational term collection and online course con-
tent resources (see Figure 4.1). We also implement a query expander using the
educational term collection. In the next stage, we incorporate search engine result
pages into our classifier to further improve our accuracy. The method is basically

as follows:

1. Pre-classify questions and their query results with the ensemble question

classifier.

2. Reclassify questions with a weighted majority voting scheme based on pre-

classified questions and their query results.

4.3.1 Features

The features of question classification are divided into three categories: lexical,

syntactic and semantic. In our work, we mostly benefit from the survey in [53].
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Figure 4.1: Overview of the Educational Question Classifier

The features we implement are presented in Table 4.1. In this section, we give

the details for each of these features.

4.3.1.1 Lexical Features

Lexical features are simply the words in a question rather than the grammatical

structure of it.

Unigrams, Bigrams, and Trigrams The result set of the tokenization or
the sequencing a sentence is called the n-grams of that sentence. In information
retrieval terminology, using these tokens as features is named as the bag-of-words
model. Unigrams, bigrams, and trigrams are the most widely used types of n-

grams.
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Table 4.1: Features and Abbreviations

Type Feature Abbreviation
Unigrams U
Bigrams B
. Trigrams T
Lexical Wh words WH
Word shapes WS
Question length QL
POSTags P
Fine Grained POSTags FP
. Tagged Unigrams TU
Syntactic Object and Subject OS
Object and Subject Phrases OSP
Word Dependencies WD
Synonyms S
Antonyms A
Hypernyms HR
Hyponyms HO
Semantic Side Concepts SC
Associated Words AW
Similar to ST
Used for UF
By goal BG

Wh-words Wh-words, or question words describe what is wanted about the
subject of the question and therefore may be useful in determining the category
of the question. In English, Who, Where, What, Which, When, How, Why are
the most commonly used wh-words. For Turkish, we determined the following
words as question words: Ne, Nere (Nerede,Nereye), Nasil, Neden (Nigin), Kim,
Hangi, Ne Zaman, Kag¢. Since a question can include one or more of these words,
we represent this feature as <featurename, occurence>. Consider the question
“2016 Yaz Olimpiyatlar1 nerede ve ne zaman yapilacak?” (When and where will

the 2016 Olympics take place?). Its extraction is performed as follows:

{(Ne, 0), (Nere, 1), (Nasil, 0), (Neden, 0), (Kim,0), (Hangi,0), (Ne Zaman,1),
(Kag,0)}
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Word Shapes A question can include words in many forms such as lowercase,
uppercase, all digits, mized and other. For the same question, these features are

extracted as:

{(All digit, 1), (Lowercase, 5), (Uppercase, 2), (Mixed, 0), (Other,0)}

Question Length The length of the question in terms of words may be an
indicator of its category. It might be the case that longer questions are from a

certain category.

4.3.1.2 Syntactic Features

Syntactic features represent the grammatical structure of a question. We start
building this type of features using the ITU NLP API [80]. The extraction of
syntactic features depends on the construction of the dependency tree of a given
question. Consider the question: Saf maddelerin ayirt edici ozellikleri nelerdir?
(What are the distinctive properties of pure substances?). ITU API generates the
syntactic information in Table 4.2 using CONLL [81] format. Using the binary

dependency information, one can generate a dependency tree as in Figure 4.2.

Table 4.2: Dependency information of “Saf maddelerin ayirt edici 6zellikleri nel-
erdir?” question

Id Form Lemma Cpostag Postag Feats Head Deprel

1 Saf saf Adj Adj _ 2 MODIFIER

2 maddelerin madde Noun Noun  A3pl—Pnon—Gen 8 SUBJECT

3 ayirt ayirt Noun Noun  A3sg—Pnon—Nom 4 MWE

4 - et Verb Verb Pos 5 DERIV

5  edici _ Adj Agt _ 6 MODIFIER

6  Ogellikleri  6zellik  Noun Noun  A3pl—Pnon—Acc 8 OBJECT

T ne Pron Ques  A3pl—Pnon—Nom 8 DERIV

8  nelerdir - Verb Zero Pres—A3sg—Cop 0 PREDICATE

9 7 ? Punc Punc 8 PUNCTUATION
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Saf/Adj maddelerin/Noun ayirt/Noun _/Verb edici/Agt ozellikleri/Noun _/Ques nelerdir/Zero ?/Punc

Figure 4.2: An Example Dependency Tree

Part of Speech Tags Part of speech (POS) tags are the most widely used
syntactic features. We represent this feature as bag-of-postags (i.e., the words
converted to corresponding postags). An example based on the question in Table

4.2 is given below. We also consider the coarse and fine grained POS tags.

{“Adj Noun Noun Verb Adj Noun Pron Verb Punc”}

Tagged Unigrams This feature combines the unigrams with their correspond-

ing pos tags. An example based on the question in Table 4.2 is given below.

{“saf_Adj madde_Noun ayirt_Noun et_Verb -_Adj 6zellik_Noun ne_Pron -_Verb
?_Punc”}

Object and Subject Determining the object and the subject of a question is
different than determining its POS tags. However, they are quite helpful deter-
mining its context. The object and subject can be extracted using the dependency
structure of a sentence. Analyzing languages with dependency grammar is useful
with free word order languages such as Turkish. Dependency parsing has also
been studied for Turkish [82]. It is also available using the ITU API. Using the
CONLL format we easily extract the object and subject. For 29% and 73% of the
questions, we are able to extract the object and the subject, respectively. Only
15% has both the object and the subject. The following is an example of the

object and subject information based on the question in Table 4.2.:

{“madde 6zellik” }
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Subject Phrase Object Phrase

P e G PR
Saf/Adj maddelerin/Noun | fayirt/Noun _/Verb edici/Agt ozellikleri/Noun| _/Ques nelerdir/Zero ?/Punc

Figure 4.3: Subject and Object Phrases in a Dependency Tree

Object and Subject Phrases After finding the object and subject of a ques-
tion, we want to expand them to extract more information. The object and the
subject are single words but they may be a part of a phrase. If we extract the
subject of the question “What do the green plants do to generate energy” as
“plant” | we miss the phrase “green plant”, which may be more informative since
it is exactly what the question is about. To find the object and subject phrases,
we first find the object and subject and get their dependents recursively. Con-
sidering the dependency information in Table 4.2, madde is the SUBJECT. 1t
has one dependent, which is saf. Similarly, ozellik is named as OBJECT. It also
has a dependent at the 5th token whose dependent is the 4th whose dependent
is the 3rd. By combining these, the object and subject phrases are found as “saf
madde” and “ayirt et ozellik”, respectively. These are much better in capturing

the essence of the question. We also show the corresponding covered information

in Figure 4.3.

{“saf madde ayirt et ozellik” }

Word Dependencies By using the dependency tree we constructed, we extract
one to one dependencies and use them as bag-of-dependencies, i.e., they are depth-

1 parent-child relations.

{“saf-madde madde-ne ayirt-et et-6zellik 6zellik-ne 7-ne” }
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4.3.1.3 Semantic Features

Semantic features provide extra information based on the context of the question.
In general, words have different semantic relations to other words, entities in the
world. If a classifier is unsure about a word, it can deduce what it is about if it
knows another word that relates to that word. However, semantic relations are
mostly defined at the word level. Therefore, we extract semantic features based
on the objects and subjects of questions. In order to extract semantic features,
generally WordNets are used. In this work, we use the semantic relation data set
from [83, 84]. It contains 127,203 relations and is general purpose not educational.
The data set was constructed using 98,107 words from TDK (Turkish Language
Association) dictionary [85] and 160,049 from Vikisozluk [86]. It has “word <
relation — word” format. Based on the data set, the following features are
extracted and used as bag-of-words. We also list the ratio of questions that we

were able to extract for each feature.

Synonyms Synonyms are other ways of saying words (e.g., autumn synonym
fall). (Extraction: 65 % of questions).

Antonyms Antonyms are the semantic opposites of words (e.g., autumn

antonym spring). (Extraction: 1.6 % of questions)

Hypernyms A hypernym of a word is defined as a generalization of it (e.g.,

autumn hypernym season). (Extraction: 27 % of questions)

Hyponyms A hyponym of a word is a specification of it (e.g., autumn hyponym

october). (Extraction: 1.6 % of questions)
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Side Concept While hypernyms and hyponyms result from a parent-child
relationship, side concept can be viewed as a sibling relation (e.g., autumn

side_concept summer).(Extraction: 1.1 % of questions)

Associated Words Associated words denote words that do not have a family
relationship but are somehow related (e.g., observation word_assoc observation

satellite).(Extraction: 6.6 % of questions)

Similar to This relation captures words that are lexically similar (e.g., obser-

vation similar_to observer). (Extraction: 1 % of questions)

Used For In this relation, the target concept denotes what the source concept

is used for (e.g., eraser used_for erasing). (Extraction: 0.7 % of questions)

By Goal This relation is quite similar to the Used for relation but the target
concept is not a direct consequence of the source concept (e.g., assembly by_goal

talking). (Extraction: 0.7 % of questions)

4.3.2 Ensemble Method

In our experiments, we have used Weka [87] which is an open source data mining
software written in Java and equipped with many machine learning algorithms.
We tried many classifiers from it. We observed that some of them were able to
classify some class of questions better than others. This has led us to think that
by combining these classifiers, we may be able to get better accuracy. We chose
simple majority voting because it gave us better accuracy. It should be noted
that by majority we actually mean first-past-the-post rule, i.e., the subject with
the highest number of votes directly wins. Equation 4.1 gives the rule where ¢

represents the question, C; the classifier ¢, n is the number of classifiers. Equation
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Figure 4.4: Overview of the Search Based Classifiers

4.2 shows how the probability of assigning ¢ to each class is calculated where c¢;

is the class i and S = {¢1, 9, ..., cs}

Classify(q) = mode{C1(q), C2(q), ...,Cn(q)} (4.1)

S ee PelCra)
ZciES ZC’jEC’ P(CZ|C]a Q)

P(cilq) =

Preprocessing We applied traditional information retrieval techniques in the
preprocessing step of the training and test sets. A stemming tool [88] is applied
to reduce the number of features. We also remove the Turkish stop words [89]

and do lowercasing, and a lot of noise, punctuation removal.

Search Based Classifiers These classifiers utilize the resources we have and
do not require training. They are also very fast. An overview of search classifiers

is given in Figure 4.4.
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Book Search Classifier We have implemented a searcher on the book
set using Lucene. First, we indexed the books. If we search a question in
these books/documents, since each book/document represents a subject, the
first matching document for this question becomes the classified subject. Here,
Lucene’s default similarity is used and a threshold t=0.025 is applied to further

improve the accuracy. Documents passing the threshold are taken into account.

Object Search Classifier We retrieve the subject information such as “Sci-
ence” from the path column of a learning object given in the format (title, de-
scription, path). We treat each object as if it is a document and we want to search
through these objects. Thus, we index them (i.e. their title + description) along
with their subjects. If a question is asked, we search through our learning object
index and return the most similar objects (i.e. documents) in our case. Since the
index returns the instances based on a ranking, doing a weighted/graded voting
may be better than the equal-weight majority voting. We settle with the fol-
lowing voting function based on our observations. Here, r represents an object

returned as a result and 7 is a class.

L) 1 :class(r)=i
i) = { 0 :class(r) #i (43)

Classify(Q) = argmax > (y(r;, )/(j +1)) (4.4)

For the value of k, the number of results to retrieve, we decided on empirical value
40. If we had simple majority voting, k=5 would be our choice. But we decided
on the weighted voting because it performs better based on our observations.

Furthermore, we use BM25 here without any threshold.

Term Search Classifier We indexed the terms in the educational glossary
where a document is represented as <term, definition, class>. Using the same

idea in the object search, we implement a classifier.
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Term-Object Search Classifier We combined the data from two data
sources of educational glossary and Vitamin learning objects and build a search

classifier that searches in this combined index.

Machine Learning Classifiers We have used the following classifiers: Naive
Bayes Multinomial Updateable (NB), Complement Naive Bayes (CNB), Discrim-
inative Naive Bayes (DMNB), SVM (Linear, Radial Basis(RB)), and HyperPipes
(HP). For all these classifiers, we have tried to optimize their specific parameters

also including normalization and the number of words to store.

4.3.3 Query Expansion

We implement a query expansion (QE) mechanism to enhance the query class
for classification. The idea is to expand the question with terms from the same
subject in order to increase the accuracy of the training and testing. Rather
than using traditional query expansion mechanisms such as Rocchio’s or finding
the headword of the query then expanding it, we use a simpler approach taking
advantage of the structure of our term list. Using the term list we compiled, we
create an index in the form <title, definition, class>. Taking the question as a
document, we search through our index finding the most similar documents. Since
the title itself intuitively represents the most important word in that document,
we simply take the title as our expansion term. However, further improvements
are necessary. We calculate the score of each document first and use an empirical
TFIDF threshold 0.8. Documents passing the threshold are taken into account.
Furthermore, before expanding a query we ensure that the expansion term is not
arare term. We assume that terms that occur in a small number of documents are
to appear in a small number of instances in classification as well, which makes the
classification of these terms harder. For this reason, we simply check whether the
terms document frequency is larger than a threshold (3 in this case). We also find
out that larger number of expansion terms degrades the classification and use only

one expansion term. Finally, since we know the classes of the expansion terms
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as they are indexed, we do a premature classification of the input query using a
voting among the returned documents and find an initial class. Documents that
do not belong in this class are discarded. After all these improvements, we observe
that only around 14% of queries are expanded. Below, we give some examples of

questions and resulting expansion terms after applying our expansion method.

Bilgisayar aglar1 nelerdir?—internet

What are computer networks? — Internet

Diinyanin gekli tam olarak nasildir?—geoit
What is the exact shape of the Farth? — Geoid

Ig ipligi olugturma gorevi hangi organele aittir—sentriyol
Which organelle is responsible for creating interconnecting fibers?—

Sentriole

Hangi bilim dallarinda cahsanlar MLyi sik sik  kullanirlar?—
biyomekanik

In which disciplines do people use ML frequently?—Biomechanics

In our query expansion experiments, we observed that we were able to provide
hints, if not exact answers, to the posed questions. In fact, query expansion is

highly used in automatic question answering systems [90].

4.3.4 Exploiting Search Engine Results

Search engine result pages are relevant to the question itself and it is intuitive to
use SERPs for classification. In fact, if we had a query result classifier, we may
have expected that the majority of results returned to the query to be from the
same subject. Since building a new classifier for SERPs requires extra effort of

labeling, we use our question classifier to classify the SERPs as well. Since SERPs
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are in a different form than questions, we only use the bag-of-words features for

classifying them and do not use the syntactic and semantic ones.

For finding out what the majority of query results returned to a query says
about the subject of the query, we use a voting scheme that emphasizes the
ranks and per-class probabilities of query results and initial classification of the
question. In this way, top documents will have a higher impact on the voting (see
Equation 4.5). Here, ¢, represents the final class of the query. d; is a query result
returned to query ¢ at rank j. P(c|g) and P(c|d;) are the initial probability of
query g and query result d; being in class ¢, respectively. These are calculated
using our ensemble method (see Equation 4.2). We also optimize the classification

accuracy by selecting top 20 results.

¢y = argmax AP(clg) + (1 —X) Z [%H (4.5)

A is a confidence parameter between 0 and 1. When it is bigger than 0.5, we
put more trust on the initial classification of the query. When it is smaller than
0.5, we trust more on the knowledge of query results. In order to incorporate
trust, we use the assumption that questions with fewer terms are less informative
about their classes. Therefore, in classifying shorter questions, we trust the voting
among query results more with smaller A\. This result in the following setup: For
shorter questions (i.e., shorter than or equal to 6 tokens) A = 0.3, otherwise
A = 0.5. The choice of “6” is not arbitrary. It is the median number of tokens
of a question in our data set. Additionally, using this method we are able to
calculate the final class wise probabilities P(c;|q) of queries without needing a

transformation, which can be used for various purposes later.

We use the snippets of query results when classifying them. Other approaches
may include aggregating all query results and making a classification on this
aggregated document. Utilization of full web pages was also possible. We also
tried those and chose the previously stated individual weighted voting scheme over

these other approaches because those methods did not show promising results.
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Table 4.3: Instance Distributions as Result of Labeling

Social Sciences 1463 English 148
Miscellaneous 795  Mathematics 526
Religion 231  Science 1125
Turkish 511  Republic History 201

4.4 Experimental Results

We have randomly selected 5000 questions from our question set and labeled them
based on the classes in Table 4.3 which also shows the class distribution. The
decision on this number of classes is in accordance with the external resources i.e.,
not all data sets shared the same class labels and our setup is a combination that
made the use of the external data sets possible. In our experiments, we obtain the
accuracy by 10-fold cross validation. For each fold, we train 90% of questions and
classify 10% of questions and query results returned to them and then improve
the classification of these pre-classified questions using the pre-classified query

results by employing the voting technique described in the previous section.

As the first feature space, we first try the bag-of-words model, namely unigrams
and bigrams. According to this setup, Table 4.4 gives the results of individual
classifiers, our ensemble method and the SERP enhancement over it. The ensem-
ble method contains NB, HP, CNB, DMNB, Book Search, Term-Object Search
and SVM (Linear and RB). The results show that Naive Bayes and SVM (Lin-
ear) based classifiers perform well but our retrieval based classifiers perform the
worst. We also see the small but positive effect of query expansion which is 0.2%
over the ensemble. SERP enhancement is observed to be 4.8% over this. Query

expansion and SERP enhancements add up to 5% improvement.

Next, we run experiments on a broader feature space and try to find the fea-
tures that are the most beneficial. Table 4.5 shows our greedy approach reducing
the feature space (see Table 4.1 for abbreviations). Our approach is similar to the
sequential backward selection (SBS) algorithm where we start with all the fea-
tures and eliminate those that provide the highest accuracy gain when removed

at each step. Jain and Zongker discuss the advantages and limitations of this and
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Table 4.4: Individual, Ensemble and SERP Enhancement Accuracies using the
Bag-of-Words Model (U-B)

NB 75.9
HP 55.2
CNB 76.4
Book Search 54.0
DMNB 77.2
Object Search* 55.7
Term Search™ 54

Term-Object Search 64.4
SVM (Linear) 76.8
SVM (RB) 66.8
Ensemble 78.2
Ensemble+QE 78.4
Ensemble+SERPs 82.0

Ensemble+SERPs+QE 83.2
(*:not included in the ensemble)

other feature selection algorithms such as sequential forward selection (SFS) in
[91]. As the results suggest, in addition to unigrams and bigrams, we find tagged
unigrams, object, subject, hypernyms of the object and subject to be the most
beneficial. Table 4.6 gives the confusion matrix for the final classifier which is
built using unigrams, bigrams, tagged unigrams, object, subject, hypernyms of
object and subject, query expansion and SERP enhancement. Before reviewing
class-wise confusions, we will focus on the Miscellaneous category since it is the
most confused one. The primary reason is this category hardly has any integrity
in itself. During the labeling process, we put questions that do not fit into any
other category into this; forcing many one-time or rare questions to be associated
with each other. Since we mainly use Bayes based classifiers, that makes even
harder to recognize this category which is hard to be established on mere word
occurrences. We could opt to further atomize this class into smaller classes with
very few instances or we could completely eliminate this class by saying that some
of the questions are not classifiable. However, we found many of these questions

to be education related, thus kept the class.

Considering class-wise confusions, we observe that the classifier confuses three

classes the most: Social Sciences, Science, and Miscellaneous. We will try to
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Table 4.5: Lexical, Syntactic and Semantic Features Accuracies

Lexical* Syntactic Semantic Accuracy

WH-WS-QL  P-TU-OS-OSP-WD  S-A-HR-HO-SC-AW-ST-UF-BG  77.62
WH-WS-QL  FP-TU-OS-OSP-WD  S-A-HR-HO-SC-AW-ST-UF-BG  77.32

WH-WS-QL FP-TU-OS-OSP-WD  S-A-HR-HO-SC-AW 78.78
WH-WS-QL FP-TU-OS-OSP-WD HR-HO 78.8
WH-WS-QL FP-TU-OS-OSP-WD HR 79.04
WH-WS-QL FP-TU-OS-OSP HR 79.22
WH-WS-QL FP-OS-OSP HR 77.9
WH-WS-QL FP-TU-OS HR 79.24
WS-QL FP-TU-0OS HR 79.32
QL FP-TU-0OS HR 79.6
QL P-TU-OS HR 79.16
QL P-OS HR 78.18
QL FP-TU-0OS HR 83.3t
: FP-TU-0OS HR 83.34+
. TU-0S HR 83.581

(*:U-B-QE enabled in all)
(t:SERPs enabled)

explain this using the relation between Miscellaneous and Social Sciences. The
highest confusion occurs with Miscellaneous questions classified as Social Sciences.
This is because Miscellaneous category contains questions similar to Social Sci-
ences but these are too specific to be included in the Social Sciences curriculum
or they are so rare that the classifier assigns them to the first class it finds a clue
about. Consider the following miscellaneous question example below. Underlined
words are the most important words and we see that the most important words
of the miscellaneous question are contained in Social Sciences to which the clas-
sifier assigns it. The same logic applies to classifying Miscellaneous questions to

Science.

Miscellaneous Q:Japonya’da Avukat olmak i¢in ne yapmak lazim?

What should I do to become a lawyer in Japan?

Social Sciences Q.1: Avukatlik mesleginin toplumdaki yeri ve 6nemi
nedir?
What is the place and the importance of the law profession in the so-

ciety?
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Table 4.6: Confusion Matrix for the U-B-TU-OS-HR-QE-SERPS Model

predicted

G s =2 E &
2 02 B a4 2 s 8 B
E = 4 £ & & & =
Turkish 447 1 0 5 1 31 2 24
Math. 2 482 0 0 0 15 3 24
English 9 0 124 2 0 2 1 10
—= Rep. Hist. 6 1 0 157 0 31 1 5
£ Religion 4 0 0 0 191 17 3 16
< Soc. Sci. 19 7 0 6 2 1279 55 95
Science 6 18 0 0 0 69 978 54
Misc. 390 12 1 2 4 161 55 521

Social Sciences Q.2: Japonyanin bagkenti nedir?
What is the capital of Japan?

Table 4.7 shows the precision, recall and F1 measurements for each class for
the first model (U-B-QE-SERPS) and the second (U-B-TU-OS-HR-QE-SERPS).
English shows the optimal performance (near optimal for the second model) in
precision, meaning that there are no false positives for English questions. This
may be because the most of the student questions in the English subject are asking
for translations of sentences from Turkish to English or homework assignments
such as English summaries of known books. Mathematics shows the overall best
performance with the highest F1 score. This may be because the questions on
this subject are formed as mathematical problems that have direct answers (e.g.,
If two trains are approaching each other at A and B km/h, when are they going
to meet?) and have not much in common with other subjects. It is also the best
in terms of recall which denotes the rate of correct identification of the ground

truth. Miscellaneous category is the least successful in terms of F1 score.
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Table 4.7: Measurements for Each Class

U-B-QE-SERPS U-B-TU-OS-HR-QE-SERPS
Class Precision Recall F1 | Precision Recall F1
Turkish 0.81 0.87 0.84 0.84 0.87 0.86
Mathematics 0.92 0.92 0.92 0.93 0.92 0.92
English 1.00 0.84 091 0.99 0.84 0.91
Republic History 0.91 0.77  0.84 0.91 0.78 0.84
Religion 0.95 0.83 0.88 0.96 0.83 0.89
Social Sciences 0.80 0.88 0.83 0.80 0.87 0.83
Science 0.88 0.86 0.87 0.89 0.87 0.88
Miscelleanous 0.72 0.65 0.68 0.70 0.66 0.67

4.5 Conclusion

As a first step towards improving the answer quality in educational Q&A sites,
we addressed the classification of user questions into the subjects in the K-12
curriculum. In our work, we develop an ensemble classifier in order to classify a
subset of questions we collected from an educational Q& A website. This ensemble
classifier utilizes a few supervised classifiers as well as unsupervised, external
resource based ones. By using SERPs over the ensemble classifier, we obtain the
question classification accuracy as 83.2%. We also use other features to slightly

improve the accuracy to 83.58%.

There are several directions for future work. We used a question classifier for
both questions and query results. Building a classifier specific for query results
can also improve question classification (similar to [30]). Furthermore, in using
book search, it may be better to have fine grained documents instead of combining

all textbooks of a course into a big document.
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Chapter 5

Search Engine Result Page

Ranking based on Classification

5.1 Introduction

General search engines are one of the most useful tools to students who are trying
to find answers to their questions. However, coming from a pool of resources,
results may not be as context-aware as they expect. In this work, we try to
answer two basic questions: 1) Is there a relation between the relevance of query
results and query-document category (i.e., educational subject such as Math,
Science etc.) pair? 2) If yes, can we improve the overall relevance by using this

category knowledge to make the educational search better?

We use Bing to obtain initially ranked query results to educational questions
and to establish a baseline. Note that we may refer to them questions or queries
interchangeably throughout the work since these are the questions that are to be
issued as queries. We label these queries with their query results and find out
that the answer to the first question is yes. After finding query results that may
be irrelevant using the classifier described in the previous chapter, we demote

them in their lists with different methods. In order to compare these methods,
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we use the NDCG metric. We perform our evaluation on query sets that vary in
query length and being factoid and non-factoid. We perform significance tests to

answer the second question as yes.

The rest of the chapter is organized as follows: Section 5.2 describes the data
set and the labeling process. Section 5.3 presents how we use the classifier to
indicate query-result similarity. Section 5.4 gives the details of our methods.
In Section 5.5 we evaluate our methods. Section 5.6 concludes the chapter and

mentions future work.

5.2 Data Set and Labeling

We have randomly selected 150 questions from the 5000 labeled question set.
Based on a graded relevance scheme, we have labeled the top-50 results obtained
from Bing search engine for these questions. A screen from the labeling system
we developed is given in Figure 5.1. The grades were 3, 2, 1, 0 where 3 represents
a very good document and 0 represents a completely irrelevant one. Our labeling
of query results consists of two parts: Labeling for relevance and labeling for the

class.

The resulting relevance of query results after the labeling is given in Figure
5.2b. In Figure 5.2a, we see an expected behavior; the number of highly graded

documents decreases as the result rank increases and vice versa.

We also present the relationship between the query classes and the document
classes in Table 5.1. Tt is seen that 99% of the results that do not share the
same class (¢, # ¢q4), are found to be irrelevant (i.e., P(irrelevant | ¢, # ¢4) =
0.99). This means that class difference may be an indicator of irrelevance in the
education context. On the other hand, of the irrelevant pages only 39% found to

be from different classes (i.e., P(c, # ¢4 | irrelevant) = 0.39).
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Table 5.1: Class Match Contingency Matrix

Relevant Irrelevant
Cq = Cq 4232 1864
Cq # Cd 9 1192

5.3 Estimating Similarity based on Classifica-

tion

Retrieval systems try to rank documents based on similarity measures that try to
estimate P(d|q), the probability of seeing document d given query q, in different

ways. We start with the same point. If we take the relevance to be :

P(qld)P(d)

Sim(d,q) =~ P(d|q) = 5.1
im(d,q) = P(dlq) P (5.1)
When we take P(q|d) as P(c;|d)P(q|c;) and do this for each ¢;:

P(q)

c;eC
When we take P(q|c;) as P(c;|q)P(q)/P(c;) using Bayes theorem and ignore P(d):

P(eild) P(eilq)

Sim(d, q) ~ Z (e

c,eC

(5.3)

P(c;|d) and P(c;|q) are the probabilities of classifying document d and query ¢ in
class ¢;, respectively. These are already available using our classification method.
P(c;) can be calculated by dividing the number of instances of ¢; in the population
by total number of instances: n.,/ ch cc Me;- Or, we can further simplify by ig-
noring this. This reduces the summation to an inner product between probability

vectors. Consider the example in Table 5.2.

In fact, by using query and document vectors as shown in the example, where
each point is represented by a class probability, we can calculate other vector-
based similarity measures. For the sake of this work, we focus on the initial

similarity.
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Table 5.2: Similarity Example

P(c) Plea) Ples) Sim(d,q)
query 0.7 0.3 0.0 -
dy 0.3 0.5 0.2 0.3x0.7+0.5x034+0.2x0.0=0.36
ds 0.5 0.3 0.2 0.5x0.74+03x0340.2x0.0=0.44
ds 0.6 0.1 0.3 0.6 x0.7+0.1x0340.3x0.0=0.45

5.4 Proposed Methods

In this section, we list the ad hoc methods we use to improve the ranking for

educational queries. We use the following notation:

1 : the initial rank of a query result, 0 < < 50
d : the newly calculated rank of a query result, 0 < d < 50

Additionally, the top ranked query result was too important that we do not touch

the ranking of this document for any query.

5.4.1 Point-wise

These algorithms try to demote query results that are classified differently than
their query. However, since our classifier, which is described in the previous
section is not 100% accurate, we risk demoting pages that can be relevant. These
algorithms work basically like this: We find a query result classified differently
than the query and its similarity score (described in the previous section) is lower
than a threshold, we demote this page to a rank that is calculated by the methods

below.

Naive Push Down If we had a 100% accurate classifier, we would directly
demote query results to the end of the list. Since we have 50 pages at most, this

method pushes a query result to the end of the list.
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Step Push Down This method is purely based on the current position ¢ of
the query result, aiming to provide a smooth reduction mechanism by dividing

by the logarithm.

d=1i+ [mw (5.4)

Confusion Push Down We calculate the probability of confusing one class of
queries with others using the confusion matrix from Chapter 5 (dividing pairwise
confusion by total confusion). With this method, demotion amount is calculated
to be larger when transitivity between the class of the query ¢, and the class of
the query result ¢; is smaller. g(.) is a transformation function that scales the
probability values which are between 0 and 1 to the desired range. For instance,
questions with types “Social Sciences” and “Miscellaneous” can be confused with
each other more often than any other pair. This indicates a higher error rate of
classification for such “Social Sciences-Miscellaneous” pairs and motivates us to
demote such query results more cautiously.

L [e(Pleiley))
d=i Logz (i +2>W 29

Hybrid Push Down This method tries to combine Step and Confusion meth-
ods. A is a weighting factor. We take it as 0.5.

. X+ (1= N)g(P(cileq))
d=it [ logy (i + 2) W >0

5.4.2 List-wise

Rather than thinking about a pointwise demotion technique, we can calculate a
generic score for all results that use both the initial ranking and the classification

knowledge.

Linear Combination of Initial Relevance and Classification based Rele-

vance If we had the original ranking scores of query results, we could use them.
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Since we do not, estimating the initial relevance can be done in different ways.
One could take the relevance of a query result at rank ¢ as 1/log, @ + 1 or inspired
by the DCG metric; 1/(i + 1). However, since we want a slower decay we use the
relevance function in the form —alog (i 4+ 1) +b; incorporation of both this initial
relevance estimation and the classification knowledge is achieved in the following
equation by using A as a tuning parameter between 0 and 1. In our experiments,
we set it as 0.7. a and b are taken as 0.4 and 2.8, respectively. These values give
us a smooth function between 2.8 and 1.2 for i=0 to i=49. This way, we simulate

the decreasing relevance with increasing rank.

rel(q,d;) = Arelii (i) + (1 — N)Sim(q, d;) (5.7)

5.5 Evaluation

In this section, we provide the evaluation results of our methods that try to

improve educational query result ranking based on classification.

5.5.1 Methodology and Metric

Using the set of query result with relevance judgments, we would be able to eval-
uate performance of the proposed methods. In information retrieval, for binary
judgments many evaluation metrics are used including Precision, Recall, MAP,
and Precision@k. Since we employ graded relevance, we use the highly common
Normalized Cumulative Discounted Gain (NDCG) to evaluate our methods at
various result ranks. NDCG is the normalized version of Discounted Cumulative
Gain (DCG) which gives more importance to higher ranked documents, where

normalization IDCG is the ideal version of ranking; sorted by relevance values.

k 2reli 1
DCGQk = Zl g i 11 (5.8)
DCGQk
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We choose the default ranking of Bing as our baseline. Note that this is a
strong baseline that employs various signals to generate query rankings. We
mostly pay attention to top 10 query results but provide significance tests for

ranks up to 50.

5.5.2 Overall Performance

We run our methods on the set of 150 queries. NCDG@k results (up to @10) are
given in Figure 5.3. For earlier ranks, the Naive method is above the baseline but
starts to decline for not being able to compensate for FP errors (i.e., demoting
relevant pages). Although different in nature, all the other methods seem to
outperform the baseline. The Step method seems to work despite the fact that

it only depends on the initial rank of the query results.

0.91 + —e— Naive
--e-- Step
0.9 7 « Confusion
| Hybrid
0.89 Linear
088 - - Default
0 0.87
O
a)
Z0.86
0.85
0.84
0.83
0.82

@k
Figure 5.3: NDCG Comparison on the Whole Set
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5.5.3 Query Length

In informational retrieval systems, some studies suggest that query length can
be associated with retrieval performance since they take part in the smoothing
processes of retrieval systems and contain more knowledge about user intent in
earlier [92] and later [93] studies. We also want to briefly explore the effect of
query length for our query set which consists of educational questions that are
in natural language form. Our query set consists of 100 queries that have 6 or
fewer tokens and 50 queries with more than 6 tokens. 6 is the median length
of the queries in our entire set described in the previous chapters, meaning that
our choice of 6 is not arbitrary. In Figure 5.4a we see the retrieval effectiveness
of all methods for shorter queries. Although this looks similar to the effective-
ness performance on the whole set in Figure 5.3, we see that the Naive method
performs slightly different at earlier ranks. For long queries, in Figure 5.4b, the
Naive method is not as much separated from the other methods as it is in other
evaluations. We associate this to the assumption that longer queries are better
classified than shorter ones or they return better results. The latter part of the
assumption goes parallel only with the first 2 ranks. Compared to the on the left,
NDCG values drop significantly after rank 2. Our methods seemingly perform

better in longer queries with respect to the baseline, as they do for short queries.

5.5.4 Factoid vs Non-Factoid Questions

In Question Answering research, factoid and non-factoid questions attracted a
wide span of attraction such as [94, 95]. Factoid questions are the ones with

simple and mostly one word or phrase answers. An example is given below:

Q: Wright kardesler hangi tarihte ucagi ucurmaya baglamigtir?
When did the Wright brothers fly their first airplane?

A: 1903’te.

mn 1903.
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Figure 5.4: Changing Query Length NDCG Comparison

A non-factoid question, on the other hand, can be very hard. This type of
questions can be in many forms such as opinion seeking, how, why. An example

is given below:

Q: Anadolu’da ve Mezopotamya'da yasamis uygarliklarin insanliga
yararlari nelerdir?

What are the benefits of ancient civilizations that ezisted in Anatolia
and Mesopotamia?

A: Anadolu ve Mezopotamya medeniyetleri, insanligin ilk yerlegim
yerlerinden olup bilim, sanat, tip gibi alanlara insanligin ilk eserlerinin
goriildiigii yerlerdir...

Anatolia and Mesopotamia, being one of the first settlements of hu-
manity, hosted some of the first explorations in fields such as Science,
Art and Medicine...

In our dataset, we labeled 100 questions on being factoid or non-factoid. We
found 73% to be factoid and 27% to be non-factoid. We run our methods on
these questions. Figure 5.5a shows that relevancy is very high with factoid type

queries and it does not diminish as it is in the other types of queries evaluated in
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Figure 5.5: Factoid and Non-factoid NDCG Comparison

this section. We also notice that the Linear method outperforms the others only
in this type of queries. For non-factoid queries in Figure 5.5b, relevancy declines
fast.

5.5.5 Significance Tests

In order to show that our results are significant, we use paired t-test at each
rank comparing the resulting rankings of each method to the default ranking.
We list the calculated p values at each rank for every method compared to the
baseline in Table 5.3. Note that even though we have a small sample size, our
results are well performing. Confusion and Hybrid methods seem to have p
values smaller than 0.05 and even smaller than 0.001 most of the time. We see
that significance increases as the rank increases since the number of comparison

points also increases.
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Table 5.3: Significance Tests p Values

Method _ _ ND(;G

@1 @2 @3 @4 @5 @6 @7 @y @9 @10 @20 @30 @40 @50
Naive = 011 0.18 0.39 - - - - - - - - - -
Step = 0.06 0.03 0.01 0.07 0.008 004 0.06 0.07 0.03 0.04 0.0008 0.03 0.01
Confusion = 0.03 0.03 0.005 0.03 0.003 0.007 0.15 0.0008 0.002 0.001 0.0006 0.009 0.002
Hybrid = 0.03 0.03 0.005 0.03 0.001 0.02 0.10 0.02 0.0003 0.05 0.00005 0.02 0.0009
Linear = 016 020 014 029 0.07 0.08 0.23 0.26 0.17 0.27 0.007 0.11 0.09

5.6 Conclusion

We showed that the query and the query result classes matter while using web
search for educational queries. Using the educational query classifier we devel-
oped and described in the previous chapter, we provide methods to improve the
ranking of query results in the education context. We use a general purpose
search engine as the baseline and improve the ranking of query results returned
from this system. We use NDCG metric to evaluate our methods with respect
to the baseline on the different types of queries. Our results show significant

relevancy improvement for educational queries.

After showing that the ad-hoc methods work for our purpose, as a future work
direction, we can consider a more generic learning to rank approach. For such an
approach, possible learning features include the current position of the result, an
estimation of the initial relevance, query-document classification similarity (the
one we described in this chapter), cosine, euclidean and correlation distances
derived from query and result class probability vectors. Of course, a learning to

rank approach may require additional labeling of query results.
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Chapter 6

Implementation of a Spell

Checker for Educational Queries

6.1 Introduction

In web search technologies, it is quite common for users to misspell their queries.
According to Cucerzan and Brill [96] in general web search engines, this rate
is more than 10%. In this work, we first examine two search services in the
education field, Vitamin Egitim and Egitim.com in terms of spelling mistakes
using their search logs and we report our findings. We implement an educational
spell checker that outperforms context-insensitive state of the art spell checkers

on various metrics.

6.2 Spell Checkers Background

According to [97], types of spell mistakes can be identified as insertion (e.g., this
— thiss), deletion(e.g., this — thi), substitution (e.g., this — yhis) and transpo-

sition (e.g., this — thsi). This is, of course, a generalization and not related to
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withy
. . Ignore All
My friend was wtih me there i to Dictionary
&, Hyperlink..
When | was going to the mall‘ - NE:‘ Comment
(a) Spell Mistake Detection (b) Spell Correction Suggestion

Figure 6.1: Microsoft Word Spell Checker

a particular language for which spell mistakes may have different characteristics.
Additionally, a word may be in the dictionary but it should be spelled differently
(e.g, I want this bicycle. — I want thus bicycle.). This is again a spelling mis-
take but this type of mistake is out of the scope of this work. These are called
Real-word spell mistakes, whereas the other types are called Non-word spell mis-
takes [63]. Spell checker programs are for instance built into word processors
and search engines. In Figure 6.1a, we see an example of Microsoft Word’s spell
mistake detection and in Figure 6.1b, we see how some suggestions are provided

for correction.

Spell Mistake Detection Spell checkers fundamentally try to tokenize input
text into words, then recognize the parts that do not belong in their dictionary
as spell mistakes. Other spell mistake detection algorithms, for instance, involve
n-gram analysis. In this method, n-grams of input text are compared against a
set of n-grams stored in a dictionary [98]. Some statistical methods do not even
use a dictionary. Based on statistics, they conclude whether a particular n-gram
is likely to occur in a reasonable text [99]. For instance, a Turkish word cannot

start with a 2-gram ”ga”.

Spell Mistake Correction Correcting a spelling mistake is similar to its de-
tection but more sophisticated. When a spell checker tries to correct a word that
it cannot find in its dictionary, it is under the assumption that the misspelled

word is a morphological permutation of some word in its dictionary. Then they
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try to create a ranked list of possible corrections. Automatic spell correction is
when a spell checker replaces the error with the best possible correction. An-
other approach is to include the user into the picture by actually suggesting her
possible corrections and let her decide. Some of the most commonly recognized
spell correction methods are Soundex, Edit Distance, Bayesian-Noisy Channel

and N-Gram based algorithms.

The Soundex Method Similarity of sounds or pronunciations of words are
taken into consideration in this method which goes back to 1918 [100]. In this
method, we calculate a code for an input word. Since we know that similar
sounding words are expected to have similar codes, we fetch the words having

the same Soundex code. Steps of the code generation is as follows:

1. Keep the first letter uppercased.

”»on

2. Replace a,e,i,o,u,y,h,w —

3. Replace b,fp,v — 1
¢,g,j.k,q,8,x,2 — 2
dt — 3
1 —4
mmn — 5

r—6

4. Merge repeating numbers

7N

5. Remove S.

6. Keep the first three numbers, complete to 3 numbers with 0’s if necessary.
Ezxample: Horse — H-62- — H620
Hoarse — H--62- — H620

Edit Distance An edit to a word is defined as one of the following: inserting

a character, deleting a character, substituting a character, transposing characters
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[101]. The idea is to match a string with the minimum number of edits. There
are three versions based on this idea. Levenshtein Distance [102] is defined as
the number of edits to produce a word using another. For instance, the distance
between Horse and Hoarse is 1 with “a” as an additional letter. Hamming distance
is applied to strings with the same length [103]. Another method is to find the

Longest Common Subsequence between strings [104].

Bayesian-Noisy Channel This method is based on Bayesian probabilistic
method. Assume that a string is corrupted during a noisy transfer. In this
method, we try to find the likelihood of a word actually being another word
[105].

Wser = arg max|[P(e|lw)P(w)] (6.1)

weC
In Equation 6.1, e represents the word with the error. We calculate the score for
each word in the corpus C' and select the one with the largest score (i.e., wge).
P(e|w) represents the probability of e being the incorrect version of w whereas
P(w) is the probability of seeing w in corpus C. P(w) can be easily estimated
as the number of occurrences of w in a text of n words, with ~ w/n. P(e|w) is
harder to estimate. This is calculated in [105] as the individual probabilities of
insertion, deletion, substitution and transposing. For example, for a candidate
word w if the operation to transform w is deletion, P(e|w) is calculated as the
number of times this deletion happens divided by the number of total occurrences

in the set.

N-Gram Based N-gram based spell checkers start with the idea that
texts having similar sets of n-grams can be possible spell corrections. For in-
stance, 2-grams of words Horse and Hoarse are {-h,ho,or rs,se,e-}(6 2-grams)
and {-h,ho,oa,arrs,se,e-}(7 2-grams), respectively. The union of this set is {-
h,ho,or,0a,ar,rs;se,e-} (8 2-grams). The intersection has {-hho,rsse.e-}(5 2-
grams). The similarity between two words is to be calculated as in Equation 6.2
where G, represents the 2-grams of word w;. Then similarity(horse, hoarse) =
5/8 = 0.625. Note that this formula is the Jackard coefficient.
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simz’larity(wl, wz) = m
w1 w2

6.3 Proposed Educational Spell Checker

6.3.1 Data Sets

Vitamin [4] is an online service for students enrolled in K-12 level Turkish edu-
cation system. In order to search through the various educational material, they
have an inbuilt search mechanism and gave us some of the query logs issued by

students.

Egitim.com [5], on the other hand, is a free search engine for education mate-
rial, again in the Turkish context. We were given some of the query logs of their

system.

We have randomly selected 2000 non-empty queries out of 25649 from the
February 2014 logs of Vitamin Egitim data set. Similarly, from the Egitim.com
data set of 576821 queries issued between 27.04.2013 and 14.10.2014, we selected

2000 random queries. It should be noted that these queries are non-unique.

In addition, using an educational learning object set provided by Vitamin, we
have compiled a list of educational phrases. A learning object is composed of
a title (i.e., an educational topic), a description of the topic and a path (i.e.,
subject such as Math, Science, etc., grade information such as 8th grade). The
set consists of 6264 instances and we use the title, description and path columns

in our experiments.
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6.3.2 Educational Spell Checker (ESC)

We use Zemberek [106], (an open source NLP library for Turkish) as our base spell
checker. We create another spell checker using jSpellCorrect [107] (an open source
spell checker) which uses our educational word list as its dictionary. Educational
Spell Checker (ESC) is defined as the union of these two spell checkers. If the
query is identified as misspelled by both Zemberek and jSpellCorrect, i.e., the
query does exist in neither Zemberek’s dictionary nor educational word list, then
we evaluate the correction suggestions from both sources whether any of the

suggestions, without considering suggestion order, corrects the spell mistake.

ESC.suggest(query) = Zemberek.suggest(query) U jSpellCorrect(query)
(6.3)
In this work, we consider correction suggestions not the automatic correction
mechanisms. Also the order of suggestions given by spell checkers are not consid-
ered as we do not have their scores. Automatic spell correction can be examined
in another context but we observe that automatic correction rates are expected
to be low compared to having a correct suggestion in the list of unordered spell

correction suggestions.

6.4 Experimental Results

Test queries are tried on Firefox spell checker [108], Chromium spell checker [109],
Zemberek library [106], Google Docs, [110] Microsoft Word [111] and ESC. Since
these queries are not regular text but in the form of web search queries, keywords,

we entered them capitalized into the spell checker tools.

In our experiments, the queries are issued into the tools and we record whether
the queries are misspelled and the type of misspelling with the guidance of Tiirk
Dil Kurumu dictionary [112] and careful consideration of educational field. Our
newly created spell checker and other tools are compared to each other in terms

of the correction and misspelling identification rates.
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Table 6.1: Vitamin Egitim Non-unique Queries Results

Firefox ~Chromium Zemberek Google Docs MS Word — ESC

# N # % # N # % # % # %
Spell Mistakes 308 15 352 18 352 18 220 11 242 12 267 13
Correction 74 24 136 39 114 32 68 31 122 50 130 49

Table 6.2: Egitim.com Non-unique Queries Results

Firefox Chromium Zemberek Google Docs MS Word ESC

# % # % # % # % # % # %
Spell Mistakes 234 12 301 15 284 14 195 10 185 9 248 12
Correction 27 12 61 20 61 21 27 14 56 30 63 25

6.4.1 Non-unique Queries

For the Vitamin Egitim data set, results using non-unique queries are given in
Table 6.1. We have tested 2000 queries. “Spell mistakes”, mentioned in the table
is the number of queries identified as misspelled by the tools. For example, when
Microsoft Word underlines a word with a red line, it is considered as a spelling
mistake. It should be noted that not all identified ones are actual spell mistakes,
i.e., spell checkers may identify a perfectly correct text as a spelling mistake.
This is why some of the spell mistake identification numbers are higher than the
actual value. Correction metric is whether a tool suggests the correct spelling
of a word it identified as misspelled. The order of suggestions does not matter
as long as there exists a correct spelling in the lists. According to the manually
established ground truth, the number of actual spell mistakes in the set is 240

and it corresponds to 12% of all queries.

For the Egitim.com data set, again for non-unique queries, results are given in
Table 6.2. In total, we have tested 2000 queries. According to the ground truth,
there are 129 spell mistakes, corresponding to 6.5% of all queries. Chromium
corrects the largest number of queries. Google Docs is the least successful in this

metric.
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Table 6.3: Vitamin Unique Queries Results

Firefox ~Chromium Zemberek Google Docs MS Word — ESC

# N # % # N # % # % # %
Spell Mistakes 179 19 213 23 205 22 135 14 162 17 178 19
Correction 56 31 95 45 82 40 45 33 8 52 92 52

Table 6.4: Egitim.com Unique Queries Results

Firefox Chromium Zemberek Google Docs MS Word ESC

# % # % # % # % # % # %
Spell Mistakes 204 13 270 18 254 17 175 11 178 12 223 14
Correction 26 13 59 22 52 20 26 15 55 31 54 24

6.4.2 Unique Queries

We have also tested Vitamin Egitim unique queries. We focus more on this
type of queries; although the traditional web search environment witnesses re-
occurrence of the same queries, in the context of spell checking it is healthier to
consider unique queries so that our results are not biased by an outlying spell
mistake that keeps happening so often. Table 6.3 shows the results for unique
queries. Out of 937 unique queries, the number of actual spell mistakes is 157
and it corresponds to 17% of all queries. Spell mistakes are corrected the most

by Chromium and the least by Google Docs.

Table 6.4. shows the results for unique queries for Egitim.com data set. From
this data set, we have tested 1538 queries. According to the ground truth, there

exist 119 spell mistakes corresponding to the 8% of all queries.

6.4.3 Evaluation

We use the binary classification technique in order to understand which tools
perform better. Let’s explain the terminology. If a tool and the ground truth
identify a query as correct, we classify this type of queries as Correct queries, or
True Negative (TN). If the query is marked as misspelled in the ground truth but

a tool fails to identify it as so, this query is classified as Missing spell mistake or
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Table 6.5: Vitamin Binary Classification Results

Firefox Chromium Zemberek Google Docs MS Word ESC

Extra Spell Mistakes (FP) 53 70 58 36 40 31
Missing Spell Mistakes(FN) 31 14 10 58 35 10
Correct Spell Mistakes (TP) 126 143 147 99 122 147
Correct Queries(TN) 727 710 722 744 740 749

Table 6.6: Egitim.com Binary Classification Results

Firefox Chromium Zemberek Google Docs MS Word ESC

Extra Spell Mistakes (FP) 124 164 149 102 95 118
Missing Spell Mistakes(FN) 40 13 14 46 36 14
Correct Spell Mistakes (TP) 79 106 105 73 83 105
Correct Queries(TN) 1295 1255 1270 1317 1324 1301

False Negative (FN). If the query is actually correct but the tool identifies it as
a mistake, this is classified as Eztra spell mistake or False Positive (FP). If both
the ground truth and a tool mark the query as a mistake, then this is classified
as Correct spell mistake or True Positive(TP). For these four categories, Correct
queries, Missing spell mistake, Extra spell mistake, Correct spell mistake, Table
6.5 shows the results for Vitamin Egitim whereas Table 6.6 shows the results for

Egitim.com.

According to Table 6.5, Google Docs is with the highest number of false neg-
atives whereas Zemberek and ESC have the least of them. Chromium finds the
largest number of false positives. ESC finds the smallest. The highest number of
true positives is by Zemberek and ESC and the least of them is by Google Docs.

According to Table 6.6, Google Docs finds the highest number of false negatives
whereas the least are found by Chromium. False positives are found by Chromium
the most and by MS Word the least. Chromium finds the highest number of true

positives whereas Google Docs is the least successful.

In order to compare the tools, the numbers above are not enough and we need
more accurate metrics. Therefore, we use widely common information retrieval
metrics such as precision, recall ve F1 score. Firstly, let’s redefine them.

TP

—_— 4
TP+ FP (64)

precision =
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Table 6.7: Vitamin Data Set Spell Checker Evaluation

Firefox Chromium Zemberek Google Docs MS Word ESC

Precision 0.70 0.67 0.72 0.73 0.75 0.83
Recall 0.80 0.91 0.94 0.63 0.78 0.94
F1Score 0.75 0.77 0.81 0.68 0.76 0.88
Correction  0.44 0.74 0.64 0.35 0.66 0.72

Table 6.8: Egitim.com Data Set Spell Checker Evaluation

Firefox Chromium Zemberek Google Docs MS Word ESC

Precision 0.39 0.39 0.41 0.42 0.47 0.47

Recall 0.66 0.89 0.88 0.61 0.70 0.88

F1Score 0.49 0.54 0.56 0.50 0.56 0.61

Correction 0.25 0.56 0.49 0.25 0.52 0.51
TP

’I“GCCLZZ = m—m (65)

F1 Score — 2T P 2 X precision X recall (6.6)

°TP + FP+ FN © (precision + recall)

Correction, on the other hand, is defined as a tool’s ratio of correctly identifying

spell mistakes and providing a correct suggestion as a fix (see subsection 6.4.1).

According to these metrics, comparisons of tools for Vitamin Egitim and

Egitim.com datasets are given in Table 6.7 and Table 6.8, respectively.

According to Table 6.7, precision is highest with ESC (8% better than the
closest) and lowest with Chromium. As for the recall, Zemberek and ESC (3%
better than the closest) are the most successful and Google Docs is the least.
Their harmonic mean, F1 Score, shows that ESC is the most successful (8%
better than the closest) whereas Google Docs is the least. For the Correction

measure, Chromium is the best and Google Docs is the worst.

According to Table 6.8, precision is highest with ESC and MS Word (5%
better than the closest). It is at its lowest with Chromium and Firefox. As for
the recall, Chromium is the most successful and Google Docs is the least. Their

harmonic mean, F1 Score, shows that ESC is the most successful (5% better than
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Table 6.9: Types of Spell Mistakes

. Example Ratio
Spell Mistake Type Wrong Spelling Cporrect Spelling Vitamin Egitim.com
Fast Typing (FT) Fiilimisler Fiilimsiler 7.64 5.88
Wrong Letter (WL) Intaraktif Interaktif 27.39 34.45
Extra Letter (EL) Etkinlikleer Etkinlikler 9.55 10.08
Missing Letter (ML) Oynlar Oyunlar 25.48 21.85
Compound Word (CW) Ine bahti Inebaht 11.46 16.81
Totally Ambiguous (TA) Qwerty™ - 18.47 10.92

the closest) whereas Firefox is the least. For the Correction measure, Chromium

is the best and Google Docs and Firefox are the worst.

6.4.4 Types of Spell Mistakes

Classifying misspelled queries according to the type of mistakes is studied in the
literature [113]. In our work, we also adapt these mistakes to Turkish context.
According to our analysis on queries, the most common types of spell mistakes

and the ratio of them are given in Table 6.9 based on unique queries.

We also analyzed all the tools for each of these spell mistakes thoroughly in
terms of the ratio of correctly identifying each type and the ratio of correcting
each type. For example, identifying and correcting Fast Typing mistakes is ab-
breviated as F'T-C. Identifying but failing to correct the same type of mistakes is
abbreviated as FT-NC. Therefore, FT-C + FT-NC sums up to the total ratio of
identifying F'T" errors. The results are given in Table 6.10.

According to Table 6.10, in Vitamin Egitim data set, the correction rate is
highest with Extra Letter mistakes. Totally ambiguous typing is never corrected
as expected. Firefox, Chromium, Zemberek, MS Word ve ESC are most successful
with Extra Letter mistakes whereas Google Docs performs better with Compound
Words.

Table 6.11 shows that, in Egitim.com data set, the correction rate is highest

with Extra Letter mistakes similar to the other data set. Totally ambiguous
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Table 6.10: Spell Mistake Detection and Correction by Different Tools on Vitamin
Data Set

FT-C FT-NC WL-C WL-NC EL-C EL-NC ML-C ML-NC CW-C CW-C TA-C TA-NC
Firefox 0.42 0.58 0.44 0.47 0.60 0.33 0.35 0.40 0.50 0.28 0.00 0.59
Chromium 0.67 0.33 0.74 0.21 0.87 0.13 0.68 0.28 0.83 0.00 0.00 0.76
Zemberek 0.42 0.58 0.72 0.23 0.73 0.27 0.60 0.33 0.61 0.17 0.00 0.97
Google Docs  0.33 0.58 0.47 0.35 0.33 0.20 0.18 0.43 0.50 0.17 0.00 0.31
MS Word 0.42 0.58 0.79 0.07 0.80 0.20 0.60 0.30 0.56 0.17 0.00 0.31
ESC 0.42 0.58 0.84 0.12 0.93 0.07 0.65 0.28 0.61 0.17 0.00 0.97
Average 0.44 0.54 0.67 0.24 0.71 0.20 0.51 0.33 0.60 0.16 0.00 0.65

Table 6.11: Spell Mistake Detection and Correction by Different Tools on
Egitim.com Data Set

FT-C FT-NC WL-C WL-NC EL-C EL-NC ML-C ML-NC CW-C CW-C TA-C TA-NC
Firefox 0.14 0.86 0.20 0.34 0.50 0.33 0.15 0.46 0.35 0.30 0.00 0.85
Chromium 0.43 0.57 0.51 0.34 0.50 0.33 0.62 0.31 0.65 0.20 0.00 1.00
Zemberek 0.00 1.00 0.49 0.32 0.50 0.33 0.65 0.35 0.45 0.35 0.00 1.00
Google Docs  0.00 0.86 0.20 0.37 0.42 0.25 0.23 0.31 0.35 0.30 0.00 0.69
MS Word 0.71 0.29 0.56 0.12 0.58 0.25 0.54 0.23 0.30 0.15 0.00 0.69
ESC 0.00 1.00 0.51 0.29 0.58 0.25 0.65 0.35 0.45 0.35 0.00 1.00
Average 0.21 0.76 0.41 0.30 0.51 0.29 0.47 0.33 0.43 0.28 0.00 0.87

typing is never corrected as expected. Firefox, Google Docs, MS Word are the
most successful with Extra Letter mistakes whereas Chromium, Zemberek and

ESC perform better with Missing Letter mistakes.

6.5 Conclusion

Generally, spell checkers identify more spell mistakes than there exists. We also
observe the same thing in an education context. Because this context contains
more foreign-rooted words or abbreviations like EBOB (GCD), EKOK (LCM)
that do not exist in the dictionaries of these tools. As we show with ESC, if we
extend the dictionaries of these tools with educational words, it is possible to
create a more successful spell checker. The number of words that are identified
as spell mistakes even though they are not, drastically reduces with this simple
addition.

An obstacle, however, is whether the spell checkers of these tools are compat-

ible with the web search. For example, Chromium spell checker may be more
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successful than Google Docs just because it is supported by Google search en-

gine.
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Chapter 7

Conclusion

General purpose search engines (GSEs) and community question and answer
(Q&A) web sites are two main destinations for students who are seeking in-
formation online in order to understand a subject or get homework done. The
former comes with problems such as out of context, ineligible or wrong level web
pages returned to the queries when searched on. In our work, we focused on
bringing GSEs closer to the education context and do not pay attention to other
problems for the time being. In that regard, we first perform a short analysis of
the content of an educational Q&A website in order to understand user behavior
in educational Q& A websites. Then, we create a method to classify educational
question queries that are taken from an educational Q&A website. After that, we
use classification based re-ranking methods to show that it is possible to improve
the relevance of GSE result pages returned to educational queries. Finally, we

propose a method that improves spell checkers in the education context.

We list some research directions. We used a rather small educational taxonomy
in the classification part in order to match the data sources. However using a much
larger taxonomy would be beneficial in building a real-world educational search
engine. We approach the question classification problem from the perspective
of query and text classification and it may be possible to increase classification

accuracy by finding and adding other features such as headwords or catch phrases.

72



This would require such an extraction method for Turkish, which is yet to be
implemented. There may also exist other features to discover that are specific to

educational questions or the Turkish language.
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Appendix A

POS Tags

Table A.1: Part of Speech Tags found in the Dataset

Noun Pers Inter;j
Ques WithoutHavingDoneSo Without
Zero NarrPart Dim

Punc PCDat Related
Prop Demons Become
Adj Agt Abr

Conj FutPart AorPart
NAdj Ly PClns

? Det Dup

Verb Quant AsLongAs
PastPart ByDoingSo InBetween
Adverb  Acquire Inf3
PCNom  Neg Since
PresPart PCAbDI

Num When

Inf2 AfterDoingSo

Postp While

Rel JustLike

With Ness

Infl Reflex
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