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ABSTRACT

ANALYSIS OF GRAPH AND TEXT REPRESENTATION TECHNIQUES
FOR NEWS RECOMMENDATION AND NEWS CLASSIFICATION

AGRIMAN, MUSTAFA
M.S., Department of Computer Engineering

Supervisor: Prof. Dr. Pimar Karagoz

February 2022, [67| pages

Developments in computer science leads to increase in the use of software applica-
tions in all areas of life. This also causes an increase in data usage. Applications
using textual data involves tasks such as finding similarities between texts, detecting
events from texts, and classifying texts. However, using graphs and graph vectors can
be more successful than textual methods of representing textual information, due to
capability to express additional features and complex relationships in graph structure.
In this thesis, it is hypothesized that textual data expresse in graph structure will be
more successful than direct text representation in areas such as news recommendation
and news classification. Within the scope of the thesis study, different graph represen-
tation methods have been applied and the results obtained from these methods have

been compared with the performance under text representations.

Keywords: graph, graph embedding, graph mining, news recommendation, news

classification



0z

HABER ONERME VE SINIFLANDIRMADA CIZGE VE METIN
GOSTERIM YONTEMLERININ ANALIZ EDILMESI

AGRIMAN, MUSTAFA
Yiiksek Lisans, Bilgisayar Miihendisligi Bolimii

Tez Yoneticisi: Prof. Dr. Pinar Karagoz

Subat 2022 , [67] sayfa

Bilgisayar biliminde yasanan geligsmeler, hayatin her alaninda yazilim uygulamalari-
nin kullaniminin artmasina neden olmaktadir. Bu da veri kullaniminin artmasina ne-
den olmaktadir. Metinsel verileri kullanan uygulamalar, metinler arasindaki benzer-
likleri bulma, metinlerden olaylar1 algilama ve metinleri stniflandirma gibi gorevleri
icerir. Bununla birlikte, grafik yapisindaki ek 6zellikleri ve karmasik iligkileri ifade
etme yeteneginden dolayi, grafikleri ve grafik vektorlerini kullanmak, metinsel bilgi-
leri temsil eden metinsel yontemlerden daha basarili olabilir. Bu tezde, haber tavsiyesi
ve haber siniflandirmasi gibi alanlarda metinsel verilerin grafik yapida ifade edilme-
sinin dogrudan metin gosteriminden daha basarili olacag1 varsayilmaktadir. Tez calis-
mas1 kapsaminda farkli grafik gosterim yontemleri uygulanmis ve bu yontemlerden

elde edilen sonuclar metin gosterimlerinin performansi ile karsilagtirilmistir.

Anahtar Kelimeler: ¢izge, ¢izge vektorleri, cizge madenciligi, haber 6nerme, haber

siniflandirma
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CHAPTER 1

INTRODUCTION

1.1 Motivation and Problem Definition

Advances in computer science have paved the way for a slew of new applications
in recent years. The amount of data that has to be processed is growing by the day.
All kinds of information in daily life is stored for later use. This leads to problems
in fulfilling faster access to existing data, faster processing of data, and establishing

relationships between data.

With the decrease in the need for traditional methods such as newspapers and tele-
vision, and people starting to follow the news from computers and mobile phones,
millions of different news articles appear online. News recommendation systems
(NRS) are being developed to assist users find the proper and relevant material and to
reduce the problem of information overload by recommending news articles that may
be of interest to news readers. In the literature, there are so many different techniques
in order to recommend news to users. Within the scope of this work, we aim to rec-
ommend news to users by using graph based methods and we hypothesize that graph
based methods gives more accurate results than text based methods. We used graphs
because there are numerous hidden relationships inside texts, embedding a text on a
graph may give a stronger foundation, as graphs have been demonstrated to be a good
data structure for describing textual data [[1]. We may also add more attributes to the
graph structure, such as named entities of nodes of the graph, the date the article was
published, the author of the article, and so on. Therefore, graph-level and node-level
vectorial representations that are in different dimensions can be exported from graphs

and these vectorial representations can be used for similarity calculation between two



graphs.

1.2 Proposed Methods and Models

In this thesis, we aim to develop a news recommendation system by using graph
based methods and hypothesize that these methods give more accurate results than
text based methods. First of all, on the basis of literature review on graph modeling
the news are converted to graph by using two different technique. One of them is
Named Entity Graph Model, the second one TF-IDF based Graph Model. After that,
node-level and graph-level vector representations of graphs are exported by using
different graph embedding methods. Different similarity calculation algorithms such
as cosine similarity, Euclidean distance and Pearson similarity are used in order to find
similar news articles. The analysis was done for graph based and text based methods
are applied on two different datasets (the Turkish and English datasets). And finally,

the ground truths are obtained via user studies.

In addition to news recommendation study, news recommendation system is used for
classifying the news. We have used the similarity results between news to classify
the news. The classification is performed by using the graph based and text based

representations that are proven to be successful in the news recommendation analysis.

In the thesis study, different graph models are analyzed on two datasets (the Turk-
ish and English datasets). The ground truths of news recommendation are obtained
through user studies, which has been a challenging and time consuming process.
Also, time complexities of embedding methods and similarity calculation between

news by using the embeddings are very high.

1.3 Contributions and Novelties

To the best of our knowledge, this is the first work to study comparing text and graph-
based news recommendation system. Additionally, news classification is performed

based on generated new recommendations. Our contributions are as follows:

2
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. Comparison of graph-based and text-based news recommendation systems is

made.

. Different graph embedding techniques are used for graph based news recom-

mendation.

. k-NN based classification method is applied by using news similarity results

for different embedding techniques.

. A hybrid model is constructed by using ranking aggregation method with dif-

ferent graph and text embedding techniques for news classification.

. The performance of graph based news recommendation and news classifica-

tion methods are compared against text based representations on Turkish and

English news collections.

The Qutline of the Thesis

The remainder of the thesis is laid out as follows. In Chapter |2} the literature review

and related studies are given. The suggested model’s mathematical and technical

elements are provided in Chapter [3] The dataset, data preparation, and proposed

graph models are all explained in Chapter ] This study’s approach, workflow and

implementation details are discussed in Chapter [5| The findings of the experiments

are described in Chapter [6] The conclusion is covered in Chapter [7]






CHAPTER 2

RELATED WORK

In this chapter, information will be given about graph representations, obtaining graph
embeddings from graphs, making news recommendation using graph embeddings,

and the studies have been done in the literature on these issues.

2.1 Graph Representation

Graphs are useful data structures for representing complex information about entities
and their interactions. Graphs are popular way to describe online data in a variety
of real-world applications including social networking, natural language processing,
online document interactions, and recommendation. Rousseau et al. [2] propose a
novel approach for the text categorization problem by classifying the graphs. In this
approach, textual documents are modeled as a "graph-of-words". Within a fixed-
size sliding window, vertices represent unique document words and edges reflect co-
occurrences between the terms. In this study, gSpan [3]] algorithm is used for extract-
ing frequent subgraphs in order to give graph classifier as an input. In order to do text
categorization, they used linear SVM classifier by feeding the classifier with frequent

subgraphs. They say that this method is performed best on almost all datasets.

In another study, Genc et al. [4] proposed a novel graph model in order to detect
events from social media data. In this study they name the graph model as "Snake-
Graph" because the graph model contains a chain of nodes. Each unique node in a
tweet and tweet id that is the starting node is added to graph model one by one like
a form of snake. They also add year, month, date information to the graph model.

After that, node embeddings of the each node in the graphs are generated by using

5



the node2vec [5] method. And finally, k nearest node embeddings are found for each
date embeddings by using cosine similarity and connection between the similar nodes

and events are evaluated by a human inspecter.

Huang et al. [6] proposed a novel graph model in order to do recommendation for
e-commerce systems. The graph model contains user-product information in order
to solve the challenges of capturing various information about user-items while also
offering a flexible model that can accommodate different recommendation method-
ologies. To show its flexibility, they created three analytical techniques: direct re-
trieval, association mining, and high degree association retrieval, which cover a wide
spectrum of regularly used and recently proposed recommendation approaches. They
employ a two-layer graph model, in which the two levels of nodes represent prod-
ucts and consumers. The input information is captured through three types of links
between nodes: product information, customer information, and transaction informa-
tion. Each link between two products represents their similarity. Each link between
two customers, likewise, captures their similarities. Their methodology may be used
to execute content-based, collaborative, and hybrid techniques by selecting different
types of links to employ in a recommendation generation process. According to their
results, they reach the conclusion that association mining technique achieved the best

precision in their e-commerce recommendation system.

Schenker et al. [[7] proposed a new graph model in order to cluster web documents.
Firstly, each unique word in the documents is a node for the graph and each node is
connected to following node in the document. Edges are labelled directed and labels
are title, link and text. The matching edge is labeled title if the terms exist in the title.
If the phrases appear in the URL link section, the link is marked on the appropriate
edge. Otherwise, it is categorized as text, implying that both phrases are contained
in the textual body of the document. And then, they use k-means algorithm in order
to cluster similar graphs. Their model’s experimental findings are compared to the
vector-based k-means algorithm, and the suggested model outperforms the baseline
model, according to the researchers. The reason for this is that a graph representation
captures structural information such as the index of the words and the order in which
they appear. However, with a vector-based representation, this type of information is

lost.



2.2 Graph Embeddings

Graphs may be found in a broad range of real-world applications, such as social
graphs/diffusion graphs in social media networks, citation graphs in research fields,
user interest graphs in electronic commerce, knowledge graphs, and so on. Analyzing
these graphs gives insight on how to make effective use of the information hidden in

graphs, and has thus earned a lot of attention in recent decades [8]].

Recently, several methods are proposed to represent the graph (i.e nodes, subgraph,
entire graph) in a latent vector space. To start with node embeddings, many of node
embedding algorithms rely on shallow embedding [9]. In this embedding technique,
there is an encoder and decoder. There are two types of approaches in this technique:
matrix factorization-based approach and random walk based approach. Laplacian
Eigenmaps [10], Graph Factorization (GF) [11], GraRep [12] and HOPE [[13]] are the
methods for matrix-factorization based approach. This approach is based on tradi-
tional dimensionality reduction [14] techniques. The Graph Factorization (GF) tech-
nique uses the adjacency matrix to define node similarity directly; GraRep uses the
adjacency matrix’s different powers to capture higher-order node similarity; and the
HOPE algorithm offers general similarity measures. DeepWalk [15] and node2vec
[S]] are the methods for random walk based approach. The random walk methods try
to maximize the probability of visiting a vertex v; from an initial vertex v;, p(v;|v;)
if v; is visited by a walk of length T. These techniques employ negative sampling
and update just a small fraction of the weights of negative instances (vertices) at each
iteration since optimizing embeddings for each vertex at each step is exceedingly

expensive.

Also, whole graph or subgraph can be represent as a single latent vector. Sub2vec
[16] is an unsupervised method for learning feature representations of arbitrary sub-
graphs. This method wants to preserve two different properties named neighborhood
and structural of subgraphs. Graph2vec [17] learns different sized graphs and embeds
them into a fixed length vector using unsupervised learning methods. The notion re-
lies on the skipgram networks, which is mostly associated with doc2vec [18], an

extention of word2vec [19] technique.



2.3 Recommendation Systems

Recommendation systems assist people in making decisions when they lack adequate
personal experience with the alternatives, and they are especially important in this
age of information overload [20]]. Because of the increased quantity of information
that consumers must analyze before deciding which things satisfy their needs, recom-
mendation systems have begun to be widely used in real life. Pongpech et al. [21]
created a recommendation system that suggests a set of prioritized recommendation
objectives for each individual based on his or her completed courses in one of their
works in the field of recommendation systems. The majority of recommendation sys-
tems involve rating things based on collaboration filtering, i.e. model based items.
However, in the education domain, where specialists must pay more attention to the
learners’ educational backgrounds and needs in order to provide appropriate recom-
mendations, such a ranking technique may not be suitable. Because of this reason,
they base their recommendations on each learner’s educational background, which
they depict as a collection of completed courses. In their recommendation process,

these completed courses are regarded as a key index.

As a different usage area of recommendation systems, recommendation systems are
frequently used by e-commerce sites to propose products to their customers. A recom-
mender system for an e-commerce site takes information about the items a customer is
interested in and suggests products that are likely to meet her needs [22]. Sarwar et al.
[22]] did a study in order to compare existing recommendation system for e-commerce
sites and they achieve that collaborative filtering based algorithms with dimensional-
ity reduction techniques have the potential to scale to enormous data sets while still
producing high-quality suggestions. The collaborative filtering approach compares
individuals based on their known preferences and suggests things that are chosen by
similar users and collaborative filtering is widely used in recommendation systems.
In this study [22]], user-based collaborative filtering has been used. Cluster-based
collaborative filtering [23]] , Item-based collaborative filtering [24] , Dimension re-
duction based collaborative filtering [25]] , Bayesian network based recommendation
[26] , Horting Graph-theoretic collaborative filtering [27]], Association rules based

recommendation [28]] have been used in different studies too.



Since the internet allows access to news materials from millions of sources throughout
the world, online news reading has grown in popularity. One of the biggest challenges
for news websites is assisting readers in finding interesting content to read. In this
research area, Li et al. [29] proposed a novel approach for news recommendation.
They offer a scalable two-stage customized news recommendation strategy based on
a two-level representation that takes into account the unique properties of news items
(e.g., news content, access patterns, named entities, popularity, and recency) when
making recommendations. A systematic framework for news selection based on the
inherent feature of user interest is also offered, with a good balance between the
proposed result’s originality and variety. The recommendation is carried out in two
stages, the first of which divides the news collection into groups, and the second of

which seeks to propose news items.

In another study, Liu et al. [30] proposed a click based personalized news recommen-
dation study. They presented a study on how to create an efficient information filtering
system for news recommendations in a large-scale website like Google News. They
started with a log analysis to see how user interests in news subjects changed over
time. The log analysis revealed differences in users’ news interests and revealed that
individual users’ news interests are impacted by the local news trend. A Bayesian
framework is presented for modeling a user’s genuine interests based on her previous
click history and predicting her current interests by combining her genuine interest
with the local news trend. In content-based news recommendation, the mechanism
for predicting user interests was merged with the current collaborative filtering pro-
cess to provide tailored news suggestions. They used the hybrid technique to test the
news recommender on a small portion of real traffic on the Google News website.
The experiment revealed that the hybrid strategy increased the quality of news sug-
gestions and drew more frequent visits to the Google News website when compared

to the conventional collaborative filtering method.
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CHAPTER 3

PRELIMINARIES

In this chapter, technical background for the approaches, paradigms, and algorithms
employed in this thesis is described in order to serve as a foundation for the rest of

the thesis.

3.1 Named Entity Recognition (NER)

Named entity recognition (NER) is a subtask of information extraction that aims to
discover and categorize identified entities referenced in unstructured text into pre-
defined categories such as person names, organizations, places, time expressions,
quantities, percentages, and so on. Named entities are significant targets for most lan-
guage processing algorithms since they hold key information in a phrase. Accurate
named entity recognition is a valuable source of data for a variety of NLP applications
[31]]. Named entity recognition research employ a variety of methodologies. Machine
learning and deep learning-based systems are being produced more commonly today,
although statistical and rule-based research were dominating in the earlier systems

[32].

In this study, CRF-based NER model that was proposed by Cekinel et al. [32] is used
to identify entities for the Turkish dataset, Spac that is a NLP library is used to
identify entities for the English dataset.

1 https://spacy.io/

11



3.2 TF-IDF Term Weighting

The term frequency value and inverse document frequency value are combined to
create the TF-IDF measure. The words with the highest TF-IDF term weight ratings
are considered to be more significant [33]. The number of times a word appears in a
document is directly proportional to its term frequency (TF). The inverse document

frequency (IDF), on the other hand, gives rare words greater credit.

In our model, normalized term frequency (TF) value is calculated using the formula
given in Equation 3.1 and inverse document frequency (IDF) value is calculated using

the formula given in Equation 3.2.

fw,d

maz(fu q:w € d)

TF(w,d) = 0.5+ 0.5 * 3.1)

N

IDF(w, D) :l09(1+|deD:w € d|

) (3.2)

Using the algorithm in Equation 3.3, we calculate the TF-IDF score of each token in
the whole dataset. Then, because the TF-IDF score may be utilized as a significance

indicator, words with low TF-IDF scores are excluded.

TF — IDF(w,D) = max(tf(w,d) : d € D) xidf (w, D) (3.3)

3.3 Cosine Similarity

The cosine of the angle between two n-dimensional vectors is named as cosine simi-
larity [34]. It is the dot product of the two vectors divided by the product of the two
vectors’ magnitudes. The values range from -1 to 1, with -1 being the most different
and 1 being the most similar. Calculation of cosine similarity in this study is given in

Equation 3.4.

A-B

similarity(A, B) = 114 = [|B]|

(3.4)

12



3.4 Pearson Similarity

Pearson similarity is defined as the product of the covariances of two n-dimensional
vectors divided by their standard deviations [35]. The values range from -1 to 1,
with -1 being the most different and 1 being the most similar. Calculation of Pearson

similarity in this study is given in Equation 3.5.

cov(A, B)

similarity(A, B) =
OA0RB

(3.5)

3.5 Euclidean Distance

The Euclidean distance is the distance between two coordinates in n-dimensional
space measured in straight lines [36]. The smaller the distance between two points,
the more similar they are. Calculation of euclidean distance in this study is given in

Equation 3.6.

distance(zx,y) = \/(xl —y1)?+ (wo — o) 4+ - + (T, — Yn)? (3.6)

3.6 Jaccard Similarity

The size of the intersection divided by the size of the union of two sets is known as
Jaccard similarity [37]. The values range from O to 1, with 0 being the most different
and 1 being the most similar. Calculation of Jaccard similarity in this study is given

in Equation 3.7.

B |AN B
- |AUB|

similarity(A, B) (3.7)
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3.7 Naive Bayes Classifier

By assuming that characteristics are independent of class, the Naive Bayes classifier
dramatically simplifies learning. Although independence is often over simplifying
assumption, Naive Bayes often outperforms more complicated classifiers in a variety
of real world problems [38]]. It is a classification method based on Bayes’ Theorem
and the assumption of predictor independence. A Naive Bayes classifier, in basic
words, posits that the existence of one feature in a class is independent to the presence

of any other feature. Bayes’ Theorem is given in Equation 3.8.

P(B]A)P(A)

P(AIB) = =5

(3.8)
where, P(A|B) is the posterior probability of class, P(B|A) is the likelihood, P(A)
is the prior probability of the class and P(B) is the prior probability of the predictor.

Since it has a better success rate than other algorithms, Naive Bayes classifiers are
commonly employed in text classification. As a result, it is commonly utilized in
spam filtering and sentiment analysis applications. Additionally, Naive Bayes classi-
fier is used with different techniques as a hybrid solution. Ghazanfar et al. [39] pro-
posed a recommendation system that is constructed on the combination of the Naive
Bayes Classifier and Collaborative Filtering. The system employs machine learning
and data mining techniques to filter unseen data and forecast whether a user would

enjoy a given resource.

3.8 Linear Classifier (Logistic Regression)

A linear classifier classifies objects based on the value of a linear combination of pa-
rameters. The qualities of an object are also known as feature values, and they are
often supplied to the computer as a feature vector. These classifiers perform well
for real issues like document classification and, more broadly, problems with multi-
ple characteristics, achieving accuracy levels comparable to non-linear classifiers but

requiring less training and usage time [40]].
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The logistic regression model, which, despite its name, is a classification rather than
a regression method, is another approach to linear classification. Logistic regression
uses linear functions to describe the odds of an observation belonging to each of the

K classes, ensuring that the probabilities add to one and remain in the (0, 1) range.

3.9 Support Vector Machine (SVM) Classifier

SVM is a supervised machine learning technique that may be used to solve classifi-
cation and regression problems [41]]. It is, however, mostly employed to solve clas-
sification tasks. Each data item is plotted as a point in n-dimensional space (where
n is the number of features you have), with the value of each feature being the value
of a certain coordinate in the SVM algorithm. Then we accomplish classification by

locating the hyper-plane that clearly distinguishes the two classes.

hyper-plane

Figure 3.1: Support Vector Machine (SVM)

3.10 Random Forest Classifier

Random forest is an ensemble learning approach for classification, regression, and
other problems that generates a large number of decision trees [42]]. For classification
tasks, the random forest’s output is the class chosen by the majority of trees. Random
forests outperform decision trees in most cases, but they are less accurate than gradi-
ent enhanced trees. Data features, on the other hand, might have an impact on their

performance.
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CHAPTER 4

DATASET AND GRAPH MODEL

4.1 Dataset

In this thesis work, two different datasets are used. The first one is the Turkish dataset

and the second one is the English dataset.

4.1.1 Turkish Dataset

The Turkish dataset has been collected from an online Turkish newspaper siteﬂ The
news data contains news between January 1, 2015 and December 31, 2016 and 32381
online news data. Also, it consists of approximately 500k words. The words are
preprocessed and labeled according to their Named Entities. Categorization of the
words is performed in 8 different named entity types which are PERSON, PERCENT,
LOCATION, ORGANIZATION, TIME, DATE, MONEY and OTHER and unique ids
are assigned to each of them that is shown in Table 4.I| News are labeled as one of
27 categories: Sustainable World (Stirdiiriilebilir Diinya), Life (Yagsam), Textile (Tek-
stil), News from the Home (Yurttan Haberler), Economic Data (Ekonomik Veriler),
Business World (Is Diinyas1), Industires (Sektorler), Health (Saglik), Insurance (Sig-
ortacilik), Logistic (Lojistik), World Food (Diinya Gida), Sport (Spor), Companies
(Sirketler), Real Estate (Emlak), Tourism (Turizm), Culture and Art (Kiiltiir-Sanat),
Education (Egitim), Export (fhracat), Technology (Teknoloji), Automotive (Otomo-
tiv), Finance (Finans), Agriculture (Tarim), Economy (Ekonomi), World (Diinya),
Energy (Enerji), Agenda (Giindem) or Other (Diger). Category distribution is given
detailed in the Figure [d.1]

1 https://www.dunya.com
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Figure 4.1: Category Distribution of the Turkish Dataset

Table 4.1: Named Entities and their corresponding Node IDs. We used their ids as

their labels in the project for the Turkish Dataset

id Named Entity
0 | ORGANIZATION
1 LOCATION
PERSON

PERCENT
MONEY

DATE
TIME
OTHER

N | N || B W N

Preprocessing

Turkish is morphologically rich language, and words can take different forms and
have different meanings. Verbs can have different structural forms and words can

take many different suffixes. Because of these reasons, lemmas gives more accu-
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rate results instead of surface forms. Zembere library is used in preproccessing
since it provides rich natural language processing modules for Turkish. Preprocess-
ing is handled in stages. Firstly, unnecessary words are removed from the news such
as non-unicode characters, URLs and emojis. Secondly, data is tokenized in order to
convert sentences to single tokens. Thirdly, for identifying the semantics of the words
more precisely disambigution is used. And finally, lemmatization is applied so that
forms of the words are grouped and CRF-based NER model that was proposed by
Cekinel et al. [32] is used for finding named entities. The Turkish news and social
media datasets annotated by Tur et al. [43]] and Seker et al. [44] are used to train the
NER model. Thus, we have the preprocessed data, matched with named entities. At

the end of these steps data is ready to be imported to a graph database.

4.1.2 English Dataset

The English dataset is a public dataset that has been taken from BB It contains
2225 news instances. The dataset is splitted into 1490 records for training and 735 for
testing. The words in dataset are preprocessed and labeled according to their named
entities. Categorization of the words is performed in 17 different types of named
entities which are ORDINAL, GPE, DATE, PERCENT, MONEY, PERSON, ORG,
EVENT, PRODUCT, LANGUAGE, TIME, LAW, LOC, CARDINAL, NORP, WORK
OF ART, FAC and QUANTITY and unique ids are assigned to each of them that is
shown in Table[d.2] News are labeled as one of 5 categories: Business, Entertainment,

Politics, Sport or Technology. Category distribution is given detailed in the Figure

Preprocessing

Spacyﬂ English Named Entity Recognizer library is used in order to preprocess the
English dataset. This library is very successful to recognize named entities in English.
Also, it provides a pipeline while finding named entities. The pipeline contains to-

kenization, disambigution, lemmatization and stop word removing steps. Thus, data

2 https://github.com/ahmetaa/zemberek-nlp
3 https://www.bbc.com/
4 https://spacy.io/api/entityrecognizer
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is preprocessed, and matched with named entities. At the end of these steps data is

ready to be imported to a graph database.

Table 4.2: Named Entities and their corresponding Node IDs. We used their ids as
their labels in the graph model for the English Dataset

id | Named Entity || id | Named Entity
0 ORDINAL 9 LANGUAGE

1 GPE 10 TIME

2 DATE 11 LAW

3 PERCENT 12 LOC

4 MONEY 13 CARDINAL

5 PERSON 14 NORP

6 ORG 15 | WORK OF ART
7 EVENT 16 FAC

8 PRODUCT 17 QUANTITY

400

346

300

200

Number of News

100

Politics Sport Entertainment Business Technology

Figure 4.2: Category Distribution of the English Dataset
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4.2 Graph Model

A graph G is formally defined as G = (V, E) where V' is a set of vertices, E is a set
of edges. Two different graph models by using named entities, and TF-IDF scores
are constructed. We have used Neo4j Graph Databaseﬂ in order to store these graph

models.

4.2.1 Named Entity Graph Model

In this graph model, a news is represented as an unweighted directed graph. In this
graph model, named entities in the news are added to graph structure as a node. Sam-
ple Named Entity Graph Models for the Turkish and English datasets are given in
Figure [4.3] and Figure [4.4] respectively.

Nodes

In the Named Entity Graph Model, news content is stored as graph and graphs contain

3 different nodes:

e News node is used to represent news document and contains the corresponding
news id that is a unique number. These nodes are connected to Word nodes with

CONTAINS edge.

e Word node is used to show each unique word in all news documents. These
nodes can be connected to several different News nodes. Also, Word nodes can

be connected to other Word nodes with FOLLOWED_BY edge.

e NamedEntity node is used to represent named entity types of the words in

news data. These nodes are connected to Word nodes with IS edge.

Relationships

In the Named Entity Graph Model, 3 different types of edges are used to connect

the nodes:

5 https:/neodj.com
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Figure 4.3: Named Entity Graph Model for the Turkish Dataset

e CONTAINS edge is used to connect News and Word nodes. News node is
starting point of the edge, Word node is end point of the edge. This relationship

is labeled as "1" in our model.

e IS edge is used to connect Word and NamedEntity nodes. Word node is starting

point of the edge, NamedEntity node is end point of the edge. This relationship

is labeled as "2" in our model.

e FOLLOWED_BY edge is used to connect Word nodes to each other. The main

purpose of this relationship is preserving which word comes after another word

in a news content. This relationship is labeled as "3" in our model.
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Figure 4.4: Named Entity Graph Model for the English Dataset

4.2.2 TF-IDF Based Graph Model

In this graph model, a news is represented as an unweighted directed graph. Nodes
of the graph are the unique words with the high TF-IDF scores where the threshold is
determined by user. Sample TF-IDF based Graph Models for the Turkish and English
datasets are given in Figure [4.5]and Figure 4.6] respectively.

Nodes

In TF-IDF based Graph Model, news content is stored as graph and graphs contain 2

different nodes:

e News node is used to represent news document and contains the corresponding

news id that is a unique number. These nodes are connected to Word nodes with
CONTAINS edge.

e Word node is used to show each unique word in all news documents. These

nodes can be connected to several different News nodes. Also, Word nodes can
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be connected to other Word nodes with FOLLOWED_BY edge.

Relationships

In TF-IDF based Graph Model, 2 different types of edges are used to connect the
nodes:

e CONTAINS edge is used to connect News and Word nodes. News node is

starting point of the edge, Word node is end point of the edge. This relationship

1s labeled as "1" in our model.

e FOLLOWED_BY edge is used to connect Word nodes to each other. The main

purpose of this relationship is preserving which word comes after another word

in a news content. This relationship is labeled as "2" in our model.
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Figure 4.5: TF-IDF based Graph Model for the Turkish Dataset
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Figure 4.6: TF-IDF based Graph Model for the English Dataset
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CHAPTER 5

METHODS

In our study we used two different approaches for news recommendation. In the first
approach, the textual data is preprocessed and the graph-of-words structure for each
news is generated. Two different graph model as mentioned in Chapter 4 were cre-
ated: Named Entity Graph Model and TF-IDF based Graph Model. After that, by
using different graph embedding algorithms such as graph2vec and node2vec, graph
and node level embeddings of the news were exported. Different similarity calcula-
tion algorithms such as cosine similarity, Euclidean distance, and Pearson similarity
were applied in order to find similar news for news recommendation system (NRS).
In the second approach, different text embedding algorithms such as doc2vec, bag-of-
words and Specter were used in order to generate textual embeddings of the textual
data. After that, different similarity calculation algorithms such as cosine similarity,
Euclidean distance, and Pearson similarity were applied in order to find similar news
for news recommendation system (NRS). And finally, to decide which method is bet-
ter we prepared user studies and according to these survey results we decided which

method is better.

Additionally, by using the our news recommendation system, we developed a method
to classify the news. The news in the datasets are labelled according to their top-
ics. In this task, we predicted the label of the news by using the results of the news
recommendation system. The developed pipeline for the news recommendation and

classification system is shown in Figure 5.1.
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Figure 5.1: The General Pipeline

5.1 Graph Class

The graph class is designed in order to have a common graph structure that can be
easily converted to different input formats of each graph/node embedding technique.
Python language is used while implementing the graph class. In a graph object, in
addition to nodes and edges (vertices and relationships), attributes such as content,
and date of the news can be kept as well. Different methods are implemented in our
graph class to export appropriate data input for corresponding embedding technique.
Graph object are stored in Neo4j Graph Databaseﬂ by using Labeled Property Grap}ﬂ
approach.

Implementation Details

First of all, the textual data is preprocessed and an appropriate data to import Neo4;
Graph Database is created. After that, the graph data is exported from Neo4j Graph
Database in order to create the graph objects based on the related graph model. We
have exported information of nodes and relationships of the news in CSV file format
that are named as nodes_x.csv and relationships_x.csv where x denotes the news
id. By using a script the attribute files named graph_x.attrs where = denotes the

news id from raw news data are generated. While performing these operations, the

! https://neodj.com
2 https://neodj.com/blog/rdf-triple-store-vs-labeled- property-graph-difference/
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Table 5.1: Table representation of nodes_0.csv. Each line represents a node in the

Graph 0.

nodes_0.csv
id label
61 katil

60 | binlerce

19 | bund
15 | sangay
7 7

studie done within the scope of the TEGHUB projec are taken as reference. The
basic node, relationship and attribute input files are given in Table [5.1] Table[5.2]and
Table[5.3] respectively.

Finally, input data files are imported to graph objects based on the related graph model
and by using the related methods appropriate data files are created for the graph em-

bedding techniques.

3 https://github.com/teghub/mews, rediction
4 https://teghub.ceng.metu.edu.tr
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Table 5.2: Table representation of relationships_0.csv. Each line represents an edge
in the Graph 0.

relationships_0.csv
start_id | end_id | label type

8 61 1 CONTAINS

8 60 1 CONTAINS
61 7 2 IS

60 7 2 IS

19 1 2 IS

15 1 2 IS

19 20 3 FOLLOWED_BY
20 21 3 FOLLOWED_BY

Table 5.3: Table representation of graph_0.attrs. File contains date, title, first para-

graph and content information.

graph_Q.attrs

’date’: *2015-01-01", ’title’: "Cin’de kutlama faciaya doniistii: 35 6lii! | Diinya",
*firstParagraph’: "Cin’in en biiyiik kenti Sangay’da, yilbasi kutlamalarinda yasanan
izdihamda 35 kisi hayatin1 kaybetti", >content’: "Cin’in resmi haber ajans1 Sinhua,
Sangay’da deniz kenarindaki Bund bolgesinde yapilan yeni yil kutlamalarinda izdiham
¢iktigini bildirdi. Izdihamda 35 kisinin 6ldiigii, 42 kisinin yaralandig1 belirtildi.
Yaralilar Sangay Hastanesi’ne kaldirildi. Izdihamin nedeni arastiriliyor. Niifusu 24
milyonu bulan Sangay’in Bund bolgesinde dar sokaklar, restore edilmis eski binalar,

diikkanlar ve turistik yerler bulunuyor. Bolgede yeni yil gibi onemli olaylarin

kutlamalarina binlerce kisi katiliyor."
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5.2 Similarity Measurement (Ranking Aggregation)

The act of integrating numerous ranked lists into a single ranking is known as ranking
aggregation (RA). Ranking aggregation’s purpose is to find a ranking that merge and
best represents all of the input ranks. Information retrieval [45, 46]], bioinformatics
[47], estimator ranking [48]], and management [49] are only a few of the successful
applications where ranking aggregation is increasingly employed. The batch mode
methods and the instant-runoff mode methods are the two primary types of ranking
aggregation methods [50]. The ranking positions of all items in a batch are generated
using batch mode methods. Borda count [51] is a batch mode approach that works
directly on the items’ ranks in the input rankings. The instant-runoff mode methods
divide the aggregate of n item rankings into n rounds in a sequential order. Only one
item is ranked in each round, and it will not be included in the subsequent rounds’
rankings of unranked things. A sample instant-runoff mode method is instant-runoff
voting (IRV) [52]. It simply ranks the best (or worst) item in each round, which is

determined by the number of votes received in the first place.

Implementation Details

In order to reveal the similar news data, different similarity calculation methods that
are Cosine Similarity, Euclidean Distance and Pearson Similarity were used. Ranking
aggregation was used in order to combine the results that are generated from different
similarity calculation methods. For each similarity calculation methods, a list that
contains 10 most similar news ids for each news are exported. And then, a weight
is assigned to each news id according to its order in the list. For example, the most
similar news id has a weight of 10, the second news id has a weight of 9 and the
weights are decreased one by one. Then, for each unique news id, the weights are
sum up and sorted them in descending order according to their weights. And finally,
a list that contains 10 most similar news ids are generated. This method is referred to

as Borda count [51]] in the literature.
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5.3 Graph Embedding Techniques

5.3.1 Graph2vec

Graph2vecf] is a neural embedding system that allows users to learn data-driven dis-
tributed representations of graphs of any size. Naranayan et al. [17] propose that
a whole graph can be viewed as a document, and the rooted subgraphs surrounding
each node in the graph can be viewed as words that make up the text, and that doc-
ument embedding neural networks be used to learn representations of entire graphs.
It is based on the Doc2vec [[18] framework, which employs word embeddings and a
document embedding to train a neural network and learns the latent representation of
a document. The graph2vec model provides a single embedding for each graph, we
used these vectors for similarity calculation between other graphs. Graph2vec outper-
forms substructure representation learning techniques in classification and clustering

accuracy, and is competitive with state-of-the-art graph kernels [[17]].

Implementation Details

By using the methods in the graph class, a JSON file is exported for each graph
for graph2vec since the input format of graph2vec is JSON file. The basic input file

format is as follows:

{7edges” : []0,1],]0,2],[1, 2]],
77f€atures’7 : {7’077 : 2 12’7’77 177 : 77277777277 : 773077}}

Each element in the list of edges represents a relation between nodes. First item in
each element is the starting point, second one is the end point. Features show the

nodes and their corresponding labels. Node labels is chosen from node unique id.

Finally, input files are used in order to export graph embeddings by using graph2vec.
The epoch and dimension size are arranged by reference from an information that
was proposed by Yilmaz et al. [[1]]. We adjusted the epoch size to 50, dimension size

to 64 in the implementation. The output of the graph2vec is a CSV file that contains

5 https://github.com/benedekrozemberczki/graph2vec
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the embedding vectors of each graph with the length of the dimension.

Similarity Calculation: By using the embedding vectors that are exported from
graph2vec similarity calculation is done. We have used 3 different similarity algo-

rithms:

e Cosine Similarity
e FEuclidean Distance

e Pearson Similarity

Each algorithm generates a list for each graph that consist of 10 similar graph ids that
are sorted from most similar to least similar. After that, the common result are found

by using ranking aggregation method with the 3 different results.

5.3.2 Node2vec

Node2vecﬂ is a node embedding technique that maps the nodes to low-dimensional
space while maximizing the likelihood of preserving network neighborhood of nodes
[S]. Node2vec learns node embeddings using short and biased random walks, with
the randomness of the walks controlled by parameters. For each node in the graph,
node2vec generates a vector in d dimensional space. These vectors are used in order

to calculate similarity between graphs.

Implementation Details

By using the methods in the graph class, the graph objects are converted to N etworkzx
graph model, since node2vec accepts this graph model as an input. Dimension, ran-
dom walk length and number of walks parameters of the node2vec algorithm are
optimized with respect to the input data. After all optimizations, we adjusted the di-

mension to 20, random walk length to 16 and number of walks to 100. The output of

S https://github.com/aditya-grover/node2vec
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node2vec consists of embedding vectors for each node in the graph with the length of

the dimensions.

Similarity Calculation: We have used two similarity calculation methods:

1. Euclidean distance and Jaccard similarity are used in order to find the simi-
larity between graphs. The similarity calculation method is as follows: First
of all, graphs are embedded using node2vec and embeddings of each node in
the graphs are found. Assume that there are two graphs to find the similarity
between. After that, the same nodes in these two graphs are found. The most
similar 60 percent of the total nodes in the graphs are found for the common
nodes. In order to find the most similar nodes, Euclidean distance is used. Once
the most similar 60 percent of total node embeddings are found and the node
counterparts of these embeddings are kept in a list. This means track of actual
nodes which are most similar to common words are kept. This way, a list of
relatively similar words for each graph are obtained. As the next step, it is cal-
culated how similar these common nodes are. At this point, Jaccard similarity
is used to obtain an overall similarity percentage between the given graphs. In

Chapter [6] this method is referred to as node2vec.

2. In the second method, embedding for a graph is directly obtained by averaging
the node embeddings of the nodes. Then the similarity between two graphs is
obtained by measuring the distance between their embeddings through cosine
similarity, Euclidean distance and Pearson similarity. Finally, the similarity is
determined as the common result of these three similarity calculation methods.

In Chapter[6] this similarity calculation method is referred to as node2vec2.

5.4 Text Embedding Techniques

5.4.1 Bag of Words

It is a typical difficulty in Natural Language Processing applications to represent tex-

tual data in vector space. One of the most extensively used methods for embedding
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textual data into vector space is the Bag of Words [53] approach. Rather than struc-
ture, this technique is just concerned with the word’s appearance in a text. The vector
size is smaller than or equal to the vocabulary size. The vectors do not preserve the

semantic relationship between the terms.

Implementation Details

All of the nodes in the graphs are traversed over and a vocabulary is generated. By us-
ing this vocabulary, One Hot Encoding form of the graphs are exported. If an element
of the vector is 0, it means that this node does not exist in the corresponding graph. If
itis 1, it means this node exists in the corresponding graph. A basic example of One

Hot Encoded graph is as follows:

[0,0,1,0,1,...,0,1,0,0,0, 1]

Similarity Calculation: For Bag of Words representation, cosine similarity, Eu-
clidean distance and Pearson similarity methods are used, as in graph2vec. There-
fore, a list for each news that consist of 10 similar news ids that are sorted from most

similar to least similar is exported.

54.2 Doc2vec

To create fixed-lenght feature vector from text, bag-of-words method comes to mind
first. But, bag-of-words have some weaknesses: it loses track of the words’ order and
ignores the semantics of the words. Each document is represented by a dense vector
that has been trained to anticipate words in the document via Doc2vec [18]. Due to
its design, the algorithm has the ability to overcome the drawbacks of bag-of-words
method. The algorithnﬂ is based on word2vec [[19] and it creates a fixed-length fea-

ture vector for each documents in the corpus.

7 https://github.com/RaRe-Technologies/gensim/blob/develop/gensim/models/doc2vec.py
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Implementation Details

By using the contents of the graphs, the content of the each news are tokenized and
given to doc2vec in order to train the model. While creating the doc2vec model, we

set dimension to 20, window size to 2, and epoch size to 100.

Similarity Calculation: By using the content of the graphs as test file for the
Doc2vec model, we have exported the most similar graphs by using cosine similarity.
As a result, list for each news that consist of 10 similar news ids that are sorted from

most similar to least similar is exported.

5.4.3 Specter

Specter [54] is a novel approach for generating document-level embedding of sci-
entific documents that uses a transformer language model that has been pre-trained
on a powerful indication of document-level relatedness: the citation graph. Recent
Transformer language models, like as BERT [S5]], develop powerful textual represen-
tations, but they are focused on token and sentence level training objectives and do
not take use of inter-document relatedness information, limiting their document-level

representation capacity.

Implementation Details

By using the graph model, a JSON file that is in appropriate format for Specter is
exported. Each item in file contains the graph id, graph title and graph content. By
using the web API that is offered by specter, the embeddings of the graph contents in
768 dimension are exported. Since the Specter gives the results with this dimension,

we did not change this value for optimization.

Similarity Calculation: Cosine similarity, Euclidean Distance and Pearson similar-

ity algorithms are applied in order to find the most similar news with corresponding
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news, as in graph2vec. Therefore, a list for each news that consist of 10 similar news

ids that are sorted from most similar to least similar is exported.
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CHAPTER 6

EXPERIMENTS

6.1 Experimental Settings

We conducted a set of experiments to analyze the graph based news recommendation
and news classification performance against text based representations. In the first
experiment, news recommendation with graph based and text based representations
are compared. In the second experiment, news classification performance by using the
similarity results of best graph based and text based methods in the first experiment.
In this analysis, the performance under Named Entity Graph Model and TF-IDF based
Graph Model are compared as well. In the third experiment, news classification by
using Naive Bayes classifier, Linear regression classifier, Support Vector Machine
classifier and Random Forest classifier with different feature vectors are compared.

The results are also compared against the solutions in the second experiment.

6.2 Experiments and Results

6.2.1 Experiment 1: News Recommendation Analysis

In the first experiment, the performance of graph based and text based approaches
are compared for news recommendation. For text-based methods, doc2vec, Bag-
of-words (BOW) and Specter is used and for graph-based methods graph2vec and
node2vec is used. By using cosine similarity, Euclidean distance and Pearson sim-
ilarity algorithms, the most similar ten news for each text-based and graph-based

methods are exported. Both Named Entity Graph Model and TF-IDF based Graph
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Model for the Turkish and English datasets are used. Examples of news recommen-
dation system for the Turkish and English datasets with Named Entity Graph Model
are given in Table [6.I]and [6.2] Also, examples of news recommendation system for
the Turkish and English datasets with TF-IDF based Graph Model are given in Ta-
ble and Table First news is the one of the news from dataset and others are

recommended news by different methods.

Table 6.1: An example of News Recommendation System for English dataset with

Named Entity Graph Model

News: ex-boss launches defence lawyers defending former worldcom chief bernie
ebbers against a battery of fraud charges have called a company whistleblower as
their first witness. ...

Proposed News by doc2vec: director ends evidence the former chief financial officer
at us telecoms firm worldcom has finished giving evidence at the trial of his ex-boss
bernie ebbers. scott sullivan admitted to jurors he was willing to commit fraud to meet
wall street earnings projections. ...

Proposed News by graph2vec: wal-mart is sued over rude lyrics the parents of a
13-year-old girl are suing us supermarket giant wal-mart over a cd by rock group
evanescence that contains swear words. ...

Proposed News by node2vec: ampbell: e-mail row silly fuss ex-no 10 media chief
alastair campbell is at the centre of a new political row over an e-mail containing a
four-letter outburst aimed at bbc journalists. ...

Proposed News by bag-of-words: wal-mart is sued over rude lyrics the parents of
a 13-year-old girl are suing us supermarket giant wal-mart over a cd by rock group
evanescence that contains swear words. the lawsuit filed in washington county alleges
wal-mart deceived customers by not putting warning labels on the cover. ...
Proposed News by Specter: ebbers denies worldcom fraud former worldcom chief
bernie ebbers has denied claims that he knew accountants were doctoring the books
at the firm. speaking in court mr ebbers rejected allegations he pressured ex-chief

financial officer scott sullivan to falsify company financial statements. ...
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Table 6.2: An example of News Recommendation System for Turkish dataset with

Named Entity Graph Model

News: Diinyada akaryakitin en ucuz oldugu iilkelerden Tiirkmenistan’da 2015’in ilk
giinlinde akaryakita yiizde 60 civarinda zam geldi. Daha 6nce kursunsuz benzinin
litresi 62 tengeden (22 sent) satilirken, yeni yilin ilk giiniinde kursunsuz benzinin
litresi 1 manat (35 sent) oldu. ...

Proposed News by doc2vec: Elektronik devi Apple kazang raporunu agikladi. Rekor
"amiral gemi" iPhone satiglar1 Apple’in tiim beklenti rakamlarini yerle bir etmesini
sagladi. Apple’in 2015 mali yilimin ilk ¢eyregine ait finansal sonuglarina gore, sirket
31 Aralik 2014’°te biten ceyrekte 74,6 milyar dolar gelir ve 18 milyar dolar net kar
elde etti. ...

Proposed News by graph2vec: Petrol fiyatlarindaki sert diisiis benzini de agag1 cek-
meye devam ediyor. Diin 45 dolar seviyelerine kadar diisen Brent petroliin varil fiy-
atindan sonra benzine 6 kurus indirim yapildi. ...

Proposed News by node2vec: ABD’nin kalbi Beyaz Saray’in bahcesine diiserek
biiyiik panige neden olan hava aracinin sarhos bir Amerikali istihbarat gorevlisine ait
oldugu ortaya ¢ikti. ...

Proposed News by node2vec2: Misir’in son donemdeki en biiyiik projelerinden Yeni
Stiveys Kanali’nin bir kisminin ¢oktiigii bildirildi. Emniyet kaynaklarindan alinan
bilgiye gore, Yeni Siiveys Kanali’nin dogusunda yapilan ¢cokeltim havuzlarindan biri
kismen ¢oktil. ...

Proposed News by bag-of-words: Elektronik devi Apple kazan¢ raporunu agik-
ladi. Rekor "amiral gemi" iPhone satiglar1 Apple’in tiim beklenti rakamlarini yerle
bir etmesini sagladi. Apple’mn 2015 mali yilinin ilk ceyregine ait finansal sonuglarina
gore, sirket 31 Aralik 2014 te biten ceyrekte 74,6 milyar dolar gelir ve 18 milyar dolar
net kar elde etti. ...

Proposed News by Specter: Diinyada 65 iilke arasinda yapilan arastirmaya gore
Ingilizce konusulan iilkeler icinde en iyi egitimin verildigi Kanada’ya Tiirkiye’den
go¢ orant arttr. 1998-2013 tarihleri arasinda 6 milyona yakin gé¢cmenlik bagvurusuna
onay veren Kanada, bu tarihler arasinda Tiirkiye’den de 18 binin iizerinde toplam

bagvuruyu kabul etti. ...
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Table 6.3: An example of News Recommendation System for English dataset with

TF-IDF based Graph Model

News: german business confidence slides german business confidence fell in february
knocking hopes of a speedy recovery in europe s largest economy. munich-based
research institute ifo said that its confidence index fell to 95.5 in february from 97.5
in january its first decline in three months. the study found that the outlook in both
the manufacturing and retail sectors had worsened. ...

Proposed News by doc2vec: uk economy facing major risks the uk manufacturing
sector will continue to face serious challenges over the next two years the british
chamber of commerce (bcc) has said. the group s quarterly survey of companies
found exports had picked up in the last three months of 2004 to their best levels in
eight years. ...

Proposed News by graph2vec: blair said he would stand down tony blair promised
gordon brown he would stand down before the next election a new book about the
chancellor claims. but the prime minister changed his mind following intervention
from allies in the cabinet according to the book. ...

Proposed News by node2vec: blair told to double overseas aid tony blair is being
urged to use all his negotiating powers to end poor countries debt and double aid.
some 45 million children will die needlessly before 2015 and aid budgets are half
their 1960 levels oxfam says in a report paying the price. ...

Proposed News by bag-of-words: german growth goes into reverse germany s econ-
omy shrank 0.2% in the last three months of 2004 upsetting hopes of a sustained
recovery. the figures confounded hopes of a 0.2% expansion in the fourth quarter in
europe s biggest economy. ...

Proposed News by Specter: german growth goes into reverse germany s economy
shrank 0.2% in the last three months of 2004 upsetting hopes of a sustained recovery.
the figures confounded hopes of a 0.2% expansion in the fourth quarter in europe s

biggest economy. ...
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Table 6.4: An example of News Recommendation System for Turkish dataset with

TF-IDF based Graph Model

News: Cin’in resmi haber ajansi Sinhua, Sangay’da deniz kenarindaki Bund bol-
gesinde yapilan yeni yil kutlamalarinda izdiham ¢iktigim bildirdi. Izdihamda 35
kisinin 6ldiigii, 42 kisinin yaralandig belirtildi. ...

Proposed News by doc2vec: Chicago Universitesi’nden paleontologlar Neil Shu-
bin ve Edward Daeschler tarafindan Ellesmere Adasi’nda bulunduktan sonra iizerinde
bilimsel ¢aligmalar baslatilan balik fosiline, Tiktaalik Roseae ismi verilmisti. ...
Proposed News by graph2vec: Reuters, Belcika ajans1 Belga’y1r kaynak goster-
erek, Belcika’da bir silahli saldir1 panigi yasandigini duyurdu. Olayin, bagkent Briik-
sel’in 50 kilometre giineyindeki Chatelineau kasabasinda bir siipermarkette yasandig1
belirtildi. ...

Proposed News by node2vec: Tiirkiye Cumhuriyet Merkez Bankas1 (TCMB), gida
irtinlerinde istikrarli arz ve fiyat olusumunu desteklemek iizere kurulmasi 6ngoriilen
Erken Uyar Sistemine iligkin ¢aligmalarda gelinen asamanin degerlendirildigini agik-
ladi. ...

Proposed News by bag-of-words: Cin’in dogusundaki Sanghay kentinde yeni yil
kutlamalarinda ¢ikan izdihamda hayatin1 kaybeden 36 kisinin ailelerine yiiz otuzar
bin dolar tazminat 6denecegi bildirildi. ...

Proposed News by Specter: Malezya’daki Sabak Bernam’dan Endonezya’daki
Sumatra limanina hareket eden kagak gdogmenleri tasiyan teknenin batmasi sonucu

13’1 kadin 14 kigi oldi. ...

In order to construct the ground truth for news recommendation, a survey study is
conducted. Six different similarity calculation methods are applied on the news text.
Three of them is graph based representations (graph2vec, node2vec, node2vec2), and
three of them are text based representations (doc2vec, Specter, BOW). The similar-
ity calculation method, node2vec2, is only used for Named Entity Graph Model for
Turkish dataset. As it resulted with limited performance in the first survey study, it is
not included in the other survey studies with Named Entity Graph model for English
dataset and TF-IDF based Graph Model for Turkish and English datasets.
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In user study, 5 different surveys were prepared. Each survey contains 20 differ-
ent questions. Question content is news, choices are most similar other news contents
that are recommended by our methods. Each question has maximum 6 choices. Some
questions have less than 6 choices since some methods recommend the same news.
After that, each survey is filled by 3 users, hence on the total 15 participants took
part in the each survey study. For each user, the order of questions and choices are
shuffled, in order to prevent any bias. In the surveys, users were told to only choice
similar news and users marked the most similar one or more choices. In order to
determine the ground truth we assign a score of 1 point to the method if its recom-
mendation is marked by a user. The surveys are conducted for Turkish and English
datasets with Named Entity Graph Model and TF-IDF based Graph Model separately.

The gathered aggregation counts of each survey and the results are given in Table[6.5]

Table 6.5: Aggregation Count of User Studies for Turkish and English Datasets with
Named Entity Graph Model and TF-IDF based Graph Model

‘ ‘ ‘ doc2vec ‘ graph2vec ‘ node2vec ‘ BOW ‘nodeZvecZ‘ Specter ‘

Turkish Dataset | 135 (%45.00) 25 (%8.33) | 128 (%42.67) | 13 (%4.34) | 143 (%47.67)
Named Entity Graph Model
English Dataset 72 (%24.00) | 24 (%8.00) | 59 (%19.67) - 191 (%63.67)

Turkish Dataset | 126 (%42.00) 23 (%7.67) | 126 (%42.00) - 149 (%49.67)
TF-IDF based Graph Model
English Dataset | 169 (%356.34) | 78 (%26.00) | 50 (%16.67) | 151 (%50.34) ; _

In order to determine the ground truth with majority voting (rather than aggregating
all scores), a scoring mechanism is applied as follows: For a given question, the
respond having the highest count is given 1 point. In case of tie, all winners receive 1

point. The results under this majority voting scoring schema are given in Table [6.6]

Table 6.6: Aggregation Count of User Studies by using majority voting for Turk-
ish and English Datasets with Named Entity Graph Model and TF-IDF based Graph
Model

‘ ‘ ‘ doc2vec ‘ graph2vec ‘nodeZvec‘ BOW ‘nodelvecz‘ Specter ‘

Turkish Dataset | 33 (%33.00) 4 (%4.00) | 35 (%35.00) | 0(%0.00) | 42 (%42.00)
English Dataset 18 (%18.00) | 1(%1.00) | 11 (%11.00) - 47 (%47.00)

Turkish Dataset | 29 (%29.00) 1 (%1.00) | 35 (%35.00) - 33 (%33.00)
TF-IDF based Graph Model
English Dataset | 42 (%42.00) | 23 (%23.00) | 5 (%5.00) | 37 (%37.00) -
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According to results of the surveys, graph2vec gives more accurate results than other
methods for Named Entity Graph Model and TF-IDF based Graph Model for Turk-
ish dataset. Also, graph2vec has the highest aggregation count according to results
for majority voting. But doc2vec gives more accurate results than other methods for
Named Entity Graph Model for English dataset and Specter gives more accurate re-
sults than other methods for TF-IDF based Graph Model for English dataset. Also,
doc2vec adn Specter have the highest aggregation count according to results for ma-
jority voting. We think that the reason for this contradiction is that the named entity
recognition tools are different. The named entity recognition tool we used for the En-
glish dataset works for more entity names. So our graph models for English dataset
are more messy and contain more nodes and edges. Because of this reason graph
based similarity calculation methods gives worse results than text based similarity

calculation methods for English dataset.

6.2.2 Experiment 2: News Classification by using News Similarity

In the second experiment, we analyze the performance of similarity based news clas-
sification. In this analysis, on the basis of the results of the first experiment, graph2vec
is used as the representative for graph-based method and doc2vec, Specter are used
as text-based methods. After similarity calculation between graphs, we obtain a list
for each news that contains the 10 most similar news ids that are sorted from most
similar to least similar. These lists are used in order to classify the news. Also, A hy-
brid model is constructed by using ranking aggregation method with the graph2vec’s
doc2vec’s and Specter’s similarity results. Using different text-based and graph-based
embedding methods, we attempted to improve the outcomes of the hybrid model we

constructed for news classification.

For the classification, most similar 1, 3, 5, 7, and 10 news ids and their classes are
taken. The class label is determined as the majority of the class labels among the
most similar news. Finally, we have compared the ground truth and predicted class
and obtained an accuracy value. We have calculated the accuracy for each class and
for overall. In order to calculate overall accuracy, weighted average is used that is,

each category participates in the average as much as the number of news. In accuracy
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calculations the label Other is ignored, since dataset includes some of these news
instances with other labels. Additionally, number of the news are decreased in TF-
IDF based Graph Model for the Turkish dataset after applying the TF-IDF filter, so
classification accuracy of text-based methods are not same for Named Entity Graph

Model and TF-IDF based Graph Model for the Turkish dataset. The results are given
in Table Table [6.8] Table [6.9] and Table [6.10].

Table 6.7: Classification Accuracy of graph2vec, doc2vec, Specter and Hybrid Model
for the Turkish Dataset with Named Entity Graph Model

Category ! 3 5 ’ 10

- & g & a & EB & a & '§

& X & X &

Sust. World 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Life 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Textile 0.00 14.58 | 26.04 9.38 0.00 13.54 | 20.83 9.38 0.00 8.33 16.67 8.33 0.00 5.21 12.50 9.38 0.00 2.08 10.42 9.38
News from Home 2.44 0.00 4.88 2.44 0.00 2.44 4.88 4.88 0.00 2.44 2.44 2.44 0.00 0.00 244 0.00 0.00 0.00 0.00 0.00
Economic Data 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Business world 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Industries 0.00 9.62 7.69 5.77 0.00 7.69 5.77 5.77 0.00 7.69 3.85 3.85 0.00 7.69 1.92 3.85 0.00 9.62 1.92 1.92
Health 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Insurance 0.00 | 18.94 | 40.91 23.48 0.00 | 31.82 | 45.45 | 30.30 0.00 | 35.61 | 46.21 26.52 0.00 | 33.33 | 45.45 | 28.79 0.00 | 29.55 | 40.15 | 28.79
Logistic 0.00 1.52 4.55 4.55 0.00 0.00 4.55 3.03 0.00 1.52 3.03 1.52 0.00 1.52 3.03 0.00 0.00 1.52 0.00 0.00
‘World Food 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Sport 0.00 | 16.67 | 16.67 16.67 0.00 16.67 | 8.33 16.67 0.00 0.00 8.33 8.33 0.00 0.00 0.00 8.33 0.00 0.00 0.00 0.00
Companies 1.47 2.94 8.82 5.88 1.47 2.94 8.82 5.88 1.47 1.47 4.41 1.47 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Tourism 1.16 | 37.44 | 48.60 | 24.65 1.16 | 39.77 | 58.37 | 34.42 0.23 | 40.93 | 60.23 | 36.51 0.00 |43.72 | 59.30 | 38.37 0.00 | 41.86 | 56.28 | 40.23
Real estate 0.93 | 43.52 | 41.44 25.46 0.69 | 49.54 | 47.69 35.19 0.00 | 53.47 | 49.07 35.19 0.00 | 52.55 | 46.99 39.58 0.00 | 52.55| 43.06 | 40.50
Art and culture 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Education 0.00 10.34 | 31.03 17.24 0.00 3.45 | 27.59 10.34 0.00 3.45 13.79 6.90 0.00 6.90 10.34 0.00 0.00 3.45 3.45 0.00
Export 0.00 2.86 8.57 11.43 0.00 0.00 11.43 5.71 0.00 0.00 5.71 0.00 0.00 0.00 5.71 0.00 0.00 0.00 2.86 0.00
Techno]ogy 0.00 12.69 | 12.18 7.11 0.51 11.17 ‘ 10.66 5.58 0.51 9.64 7.11 5.08 0.51 9.64 5.58 5.08 0.00 10.15 | 5.58 3.55
Automotive 1.69 51.37 | 50.95 35.31 1.05 56.45 ‘ 57.93 42.49 0.21 58.14 | 58.35 44.19 0.00 58.99 | 56.03 45.67 0.00 | 57.51 | 52.43 47.57
Finance 0.00 0.00 9.38 0.00 0.00 0.00 9.38 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
World 46.87 | 85.64 | 82.55 | 60.60 56.24 | 90.88 | 86.32 | 85.91 65.19 [ 92.50 | 87.96 | 91.28 70.05 | 93.16 | 88.59 | 93.55 74.70 | 93.62 | 89.01 94.92
Energy 1.43 | 38.02 | 34.00 | 20.23 1.15 4232 | 39.17 | 28.12 0.14 | 4232 | 41.18 | 29.84 0.00 | 41.46 | 40.75 | 30.85 0.00 | 41.61 | 39.17 | 29.70
Economy 18.26 | 49.50 | 46.98 | 34.65 16.77 | 60.52 | 57.94 | 47.32 13.38 | 64.60 | 60.61 52.64 11.15 | 66.78 | 62.72 | 56.44 8.48 | 68.72 | 63.94 | 59.13
Agenda 29.46 | 76.30 | 77.16 | 49.76 32.02 | 78.19 | 80.30 | 75.79 33.31 | 78.53 | 81.00 | 79.17 33.61 | 78.49 | 81.41 80.04 3391 | 77.75 | 81.55 | 81.02
Agriculture 2.52 | 4891 | 49.48 | 27.38 1.60 | 60.60 | 55.56 | 39.63 0.57 | 65.18 | 56.13 | 45.13 0.46 68.84 | 55.21 48.45 0.23 | 68.73 | 53.95 | 50.97
Average 3042 | 67.13 | 65.76 | 46.12 34.84 | 72.30 | 70.50 | 66.03 38.44 | 73.96 | 71.86 | 70.22 40.27 | 74.70 | 72.42 | 72.25 41.95 - 72.58 | 73.61

Table 6.8: Classification Accuracy of graph2vec, doc2vec, Specter and Hybrid Model
for the English Dataset with Named Entity Graph Model

c 1 3 5 7 10
ategory 6] ] ] 3 ]
% T o T & o T &
|8 1§ F |8 5|z f |8 £ 3 T |8 J 5|8 |5 3
< L & < &
Politics 24.09 | 93.43 | 92.34 | 80.29 || 22.62 | 93.80 | 94.89 | 93.07 || 21.53 | 94.89 | 93.06 | 94.16 19.71 1 94.89 | 92.70 | 93.80 18.61 | 94.53 | 93.07 | 93.80
Sport 28.03 1 99.71 | 97.11 | 81.21 28.03 | 99.71 | 95.95 | 98.55 || 28.03 | 99.71 | 96.82 | 99.13 || 29.77 ' 99.71 | 96.82 | 99.42 | 30.06 | 99.71 | 96.82 | 99.42
Entertainment 16.12 | 92.31 | 86.45 | 71.79 17.95 | 94.51 | 89.74 | 89.01 20.51 | 95.24 | 90.48 | 90.84 19.41 | 95.24 | 90.84 | 92.67 16.48 | 95.97 | 88.28 | 94.14
Business 26.19 | 92.86 | 88.69 | 76.49 29.46 | 93.45 | 91.67 | 90.18 32.14 | 93.15 | 91.37 | 91.96 31.85 | 93.15| 91.07 | 92.26 30.06 | 93.75 | 90.77 | 93.45
Technology 24.52 | 96.55 | 86.97 | 85.06 || 22.61 | 96.93 | 89.27 | 89.66 || 21.84 | 95.02 | 90.42 | 91.95 19.92 | 95.02 | 90.04 | 94.25 19.54 | 95.02 | 88.51 | 95.02
Average 24.09 | 95.10 | 90.60 | 78.93 24.56 | 95.77 | 92.48 | 92.35 || 25.30 | 95.70 | 92.62 | 93.83 || 24.77 | 95.70 | 92.48 | 94.63 23.62 - 91.74 | 95.30

46



Table 6.9: Classification Accuracy of graph2vec, doc2vec, Specter and Hybrid Model
for the Turkish Dataset with TF-IDF based Graph Model

Category ! 3 s 7 10

7 ] ] o] ] o]

O N - O - R O I - O R
5 & 5 & &

Sust. World 0.00 | 0.00 | 0.00 0.00 0.00 | 0.00 | 0.00 0.00 0.00 | 0.00 | 0.00 0.00 0.00 | 0.00 | 0.00 0.00 0.00 | 0.00 | 0.00 0.00
Life 0.00 | 0.00 | 0.00 0.00 0.00 | 0.00 | 0.00 0.00 0.00 | 0.00 | 0.00 0.00 0.00 | 0.00 | 0.00 0.00 0.00 | 0.00 | 0.00 0.00
Textile 20.83 | 10.42 | 27.08 | 29.17 17.71 | 12.50 | 20.83 | 26.04 14.58 | 1042 | 17.71 19.79 12.50 | 6.25 | 13.54 | 12.50 12.50 | 4.17 8.33 8.33
News from Home 0.00 | 244 | 4.88 0.00 0.00 | 4.88 | 4.88 0.00 0.00 | 0.00 | 2.44 0.00 0.00 | 0.00 | 0.00 0.00 0.00 | 0.00 | 0.00 0.00
Economic Data 0.00 | 0.00 | 0.00 16.67 0.00 | 0.00 | 0.00 16.67 0.00 | 0.00 | 0.00 0.00 0.00 | 0.00 | 0.00 0.00 0.00 | 0.00 | 0.00 0.00
Business world 0.00 | 0.00 | 0.00 0.00 0.00 | 0.00 | 0.00 0.00 0.00 | 0.00 | 0.00 0.00 0.00 | 0.00 | 0.00 0.00 0.00 | 0.00 | 0.00 0.00
Industries 1.92 5.77 7.69 5.77 1.92 577 577 7.69 0.00 7.69 3.85 5.77 0.00 7.69 0.00 1.92 0.00 7.69 0.00 1.92
Health 0.00 0.00 0.00 0.00 0.00 0.00 | 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 | 0.00 0.00 0.00 0.00 0.00 0.00
Insurance 38.81 | 32.84 | 41.79 | 40.30 43.28 | 40.30 | 47.76 | 50.00 45.52 | 29.85 | 46.27 | 52.99 4254 | 29.85 | 46.27 | 48.51 41.04 | 22.39 | 41.79 | 48.51
Logistic 9.09 7.58 4.55 7.58 9.09 7.58 4.55 6.06 10.61 | 0.00 3.03 1.52 4.55 1.52 3.03 0.00 1.52 0.00 0.00 1.52
‘World Food 0.00 0.00 0.00 0.00 0.00 0.00 | 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 | 0.00 0.00 0.00 0.00 0.00 0.10
Sport 33.33 | 16.67 | 16.67 | 33.33 25.00 | 16.67 | 8.33 33.33 25.00 | 0.00 | 8.33 33.33 25.00 | 0.00 | 0.00 16.67 0.00 | 0.00 | 0.00 16.67
Companies 4.29 1.43 | 8.57 10.00 1.43 | 0.00 | 10.00 571 0.00 | 0.00 | 2.86 2.86 0.00 | 0.00 | 0.00 0.00 0.00 | 0.00 | 0.00 0.00
Tourism 39.91 | 39.20 | 47.65 | 48.59 44.60 | 47.89 | 58.45 | 53.05 46.48 | 47.89 | 60.80 | 55.63 48.59 | 47.42 | 59.86 | 56.34 || 46.71 | 44.37 | 57.75 | 55.87
Real estate 46.39 | 38.23 | 39.39 | 47.79 5244 | 4545 | 4476 | 51.28 56.64 | 44.06 | 48.02 | 55.24 54.55 | 42.19 | 4545 | 55.24 5478 | 43.12 | 43.82 | 54.55
Art and culture 0.00 | 0.00 | 0.00 0.00 0.00 | 0.00 | 0.00 0.00 0.00 | 0.00 | 0.00 0.00 0.00 | 0.00 | 0.00 0.00 0.00 | 0.00 | 0.00 0.00
Education 10.00 | 13.33 | 30.00 | 20.00 6.67 | 13.33 | 23.33 | 16.67 6.67 | 10.00 | 3.33 3.33 6.67 | 0.00 | 3.33 333 6.67 0.00 | 3.33 0.00
Export 11.11 | 5.56 | 8.33 11.11 5.55 0.00 | 833 5.56 0.00 | 0.00 | 5.56 0.00 0.00 | 0.00 | 2.78 0.00 0.00 | 0.00 | 2.78 0.00
Technology 11.22 | 11.71 | 10.73 | 17.56 7.80 | 10.24 | 9.76 11.22 7.80 | 10.24 | 7.80 9.27 829 | 976 | 5.85 7.80 6.83 7.32 | 4.88 4.39
Automotive 53.80 | 47.94 | 51.41 55.31 59.44 | 52.06 | 58.57 | 59.87 61.82 | 55.53 | 59.87 | 62.69 64.86 | 57.05 | 56.18 | 64.21 64.86 | 56.18 | 54.45 | 65.08
Finance 0.00 0.00 9.09 0.00 0.00 0.00 | 9.09 0.00 0.00 0.00 0.00 0.00 0.00 0.00 | 0.00 0.00 0.00 0.00 0.00 0.00
World 86.40 | 85.87 | 81.66 | 87.47 91.16 | 91.07 | 85.47 | 92.78 92.55 | 92.58 | 87.17 | 94.67 93.13 | 93.68 | 87.76 | 95.18 93.65 | 94.12 | 88.26 | 95.70
Energy 34.75 | 35.88 | 34.60 | 37.85 41.38 | 42.09 | 39.12 | 45.20 40.96 | 44.63 | 42.23 | 43.93 40.96 | 42.94 | 41.67 | 4449 40.11 | 41.67 | 39.69 | 41.81
Economy 48.85 | 49.79 | 46.97 | 50.68 58.48 | 61.26 | 57.06 | 62.29 61.13 | 65.90 | 60.53 | 66.43 62.11 | 67.29 | 62.82 | 68.29 6291 | 69.12 | 64.31 | 70.28
Agenda 75.56 | 77.78 | 77.07 | 78.99 7791 | 79.96 | 80.40 | 82.45 78.15 | 80.05 | 81.49 | 82.69 78.08 | 79.66 | 82.12 | 83.05 77.67 | 79.28 | 82.52 | 83.24
Agriculture 55.11 | 48.98 | 48.07 | 56.82 66.14 | 62.39 | 54.66 | 66.59 70.34 | 66.93 | 55.68 | 70.45 71.48 | 69.55 | 54.43 | 72.05 73.41 | 72.39 | 53.64 | 73.41
Average 6720 | 6722 65.03 | 69.12 | 72.03 | 72.67 | 69.70 | 7471 | 73.34 | 7424 | 7137 | 76.41 | 73.78 | 74.86 | 71.95 | 77.03 | 74.03 | 75.22 | 72.31 -]

Table 6.10: Classification Accuracy of graph2vec, doc2vec, Specter and Hybrid
Model for the English Dataset with TF-IDF based Graph Model

c 1 3 5 7 10
“ategory 5 o] o] 5 5
T o T o v T o T
§|19| 8| 5 S| & §F| 3 §|19 & F S| ¢8| 3 19§ F
g | | ¢ s §|s | & 5 g |s | & s § | |& s g |3 | & 5

&

& & & & &
Politics 18.61 | 93.43 | 92.34 | 77.74 16.42 | 93.80 | 94.89 | 92.70 14.96 | 94.89 | 93.06 | 94.89 14.23 | 94.89 | 92.70 | 94.53 13.50 | 94.53 | 93.07 | 95.99
Sport 30.64 1 99.71 | 97.11 78.61 31.21 | 99.71 | 95.95 | 96.82 28.03 | 99.71 | 96.82 | 98.55 28.32 1 99.71 | 96.82 | 98.27 27.46 | 99.71 | 96.82 | 98.84
Entertainment 20.15 | 92.31 | 86.45 | 69.23 15.75 | 94.51 | 89.74 | 88.64 14.65 | 95.24 | 90.48 | 90.84 14.65 | 95.24 | 90.84 | 93.41 16.85 | 95.97 | 88.28 | 94.87
Business 17.56 | 92.86 | 88.69 | 78.87 15.77 | 9345 | 91.67 | 91.07 12.20 | 93.15 | 91.37 | 91.67 13.99 | 93.15 | 91.07 | 93.15 17.26 | 93.75 | 90.77 | 92.56
Technology 36.78 | 96.55 | 86.97 | 86.21 34.10 [ 96.93 | 89.27 | 93.10 || 41.38 | 95.02 | 90.42 | 94.25 41.76 | 95.02 | 90.04 | 95.79 || 46.36 | 95.02 | 88.51 | 96.93
Average 24.63 | 95.10 | 90.60 | 78.12 22.68 | 95.77 | 92.48 | 92.62 21.95 | 95.70 | 92.62 | 94.16 22.35(95.70 | 9248 | 95.10 2396 | 9591 | 91.74 | 95.84

According to results, doc2vec, Specter and hybrid model give significantly more ac-
curate results compared to graph2vec for news classification task for the Turkish and
English datasets with Named Entity Graph Model and the English dataset with TF-
IDF based Graph Model. But TF-IDF based Graph Model for the Turkish dataset,
graph2vec, doc2vec, Specter and hybrid model gives almost same results for news
classification. Even, the hybrid model gives the most accurate result in TF-IDF based

Graph Model for the Turkish dataset.
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In the Named Entity Graph Model, we have only used entities as nodes in the graph
structure and entities are certain. This graph model is suitable for news recommenda-
tion since in the recommendation system, we propose the related news with content.
For example, same locations or organizations can be used in different two news and
these two nodes can be similar with their content. But their categories can be dif-
ferent. Because of this reason, graph based embedding methods gives better results
for news recommendation and worse results for news classification. In TFE-IDF based
Graph Model, we use the terms that are frequently used in the news as nodes in graph
structure. This graph model is more suitable for new classification, since repetitive
words make it easier to classify the news. For the sake of the self containment of
our explanation, category matching accuracy of user surveys that are done in section
[6.2.T)are exported and the accuracy results are given in Table[6.11] While calculating

accuracies, the results of the surveys by using majority voting technique are used.

Table 6.11: Category Matching Accuracy of User Surveys for the Turkish and English
Datasets with Named Entity Graph Model and TF-IDF based Graph Model

graph2vec ‘ doc2vec ‘ Specter H Average ‘

Turkish Dataset | %63.830 | %75.000 | %75.000 || %73.118
English Dataset | %50.000 | %98.305 | %89.362 | %88.660

Named Entity Graph Model

Turkish Dataset | %65.306 | %79.310 | %73.684 || %75.510
English Dataset | %47.368 | %96.970 | %95.000 || %93.827

TF-IDF based Graph Model

According to results in Table[6.11] even though graph2vec has the highest aggregation
count for news recommendation with the Turkish dataset, category matching accuracy
is lower. graph2vec has the lowest aggregation count for news recommendation and
the lowest category matching accuracy with the English dataset, too. On the basis of
the presented results, it is seen that, graph2vec is not successfull compared to doc2vec

and Specter for news classification.
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6.2.3 Experiment 3: News Classification with Different Classifiers

Because a labelled dataset including text items and their labels is used to train a
classifier, text classification is an example of supervised machine learning problem.

Three primary components make up an end-to-end text categorization pipeline:

e Data Preparation: In this experiment, the Turkish dataset is used for news
classification. Three different data that contains the textual content and label
were prepared. In the first data, only title of the news and their labels were
used. We mentioned about that scenario as ’title’ below. In the second data, the
whole content of the news and their labels were used. We mentioned about that
scenario as ‘content’ below. And in the final data, the lemmatized news content
and their labels were used. We mentioned about that scenario as ’lemmatized’

below.

In the experiment, data splits into two parts randomly. First part is training
part and it contains the %90 of the whole data. Second part is test part and it
contains the %10 of the whole data.

o Feature Engineering: Textual data is transformed into feature vectors and
new features are created using the existing dataset. Different ideas were imple-
mented in order to obtain features from our dataset. First of all, count vectors
were created as features. The term ’Count Vector’ refers to a matrix represen-
tation of the dataset in which each row represents a document from the corpus,
each column represents a term from the corpus, and each cell represents the
frequency count of a specific word in a certain document. Secondly, TF-IDF
vectors were created as features. The TF-IDF score indicates how important a
phrase is in the document and throughout the corpus. Different levels of input
tokens were created: Word Level TF-IDF, N-gram Level TF-IDF, and Char-
acter Level TF-IDF. In Word Level TF-IDF, matrix represents TF-IDF scores
of every term in different documents. In N-gram Level TF-IDF, matrix repre-
sents TF-IDF scores of N-grams that are the combination of N terms together.
In Character Level TF-IDF, matrix represents TF-IDF scores of character level

n-grams in the corpus.
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e Model Training: The final stage in the text classification framework is to
use the features produced in the previous phase to train a classifier. Machine
learning models come in a variety of shapes and sizes, and they may all be
utilized to train a final model. In our experiment, we used four different models:
Naive Bayes Classifier, Linear Classifier, SVM Classifier, and Random Forest
Classifier.

By using the models, feature vectors, and data that are mentioned above, we have
calculated the accuracy of the each model with different feature vectors and data by

using the 10-fold cross validation method. The final results are given Table [6.12]

Table 6.12: Accuracy of Naive Bayes Classifier, Linear Classifer, SVM Classifier,

Random Forest Classifier with different feature vectors and data

title | content | lemmatized
Count Vectors 53.506 | 58.912 54.174
Word Level TF-IDF | 53.932 | 59.076 58.232
N-Gram Vectors 49.410 | 57.569 57.869
Char Level Vectors | 50.491 | 56.979 55.328
Count Vectors 52.851 | 59.174 56.252

Word Level TF-IDF | 43473 | 60.387 _

N-Gram Vectors 49.476 | 59.109 58.792
Char Level Vectors | 52.195 - 58.562
Count Vectors 54.751 | 58.355 58.726
Word Level TF-IDF | 54.554 | 58.814 59.353
N-Gram Vectors 50.098 | 58.224 59.320
Char Level Vectors -M
Count Vectors 52.163 | 56.717 58.265
Word Level TF-IDF | 51.343 | 57.831 59.023
N-Gram Vectors 48.263 | 55.996 57.473
Char Level Vectors | 52.326 | 57.241 58.198

Naive Bayes Classifier

Linear Classifier

SVM Classifier

Random Forest Classifier
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According to results, by using the title of the news are used for classification SVM
classifier with char level vector as feature vector has the highest accuracy with the
%54.948 . By using the content of the news are used for classification Linear classifier
with char level vector as feature vector has the highest accuracy with the %60.092 .
By using the lemmatized content of the news are used for classification SVM classifier
with char level vector as feature vector and Linear classifier with word level TF-IDF
as feature vector have the highest accuracies with the %59.419 . If we look at all
the results the highest accuracy is %60.092. This value is smaller than the results in
section[0.2.2] that is, news classification by using news recommendation system give

more accurate results for news classification.
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CHAPTER 7

CONCLUSIONS

In this thesis study, it is hypothesized that graph based text representation will yield
more accurate results than text-based methods for text mining tasks. In particular,
the study focuses on news texts and compares graph and text embedding methods for
news recommendation and news classification tasks. The experiments are conducted

on two datasets including Turkish and English news collections.

By using two different datasets (the Turkish and English datasets) we created graph
models from news text. In our study, we proposed 2 different graph models: First one
is Named Entity Graph Model and second one is TF-IDF based Graph Model. These
two graph models are compared by doing experiments. For the news recommendation
task, both graph models are successful but for news classification task TF-IDF based

Graph Model is more accurate.

Additionally, we extracted feature vector representation of news by using graph and
text embedding techniques. After that, cosine similarity, Euclidean distance and Pear-
son similarity algorithms were applied in order to find similarity between the news
by using feature vectors. In order to measure the accuracy of news recommendation
task, user surveys were conducted and answer of the surveys were collected from the
users. For news classification task, similarity calculation results were used. Also, a
hybrid model that is created by using ranking aggregation of graph2vec’s, doc2vec’s

and Specter’s similarity results is proposed for news classification.

Experimental results show that graph based methods are more successful than text
based methods in news recommendation for the Turkish dataset with both Named En-

tity Graph Model and TF-IDF based Graph Model. However, for the English dataset,
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text based representation methods provide more accurate results. This difference can
be due to the use of different named entity recognizer tools for English and Turk-
ish texts. Additionally, the differences in the nature of the languages can affect the
named entity recognition performance. For the news classification task, text based
methods are more accurate for both the Turkish and English datasets with Named
Entity Graph Model. On the other hand, for the Turkish dataset with the TF-IDF
based Graph Model, graph based and text based methods gives similar performance
for news classification task. Also, the proposed hybrid model has the highest accuracy

for the TF-IDF based Graph Model on the Turkish dataset.

As the future work, this study can be extended with new graph models in order to
keep more accurate information about news. Besides, more efficient similarity calcu-
lation methods can be used and developed as time efficiency of similarity calculation
phase becomes a bottleneck under large data collections. Also, different ranking ag-
gregation methods can be used in order to combine different similarity calculation
methods. Another future work dimension is to increase the size of the ground truth

set by extending the user surveys.
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APPENDIX A

SAMPLE SURVEY QUESTIONS

Haber Onerme Anketi

* Bu ankette soruda verilen habere benzer olan siklanin isaretlenmesi gerekmektedir. Birden
fazla benzer cevap olabilir. Litfen benzer haberlerin hepsini isaretleyiniz.

* Uzun haberler kisaltilmistir. Haberin igeriginin tamamina sonlannda bulunan linke
tiklayarak ulasabilirsiniz.

Vakit ayirdifiniz igin tegekkiir ederim :)

Figure A.1: Information section of the user study
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Dunyada akaryakitin en ucuz oldugu Ulkelerden Tarkmenistan'da 2015'in ilk
gininde akaryakita yuzde 40 civaninda zam geldi. Daha dnce kursunsuz
benzinin litresi 62 tengeden (22 sent) satilirken, yeni yilin ilk gininde kursunsuz
benzinin litresi 1 manat (35 sent) oldu. Yaklasik 1 dolara arabalarin deposu
doldurulabiliyordu Uzun yillardir diinyada en ucuz akaryakitin satildigi dlkelerden
Tlrkmenistan'da Glkenin kurucu Devlet Baskan Saparmurat Turkmenbasi
déneminde kursunsuz benzinin litresi yaklasik 2 sente satiliyor, vatandaslar
yaklasik 1 dolara arabalarinin deposunu doldurabiliyordu. Zama ragmen
akaryakitin en ucuz oldugu llkeler arasinda Simdiki Devlet Baskani Gurbanguh
Berdimuhamedov, 2007 yilinda géreve geldikten sonra 2 sent olan benzin fiyatini
22 sent ylkseltmis, aylik arag basin...
http:/iuser.ceng.metu.edutr/~e1941814/newsContentHTML/S.html *

Selguk Altun - dunya.com Petrol fiyatlanndaki sert diglis benzini de agadi gekmeye
devam ediyor. Diin 45 dolar seviyelerine kadar diisen Brent petrolin varil fiyatindan
sonra benzine 6 kurus indirim yapildi. indirimli fiyatlar diin gece yansindan itibaren
D gegerli oldu. indirim sonrasinda Istanbul'da 95 oktan kurgunsuz benzinin litresinin
4,16 Tlden 4,10 TL seviyelerine, Ankara'da 4,17 TL seviyelerinden 4,11 TL seviyelerine
geri gekilmesi bekleniyor. ...
http://user.ceng.metu.edu.tr/~e1941814/newsContentHTML/313.html

Elekironik devi Apple kazang raporunu agikladi. Rekor "amiral gemi® iPhone satiglan
Apple'in tim beklenti rakamlann yerle bir etmesini sagladi. Apple'in 2015 mali yilinin
ilk geyredine ait finansal sonuglanina gére, sirket 31 Aralik 2014'te biten geyrekte 74,6
milyar dolar gelir ve 18 milyar dolar net kar elde etti. Yilin en biyiik alisveris dSnemini
kapsayan ekim-aralik geyredinde 74,5 milyon iPhone, 21,5 milyon iPad ve 5,52 milyon
D adet Mac bilgisayar satan Apple'in gelir beklentisi 63,5 ila 66,5 milyar dolar
arasindaydi. Piyasalar ise girketin hisse bagsina 2,60 dolar ve toplamda 67,7 milyar
dolar gelir agiklamasini bekliyordu. Apple'in 74,6 milyar dolarla beklentileri geride
birakan geliri, dnceki yilin aym déneminde kiyasla yizde 30 artisa isaret ederken,
sirketin net kan da yizd...
http:/fuser.ceng.metu.edu.tr/~e1941814/newsContentHTML/777.html

Misir'in son dénemdeki en blyik projelerinden Yeni Siveys Kanali'min bir kismimin
¢oktugi bildirildi. Emniyet kaynaklanndan alinan bilgiye gére, Yeni Siveys Kanali'min
dogusunda yapilan ¢dkeltim havuzlanndan biri kismen ¢dktl. Olayda Glen ya da
yaralananin olmadid belirtildi. Yerel kaynaklar ise 250 igginin kayboldugunu ileri
sirdii. Misir yetkililerinden heniiz bir agiklama yapilmadi. "Yeni proje" Siiveys

D Kanal'nin Kizildeniz ve Akdeniz tarafindaki bélimlerinin genigletilmesinin yani sira
‘orta kesimlerde” 35 kilometrelik mesafe igin de paralel bir kanal agilmasi planlamyor.
Genigletme galismasimin ardindan daha &nce baz noktalarda gegis igin bekleyen
gemiler, gift yonlu gidis-gelis imkanina sahip olacak. Bu projeyle Siiveys Kanali'ndan
gececek gemi sayisinin artacad belirtilirk. ..
http:/fuser.ceng.metu.edu tr/~e1941814/newsContentHTML/47 2. html

Figure A.2: A question with choices from user study for Turkish dataset
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Diinyada 65 iilke arasinda yapilan arastirmaya gére ingilizce konusulan ilkeler iginde
en iyi egitimin verildigi Kanada'ya Tirkiye'den go¢ orani artti. 1998-2013 tarihleri
arasinda & milyona yakin gdgmenlik basvurusuna onay veren Kanada, bu tarihler
arasinda Turkiye'den de 18 binin Uzerinde toplam bagvuruyu kabul etti. Dinyanin refah
ve editim dlizeyi en yiksek olan Ulkeleri arasinda ilk siralarda yer alan Kanada'ya
gocmenlik artiyor. Turkiye'den de gég basvurulanmin arttifi Kanada, iilkeye gelen
ggmenlere diger dlkelere oranla pek ¢ok avantaj sunuyor. ‘Omiir boyu yagam hakki
sunuyor Yasam, Saglik ve Egitim Merkezi Genel Midurid Sevki Akaydin, Kanada'nin
gégmenlere sundudu avantajlan gayle dzetledi: "Oncelikle diger dlkelere farkla
gogcmenlik bagvurusu kabul edilen herkes Kanada'ya adim att..
http:/fuser.ceng.metu.edu.tr/~e1941814/newsContentHTML/317.html

ABD'nin kalbi Beyaz Saray'in bahgesine diiserek biyiik panige neden olan hava
aracimin sarhos bir Amerikali istihbarat g6revlisine ait oldugu ortaya gikti. ABD,
gegtigimiz pazartesi gini Beyaz Saray'in bahgesine digerek, kirmizi alarma neden
olan dort pervaneli uzaktan kumandal helikopterin Beyaz Saray yakinlannda yasayan
bir istihbarat ¢alisanina ait olmasini konusuyor. Adi agiklanmayan ABD'linin Ulusal
Jeospatial- istihbarat Tegkilatinda galigtin ve edlence igin hava araci ugurdugu
aciklandi. Amerikan medyasi istihbarat gorevlisinin olay giini arkadaslanyla birlikte
icki ictigini yazdi. Beyaz Saray'in bahgesine diisen insansiz hava araci, ABD Basgkan
Barack Obama'nin givenligiyle ilgili tartismalann daha da alevlenmesine yol agti.
Beyaz Saray'in givenlidi gegtigimiz aylarda bahg...
http.//user.ceng.metu.edu.tr/~e1941814/newsContentHTML/797.html

Enerji Piyasasi Diizenleme Kurumunun (EPDK), Petrol Piyasas Lisans Yonetmeliginde
Degisiklik Yapiimasina Dair Yénetmeligi, Resmi Gazete'de yayimlanarak yiridrlige
girdi. Buna gore, hukuken gecerli bir nedene dayanmaksizin, pazarlama
projeksiyonunda beyan edilen asgari yillk 60 bin ton beyaz triin (benzin, moteorin)
satigini gergeklegtiremedidi tespit edilen dagiticilar hakkinda idari yaptirim
uygulanacak. Daha énceki dizenlemede, 60 bin tonluk yillik asgari satig
yukumliluguni yerine getirememesi halinde, EPDK'ya sunulan inceleme raporu
sonrasinda, dagiticinin lisansi Kurul karan ile iptal ediliyordu....
http:/fuser.ceng.metu.edu.tr/~e1941814/newsContentHTML/91 4. htmnl

Figure A.3: Continuation of choices of the question in Figure |A.2
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Gida Tarim ve Hayvancilik Bakanhgi, son 10 yilda 1 milyon 900 bin kadin giftgiye
tarimsal konularda egitim verdi. Tarimsal projelerde de kadinlara oncelik taniyan
Bakanlik, son 10 yilda kadin giftgilere yénelik calismalara 7 milyon TLnin Ozerinde
destek sagladi. Gida Tanim ve Hayvancilik Bakanligl, tarimin her alaninda aktif rol
alan kadinlan tarimsal konularda ve ekonomik faaliyetlerde egitmek, tarimsal
Uretimdeki kaliteyi artirmak, kalkinmada kadinlarin daha aktif rol almalarin
saglamak, kirsaldaki kadinin ekonomik ve sosyal konumunu iyilestirmek ve
glglendirmek amaciyla birgok projeyi hayata gegirdi. Kadin giftgilere yonelik
demonstrasyon, ¢iftgi toplantisi, uzun ve kisa sdreli giftgi kursu, tarla gina,
inceleme ve tesvik misabakasi gibi faaliyetler ylriten bakanhk, bu kapsamda
son... http/iuser.ceng.metu.edu.tri~e1941814/newsContentHTMLU/64.html *

DIDEM ERYAR UNLO Diinya Tanm Orgiitl raporlan son yillarda dinya nifusunun
giderek daha hizh artud fikri Gzerinde yodunlasiyor. Bu durum Snemli bir soruyu
giindeme tagiyor: 2050 yilina kadar 2,3 milyar artacak olan diinya nifusunun gida
ihtiyaci nasil karsilanacak? Roullier Group CEQ'su Jorge Boucas, “insanlan iyi
beslemek igin bitkiyi iyi beslemek slogan 8nemli ve heyecan verici kiresel bir iddia.
|:| Grubun tek istedi kendi insan sermayesini, yenilikgiligini ve kazanma ruhunu ortaya
koyarak bu inanci gelistirmek” diyor. 1959 yilinda Daniel Roullier tarafindan kurulan
Roullier Group, diinyada bitki besleme adina arastirma-gelistirmeye en ¢ok biitge
ayiran sirketler arasinda yer aliyor. Grup, kiresel gida ihtiyaglanna cevap vermek igin
yenilikgilik, sanayi ve uluslararasi nitelik kazandirm...
http:/fuser.ceng.metu.edu.tr/~e1941814/newsContentHTML/734. html

Endonezya'dan Singapur'a giderken pazar giini diisen AirAsia ugad igin slrdirilen
arama gahsmalannda 6 ceset daha denizden gikanldi. Borneo Adasi yakinlaninda
arama gahigmalanni siirdiiren ekiplerin, denizden bugiine kadar 16 kisinin cansiz
bedenini gikardifi agikladi. Denizden gikanlan 16 cesetten 10'u DNA testi ve otopsi
icin Surabaya Adasi'na getirilirken, 2 cesedin kimliginin belirlenip ailelerine teslim
|:| edildigi bildirildi. Endonezya Arama ve Kurtarma Ajansi, bugiin bulunan 6 cesedin
olumsuz hava sartlan nedeniyle gemilerden alinamadidini belirtti. Rizgann kuvvetli
estifi bolgede denizdeki dalgalanin yiiksekliginin Ug metreye kadar ulagtid ifade
edildi. Kurtarma timlerinden yapilan agiklamaya gére, bugiin denizden ugafin acil gikis
kapisi ve govdesine ait birkag parga qikartilarak ..
http://user.ceng.metu.edu.tr/~e1941814/newsContentHTML/24.htm|

Figure A.4: A question with choices from user study for Turkish dataset
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YENER KARADENIZ BAKU - Coca Cola, bu yil ilki Azerbaycan'in Baki kentinde
diizenlenecek olan 2015 Avrupa Olimpiyat Oyunlan'nin 7 ana sponsorundan biri oldu.
Haziran'da agihigi yapilacak olan oyunlar igin Azerbaycan Hilkiimeti, 950 milyon Manat
(Yaklagik 2.8 milyar TL) yatinm yapti. Sponsorliuk anlagmasi imza tdreni ncesi Tirk
basin mensuplan ile bir araya gelen Coca Cola Turkiye, Kafkasya ve Orta Asya B&limi
Baskani Galya Frayman Maolinas, 129°uncu yilim dolduran Coca Cola'min 200 idlkede
faaliyet gosterdigini anlatti. Bu Ulkelerde 500 marka ve 3 bin 500 drin ile hizmet
verdiklerini dile getiren Molinas, yine bu markalardan 17'sinin her birinin perakende
dederinin 1 milyar dolan astigim séyledi. Galya Frayman Molinas'in verdigi bilgilere
gore 200 iilkede 700 bin ¢alisani ile faaliyette bu...
http://user.ceng.metu.edu.tr/~e1941814/newsContentHTML/471.html

Gida Tarim ve Hayvancilik Bakanhd, Avrupa Birligi Katiim Oncesi Yardim Araci Kirsal
Kalkinma Programi (IPARD) kapsaminda son 5 yilda 600'den fazla kadin girisimciye
destek vererek, stz konusu projeler igin B0 milyon liralik 8deme gergeklestirdi.
Bakanliktan yapilan yazih agiklamaya gore, IPARD kapsaminda kadin girisimcilere
verilen hibe desteklerle kadinlann galisma hayatina girmesini sagladi. Bakanlik,
basvuru sahibinin kadin olmasi, isletmede galiganlanin en az yiizde 50'sinin
kadinlardan olusmasi ya da yatinmin bir kadin girisimei tarafindan uygulanmasi gibi
dzellikler tagiyan projelere dncelik verdi. Bu kapsamda son 5 yilda 600'den fazla kadin
girigimcinin projesine destek verilerek, 80 milyon lira deme gergeklestirildi. Tanm ve
Kirsal Kalkinmayi Destekleme Kurumu'nun (TKDK)...
http:/fuser.ceng.metu.edu.tr/~e1941814/newsContentHTML/239 . html

Almanya'da Dresden Savcilifinin, islam ve gdgmen kargiti Bati'nin islamlagmasina
Kargl Vatansever Avrupalilar (PEGIDA) dernedinin Bagkani Lutz Bachmann hakkinda,
“halki kigkirtma” iddiasiyla sorusturma baslattid bildirildi. Dresden Bagsavcisi Jan
Hille, yaptig agiklamada, sosyal paylasim sitesi Facebook'tan paylastidi fotodraflar ve
ifadelerden dolayr Bachmann hakkinda "halki kiskirtma” iddiasiyla sorusturma
baslatildigini belirtti. Hille, séz konusu paylasimlann gergek olup olmadidinin
incelenecedini kaydetti. Ote yandan Bachmann'in bugiin PEGIDAdaki tiim
gorevlerinden istifa ettigi bildirildi. Bild gazetesine agiklama yapan Bachmann, “Evet
yonetimden de aynliyorum” ifadesini kullandi. PEGIDA Sézciisi Kathrin Oertel, Spiegel
dergisine yaptigi agiklamada, PEGIDA organizasyonunda yer...
http:/fuser.ceng.metu.edu.tr/~e1941814/newsContentHTML/583. html

Figure A.5: Continuation of choices of the question in Figure |A.4
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bank set to leave rates on hold uk interest rates are set to remain on hold at
4.75% following the latest meeting of the bank of england. the bank s rate-
setting committee has put up rates five times in the past year but rates have
been on hold since september amid signs of a slowdown. economic growth
slowed in the previous quarter as manufacturing output fell while consumer
confidence has slipped. there is also growing evidence that the previously
booming uk housing market is now cooling. house prices fell 0.4% in october
according to the nationwide their biggest monthly fall since february 2001. last
menth bank of england governor mervyn King said that the economy had hit a
softer patch after rapid economic growth in the first half of 2004. richard jeffrey
chief economist at br...

http:/fuser.ceng.metu.edu tr~e1941814/newsContentHTML/4%.html *

donor attacks blair-brown feud the reported feud between tony blair and gordon
brown has prompted a labour donor to say he will almost certainly refuse to give more
funds. duncan bannatyne also attacked the government over irag and its poor

D response to the asian tsunami crisis. his broadside came as ex-foreign secretary
robin cook said he hoped mr brown would be premier at some point. mr bannatyne
has previously given labour £50 000. he made his fortune from care homes and health
clubs. th... http:fuser.ceng.metu.edu.tr/~e1941814/newsContentHTML/1307.html

bank opts to leave rates on hold the bank of england has left interest rates on hold at
4.75% for a sixth month in a row. the bank s monetary policy committee (mpc)
decided to take no action amid mixed signals from the economy. but some

D economists predict a further rise in the cost of borrowing will come later this year.
interest rates rose five times between november 2003 and august 2004 as soaring
house prices and buoyant consumer data sparked inflation fears. bank of england
governaor mervyn ...
http:/fuser.ceng.metu.edu.tr/~a1941814/newsContentHTML/1022. html

bomb threat at bernabeu stadium spectators were evacuated from real madrid s
bernabeu stadium on sunday following a bomb scare during the game between the
hosts and real sociedad. more than 70 000 people abandoned the ground with the
D score at 1-1 and only three minutes left to play. the basque newspaper gara
apparently received a telephone call saying a bomb was due to explode at 2100 local
time. but after searching the stadium with sniffer dogs the police said that no
explosive device had bee...
http://user.ceng.metu.edu.tr/~e1941814/newsContentHTML/315.html

us interest rates increased to 2% us interest rates are to rise for the fourth time in five
months in a widely anticipated move. the federal reserve has raised its key federal
funds rate by a quarter percentage point to 2% in light of mounting evidence that the
D us economy is regaining steam. us companies created twice as many jobs as
expected in october while exports hit record levels in september. analysts said a clear-
cut victory for president bush in last week s election paved the way fora...
http:/fuser.ceng.metu.edu.tr/~e1941814/newsContentHTML/402. html

Figure A.6: A question with choices from user study for English dataset
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mcleish ready for criticism rangers manager alex mecleish accepts he is going to
be criticised after their disastrous uefa cup exit at the hands of auxerre at ibrox
on wednesday. mcleish told bbe radio five live: we were in pole position to get
through to the next stage but we blew it we absolutely blew it. there s no use
burying your head in the sand we know we are going to get a lot of criticism. we
have to take it as we have done in the past and we must now bounce back.
mcleish admitted his team s defending was amateurish after watching them lose
2-0 to guy roux s french side. | m very disappointed because we didn t give
ourselves a chance losing the first goal from our own corner. it was amateur he
added. the early goal in the second half gave us a mountain to climb and we ...
http:fuser.ceng.metu.edu.ti~e1941814/newsContentHTML/41.htrnl *

mourinho plots impressive course chelsea s win at fulham - confirming their position
at the premiership summit - proves that they now have everything in place to mount
serious challenges on all fronts this season. they have got strength in depth great
D players an outstanding manager in jose mourinho and finances no other club in the
world can match. all they need to add now is the big prizes which as we all know is
the most difficult part of all. one thing is certain - they have put themselv._
http:fuser.ceng.metu.edu.tr/~e1941814/newsContentHTML /7 40.html

robinson answers critics england captain jason rebinson has rubbished suggestions
that the world champions are a team in decline. england were beaten 11-9 by wales in
their six nations opener in cardiff last week and face current champions france at

D twickenham on sunday. robinson said: we are certainly not on the decline. you lose
one game and it doesn t make you a bad team. i have no doubt in the players we ve
got. we have still got the team to go out and beat anyone on our day. england fin...
httpfuser.ceng.metu.edu.tr/~e1941814/newsContentHT ML/ 621 .html

jowell rejects las vegas jibe the secretary of state for culture media and sport tessa
jowell has hit out at critics of the gambling bill. she told the guardian newspaper there
would be no las vegas-style super-casinos as rumoured in the press. meanwhile

D labour backbencher stephen pound labelled casino-related regeneration schemes a
pile of pants . the mp for ealing north claimed the legislation would encourage a
mafia-like culture of vice and corruption in an interview on bbc radio 4...
http:fuser.ceng.metu.edu.tr/~e1941 814/ newsContentHTML/510.html

wenger shock at newcastle dip arsenal manager arsene wenger has admitted he is at
a loss to explain why newcastle are languishing in the bottom half of the table. the
gunners travel to st james park on wednesday with newcastle 14th in the premiership
\:l after a troubled season. and wenger said: at the beginning of the season you would
expect them to be fighting for the top four. | don t know how they got to be where they
are. it looks to me from the outside that they have many injuries. arse...
httpfuser.ceng.metu.edu.tr/~e1941814/newsContentHTML /577 .html

russia wto talks make progress talks on russia s proposed membership of the world
trade organisation (wto) have been making good progress say those behind the
negotiations. but the chairman of the working party ambassador stefan johannesson
D of iceland warned that there was still a lot of work has to be done . his comments
came as president george w bush said the us backed russian entry. but he said for
russia to make progress the government must renew a commitment to democracy
and the r... hittp:fuser.ceng.metu.edu tr/~e194181 4/newsContentHTML/730. hitmil

Figure A.7: A question with choices from user study for English dataset
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