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Abstract

Topic Profiling is a major problem in text mining, researchers are faced with different options regarding the number of
documents considered for a topic or types of features extracted. These options can be decided based on requirements of the
problem as well as the characteristics of the data. On the other hand, while twitter users are posting comments on the
microblog, they leave unique traces of attributes such as short text messages, their interests and related connections. The
frequently updated tweets, build an enormous amount of text data which if analyzed can define user’s topic profile. The ever
increasing micro-blogging data and the need for topic profiling from this data, has led researchers to approach this problem by
using several techniques such as text mining, natural language processing, statistical and other topic modeling methods.
Therefore, this paper presents a survey on text mining technique with twofold approach: First, the leveraging of knowledge
base for developing a topic model. Second, the use of TFIDF, a feature selection method on Bag of Words (BoW) text
representation model while explaining different other proposed feature seletion methods such as Term Frequency, Document
Frequency, Information Gain and Chi-Square Statistics.
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1. Introduction

Social media platforms such as twitter have been used enormously to post tweets and comments respectively by organizations
or individuals from different geographical locations, religion, language and cultural background for branding, sensitization, and
knowledge dissemination, message exchange etc. The real-world nature of posts is that they are noisy and complex, making our
problem difficult. Tweets are intentionally short (limited to just 140-characters) which forces users to be creative in how they
constrain the text while preserving meaning. As with text messages sometimes users rely on common acronyms (e.g., "d/r" means
"dressing room" in sports), or ("Hawks" to mean "Chicago Blackhawks," in general, this leads to noise (Dredze, McNamee, Rao,
Gerber, & Finin, 2010).

Another noisy and complex aspect of social posts analysis is when a user switches to another language either within the same
comment/tweet or in a different one. Furthermore the user can be having social profiles in two or more other languages; this will
require a huge diversity of algorithms and approaches that help in identifying user specific interest in the social media (Dredze et
al., 2010). Therefore, in this research, social media posts were analyzed by using term frequency inverse document frequency
(TFIDF) feature selection method and knowledge base Synsets merged with keywords in the text representation model. Various
machine learning algorithms such as K- Nearest Neighbor (KNN), Support Vector Machine (SVM) and Decision Tree (DT) were
used for data training in the discovery of user topic of interest.

In addition, Social media includes all the channels people connect to each other through social sites. Therefore, mobile
devices, social networks, email, texting, micro-blogging and location sharing are just a few of the many ways people engage in
creating virtual communities. As people link, like, follow, friend, reply, retweet, comment, tag, rate, review, edit, update, and text
one another (among other channels) they form collections of connections. These collections contain network structures that can be
extracted, analyzed and visualized. The result can be insights into the structure, size, and key positions in these networks (Raad et
al., 2010).
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Social media networks form a wide range of terms. People talk about the news of the day, celebrities, companies, technology,
entertainment, and more. As each person uses social sites, they form networks as they follow, reply and mention one another.
These connections are visible in the text of each post or by requesting lists of the users that follow the author of each post. Hence,
specific data from these social media networks can be extracted together with their related attributes for online user profiling
(Hansen et al., 2009)

1.1 Web Mining

Web Mining or Web Data Mining is the means of utilizing data mining methods to induce and extract useful information from
Web data information. Web mining may be classified into three categories based on the mining goals, which determine the part of
the Web to be mined: Web content mining, web structure mining, and Web usage mining. Web content mining tries to discover
valuable information from Web contents. Generally, Web content mining is mainly referred to textual objects, thus, it is also
alternatively termed as text mining (Xu et al, 2011 as cited in Ogada et al., 2015)

1.2 Text Mining

Text mining is a branch of Data mining. Data Mining refers to extracting informative knowledge from a large amount of data,
which could be expressed in different data types, such as transaction data in Electronic Commerce applications or genetic
expressions in bioinformatics research domain. The main purpose of data mining is discovering hidden data or unseen knowledge,
normally in the form of patterns, from available data repository (Xu, Zhang, and Li, 2011).

1.3 Topic Profiling

According to A. K. Sehgal, (2007), a topic profile is analogous to a synopsis of a topic and consists of different types of
features. Profiles are flexible to allow different combinations of features to be emphasized and are extensible to support new
features to be incorporated without having to change the underlying logic. More generally, topic profiles provide an abstract
framework that can be used to create different types of concrete representations for topics. Different options regarding the number
of documents considered for a topic or types of features extracted can be decided based on requirements of the problem as well as
the characteristics of the data. Topic profiles also provide a framework to explore relationships between topics.

2. Feature Selection Methods

Feature selection is a process of finding a subset of features, from the original set of features forming patterns in a given data
set, according to the defined criterion of feature selection (a feature goodness criterion) (Cios, Padrycz, Swiniarski, & Kurgan,
2007 as cited in Ogada, Mwangi and Cheruiyot , 2015). Feature selection plays an important role in text categorization. Classic
feature selection methods such as document frequency (DF), information gain (IG), mutual information (MI) are commonly
applied in text categorization. But usually they only take plain text into account. Knowledge Gain (KG) is a new feature selection
method that was proposed by (Yan, 2014 as cited in Ogada et al., 2015).

A big challenge in text categorization is learning from high dimensional data. On the other hand, tens and hundreds of
thousands of terms in a document may lead to a high computational burden for the learning process. Also, some irrelevant and
redundant features may hurt predictive performance of classifiers for text categorization (Ogada et al., 2015). Therefore feature
selection is done according to some specified set of rules to choose a part of feature words that have bigger contribution from high
dimensional feature subspace apply to the subsequent classification process, to improve the text classification system’s efficiency
of time and space (Wu & Xu, 2015 as cited in Ogada et al., 2015). The following section describes some feature selection
methods

2.1 Term Frequency (TF)

Traditional Term Weighting Scheme are term-frequency (TF), where the importance of a term in a document is given by
its frequency of occurrence in the document; Boolean (B), where the importance of a term in document is either 1, when the term
appear in the document or 0, when the term does not appear in the document Escalante et al., (2014). In term frequency weights
are assigned to each term in a document that depends on the number of occurrences of the term in the document. By assigning a
weight for each term in a document, a document may be viewed as a vector of weights (Ogada et al., 2015).

2.2 Term Frequency — Inverse Document Frequency (TFIDF)

TD-IDF algorithm determines the frequency of specific words in a given document and taking account of its occurrence in all
documents. This value is calculated from the following formula:
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The left side of the equation contains the two components tf and idf. The first term is the frequency of the words, expressed by
formula:

njj

tfi,]' = T g

)
where n; ; is the number of occurrences of the term ti in the document d; . The denominator contains the sum of occurrences
all the words in the selected document d;. The second component from (1.0) is idf; and it is expressed by the following formula:

. — D]
idf; = log Catedl] 3)
where |D| is the total number of documents and {d : t; € d} the number of documents that contain at least one instance of
document (Grycuk, Gabryel, Korytkowski, & Scherer, 2014).

In text mining, the term frequency — inverse document frequency (TFIDF), is a well-known feature selection method to
evaluate how important is a word in a document. TFIDF is a very interesting way to convert the textual representation of
information into a Vector Space Model (VSM).

2.3 Chi-Square

According to Thaseen and Kumar (2017), Chi-squared is a numerical test that measures deviation from the expected
distribution considering the feature event is independent of the class value. The chi square value is calculated from the following
metrics such as true positives (tp), false positives (fp), true negatives (tn), false negatives (fn), probability of number of positive
cases Ppos and probability of number of negative cases Pneg.

Chi — Squaremerric = t(tp! (tp + fp)ppos)+ t(tn! (tn + fn)p'pos)+ t(tpv (tp + fx‘a)pneg)-'_ t(tn' (tn + fn)pneg) (4)

(count—expect)?
I — ()

expect

Where t (count, expect) =

The chi-square approach consists of the following steps:
i.  Specify the hypothesis
ii. Devise an analysis plan
iii. Examine sample data
iv. Deduce results

After the hypothesis is stated, the analysis plan specifies how to utilize model data to accept or reject the hypothesis. The plan
must specify the following:

i Significance rank: Researchers choose significance level equal to 0.01, 0.05 or 0.10 but it can be any value between
0and 1.

ii. Test method: The chi-square test is used to test independence level to identify whether there is a considerable
relationship between two categorical attributes.

The sample data have to be analyzed to calculate the degrees of freedom, predictable frequencies, test value and the P-value
associated with the test.

Degree of freedom:
DF=(r-1)(c-1) (6)

where r is the number of levels of one categorical variable and c is the number of levels for other categorical variable

Test statistic:

2 _ N+(AD-CB)? ]
x*(f,0) = (A+C)(B+D)(A+B)(C+D) )
Where A = No. of times feature‘t’ and class label ‘c’ co-occurs.

B = No. of times‘t’ appears without ‘c’
C = No.of times ‘c’ appears without‘t’.
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D = No.of times neither ‘c’ nor‘t’ appears.
N = Total number of records.

2.4 Information Gain

Given the entropy is a criterion of impurity in a training set S, we can define a measure reflecting additional information about
Y provided by X that represents the amount by which the entropy of Y decreases.This measure is known as 1G. It is given by:

IG = H(Y) — H(Y|X) = H(X) — HX|Y) (8)

IG is a symmetrical measure (refer to equation (3)). The information gained about Y after observing X is equal to the
information gained about X after observing Y. A weakness of the IG criterion is that it is biased in favor of features with more
values even when they are not more informative.

2.4.1 Gain Ratio

The Gain Ratio is the non-symmetrical measure that is introduced to compensate for the bias of the IG. GR is given by:

1G2

GR = —
H(X)

9)

As equation (4) presents, when the variable Y has to be predicted, we normalize the IG by dividing by the entropy of X, and
vice versa. Due to this normalization, the GR values always fall in the range [0, 1]. A value of GR = 1 indicates that the
knowledge of X completely predicts Y, and GR = 0 means that there is no relation between Y and X. In opposition to 1G, the GR
favors variables with fewer values.

3. Document Representation Model

Documents need to be represented in a way that is suitable for a general learning process. The most widely used
representation is \the bag of words" where a document is represented by a vector of features, each of which corresponds to a term
or a phrase in a vocabulary collected from a particular data set. The value of each feature element represents the importance of the
term in the document, according to a specific feature measurement (Ogada et al., 2015). There are four main IR models: Boolean
Model, vector space model, language model and probabilistic model. The most commonly used models in IR systems and on the
Web are the first three models. Although these three models represent documents and queries differently, they use the same
framework. They all treat each document or query as a "bag" of words or terms. Term sequence and position in a sentence or a
document are ignored. That is, a document is described by a set of distinctive terms (Liu, 2007 as cited in Ogada et al., 2015).

3.1 Document representation Combined Model

BoW representation tends to divide text into single words and, hence, causing terms to break down into their constituent
words. The model also treats synonymous words as independent features with no semantic association. These issues have been
addressed by a number of researchers by representing text as concepts rather than words, using an approach known as Bag-of-
Concepts (BOC). In the BOC approach, semantic knowledge bases such as WordNet, Open Directory Project (ODP) and
Wikipedia are used to identify the concepts appearing within a document (Alaa, Arash, & Abdulhussain, 2014 as cited in Ogada et
al., 2015).

4. WordNet Text Categorization

According to Elberrichi, Rahmoun, Bentaalah and Laboratory (2008), WordNet is a thesaurus for the English language based
on psycholinguistics studies and developed at the University of Princeton . It was conceived as a data-processing resource which
covers lexico semantic categories called synsets. The synsets are sets of synonyms which gather lexical items having similar
significances, for example the words “a board” and “a plank” grouped in the synset {board, plank}. But “a board” can also
indicate a group of people (e.g., a board of directors) and to disambiguate these homonymic significances “a board” will also
belong to the synset {board, committee}. The definition of the synsets varies from the very specific one to the very general. The
most specific synsets gather a restricted number of lexical significances whereas the most general synsets cover a very broad
number of significances. The organization of WordNet through lexical significances instead of using lexemes makes it different
from the traditional dictionaries and thesaurus.

The other difference which has WordNet compared to the traditional dictionaries is the separation of the data into four data
bases associated with the categories of verbs, nouns, adjectives and adverbs. This choice of organization is justified by
psycholinguistics research on the association of words to the syntactic categories by humans. Each database is differently
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organized than the others. The names are organized in hierarchy, the verbs by relations, the adjectives and the adverbs by N-
dimension hyperspaces.

Elberrichi et al., (2008) explain further that semantic relations available in WordNet are numerated by the following list below.
These relations relate to concepts, but the examples which are given are based on words.

i. Synonymy: relation binding two equivalent or close concepts (frail /fragile). It is a symmetrical relation.

ii. Antonymy: relation binding two opposite concepts (small /large). This relation is symmetrical.

iii. Hyperonymy: relation binding a concept-1 to a more general concept-2 (tulip /flower).

iv. Hyponymy: relation binding a concept-1 to a more specific concept-2. It is the reciprocal of hyperonymy. This relation
may be useful in information retrieval. Indeed, if all the texts treating of vehicles are sought, it can be interesting to
find those which speak about cars or motor bikes.

v. Meronymy: relation binding a concept-1 to a concept-2 which is one of its parts (flower/petal), one of its members (forest
/tree) or a substance made of (pane/glass).

vi. Metonymy: relation binding a concept-1 to a concept-2 of which it is one of the parts. It is the opposite of the meronymy
relation.

vii. Implication: relation binding a concept-1 to a concept-2, which results from it (to walk /take a step).
viii. Causality: relation binding a concept-1 to its purpose (to kill /to die).

ix. Value: relation binding a concept-1 (adjective) which is a possible state for a concept-2 (poor /financial condition).

X. Has the value: relation binding a concept-1 to its possible values (adjectives) (size /large). It is the opposite of relation
value.

xi. See also: relation See also: relation between concepts having a certain affinity (cold /frozen).

xii. Similar to: certain adjectival concepts which meaning is close are gathered. A synset is then designated as being central
to the regrouping. The relation 'Similar to' binds a peripheral synset with the central synset (moist /wet).

xiii. Derived from: indicate a morphological derivation between the target concept (adjective) and the concept origin (coldly
/cold).

4.1 Synonymy in WordNet

A synonym is a word, which we can substitute to another without important change of meaning. Cruse as cited in Elberrichi
et al., (2008)distinguishes distinguishes further three types of synonymy:
i. Absolute synonymes.
ii. Cognitive synonymes.
iii. Plesionymes.

According to the definition of Cruse as cited in Elberrichi et al., (2008) of the cognitive synonyms, X and Y are cognitive
synonyms if they have the same syntactic function and that all grammatical declaratory sentences containing X have the same
conditions of truth as another identical sentence where X is replaced by Y, example: Convey /automobile. The relation of
synonymy is at the base of the structure of WordNet. The lexemes are gathered in sets of synonyms ("synsets"). There are thus in
a synset all the terms used to indicate the concept. The definition of synonymy used in WordNet is as follows: "Two expressions
are synonymous in a linguistic context C if the substitution of for the other out of C does not modify the value of truth of the
sentence in which substitution is made". Example of synset: [Person, individual, someone, somebody, mortal, human, drunk
person].

4.2 Hyponyms /Hyperonyms in Word Net

X isahyponym of Y (and Y is a hyperonym of X) if:
i. F(X) is the minimal indefinite expression compatible with sentence A is F(X) and
ii. AisF(X)implies Ais F(Y).

In other words, the hyponymy is the relation between a narrower term and a generic term expressed by the expression "is-a".
Example: It is a dog — It is an animal. A dog is a hyponym of animal and animal is a hyperonym of dog.

5. Related work on Topic Profiling Technique

According to Aizawa (2003), Term frequency—inverse document frequency TFIDF is one of the most commonly used term
weighting schemes in today’s information retrieval systems. Despite its popularity, TFIDF has often been considered an empirical
method, specifically from a probabilistic point of view, with many possible variations. In the information retrieval field, term
weights are mainly used to represent the usefulness of terms in the retrieval process; for example, the frequency signal-to-noise
ratio.
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Svore and Burges (2009) describe BM25 as one of the most important and widely used information retrieval functions. It has
served as a strong baseline in the information retrieval community, in particular in the TREC Web track. Originally designed to be
computed over the body and title fields of a Web document, BM25 is a nonlinear combination of three key document attributes:
term frequency, document frequency, and document length.

lofciu, Fankhauser, Abel and Bischoff (2011) in their study “Identifying Users across Social Tagging Systems” combined TF-
IDF and BM25 by Matching Users based on their Tags For identifying users across social systems based on their tagging
behavior, they experiment with standard techniques like TF, TF-IDF and BM25 and compare it against a new symmetric variant
of BM25 using site specific statistics. Their approach used two kinds of information: user ids and tags. Then introduced and
compared a variety of approaches to measure the distance between user profiles for identification. With the best performing
combination their method achieved accuracies of between 60% and 80%, which demonstrates that the traces of Web 2.0 users can
reveal quite much about their identity. While these user identification strategies can support cross system personalization, they
raise privacy concerns which the study did not handle adequately. Also investigation of network structure (such as friend links)
was not considered in combination with tag-based profile features to impact user identification.

Abel, Herder and Krause(2011) in their study “Extraction of Professional Interests from Social Web Profiles” analyzed if
professional interests of a user can be extracted from social sites (such as Facebook and Twitter activities) and be distinguished
from private interests. The results indicated that performance largely depends on the size and quality of the Social Web profiles. In
this study also methods for reducing noise and chatter for-high volume profiles was used to improve quality, however diversity of
the profiles was deeply reduced.

Michelson and Macskassy (2010) described the using of Knowledge Base (Wikipedia) to Disambiguate and Categorize
Entities into two high-level steps:-

a. Categories discovery: In category discovery, the entities are identified in each Tweet, disambiguated, and the sub-tree of
the folksonomy’s categories that contains the disambiguated entity is retrieved. Since the output of this step is a set of
categories for the Tweets, it is called the “Discover Categories” step.

b. Generation of topic profile: Topic profile is generated for the user based on the discovered categories contained in the
sub-trees. This is called the

“Discover Profile” step: The first step in discovering the categories for Tweets involves discovering the entity mentions in the
Tweets themselves.

The figure 2.9.5 illustrates the steps in entities disambiguation on tweets:-

Input Tweets
itArsenal winger Walcott: Becks is my England inspiration: http://tinyurl.com/37zyjsc

Oh, and Senderos’s Dad is lovely fella too. Philippe cried in d/r after #Arsenal CL
defeat at Liverpool. That shows he cares - wish more did

s
;’ _AQA ST,
g | oL >
Step 1: Discover Categories f‘, Y~ K\,
& g':-\ (5 >(/)J
| Discover Entities in Tweet | TS ,V‘
T OE (o
) ) . 3 s Y
Disambiguate Entities B = D
Retrieve Folksonomy Sub-Tree \X/ IKIPEDIA
The Free Encyclopedia

Step 2: Discover Profile

Generate Topic Profile from
Sub-Trees

Topic Profile:
“English Football”
“World Cup”
es e

Figure 1: Entity-Based Topic Profiles (Michelson & Macskassy, 2010)
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Michelson and Macskassy (2010) in their approach “Discovering Users’ Topics of Interest on Twitter”, presented early results
on discovering Twitter users' topics of interest by examining the entities they mention in their Tweets. Their approach as
mentioned earlier leverages a knowledge base (Wikipedia) to disambiguate and categorize the entities in the Tweets. Then a topic
profile is developed which characterizes users' topics of interest, by discerning which categories appear frequently and cover the
entities. The approach demonstrated that it is possible to successfully discover the main topics of interest for the users. However,
this approach could not analyze Twitter to cluster and search users by their topics of interest.

Latent Dirichlet allocation (LDA) is a generative probabilistic model of a corpus. The basic idea is that documents are
represented as random mixtures over latent topics, where each topic is characterized by a distribution over words (Blei, Ng,
&Jordan, 2003). According to Xu, Ru, Xiang and Yang (2011), LDA is a generative model which represents documents as
random mixtures over latent topics, and each topic is characterized by a probability distribution over words. To generate each
document from a document collection, it first samples a topic from its topic distribution, and then picks a Dirichlet word from the
distribution over words associated with the chosen topic.

The inference of LDA can be done by using Gibbs sampling (Gibbs sampling or a Gibbs sampler is a Markov chain
Monte Carlo (MCMC) algorithm for obtaining a sequence of observations which are approximated from a specified multivariate
probability distribution, when direct sampling is difficult), a relatively simple and effective algorithm. Therefore, the author-topic
Model is an extension of LDA to integrate authorship information of documents into topic modeling. It assumes that each author
in the document collection is represented by a distribution over topics, and each word is associated with two latent variables: an
author and a topic. Differing from the generation process of LDA, the author-topic Model first chooses an author from a
document’s author list. Then it samples a topic from topic distribution associated with the selected author, and picks a word from
the topic specific word distribution. When each document has only one author, the author-topic model is similar to the work in,
which simply aggregates a big document for each user based on his posts and runs traditional LDA on this document.

The Table 1 below illustrates:

Symbols | Descriptions

D number of tweets

K number of topics

A number of authors

W number of unique words

Ny number of words in the dth tweet
Wy content of the dth tweet

W, nth word in the dth tweet

Zy topic assignment of the d'th tweet
Ziin topic of the nth word in the dth tweet
ry relevance variable of the dth tweet
fa feature vector of the dth tweet

1, topic distribution of author a

a, f Dirichlet distribution parameters
n beta distribution parameters

Table 1: Attributes to be extracted from tweets for LDA Modeling

Xu et al., (2011) explain further that in this model it is assumed that each tweet is associated with a latent variable that
indicates whether it is related to its author’s interest, and the tweet originates either from the author’s topic distribution or other
distribution. Bayesian graphical model of twitter-user model is used and the description of its generative process. The model can
be viewed as first generates a relevance variable and subsequently generates the tweet from either its author’s topic distribution or
other topic distribution. Bear in mind that this model does not analyze those interest-unrelated tweets directly. For simplicity, it is
assumed that each interest-unrelated tweet is generated from a uniform topic distribution. The inference of this model can be
efficiently computed using collapsed Gibbs sampling.

Furthermore, Xu, et al., (2011) also focused on the problem of discovering users’ topics of interest on Twitter. They explained
that previous efforts in modeling users’ topics of interest on Twitter have focused on building a “bag-0f-words” profile for each
user based on his tweets, they overlooked the fact that Twitter users usually publish noisy posts about their lives or create
conversation with their friends, which do not relate to their topics of interest. Therefore, Xu et al., 2011, proposed a novel
framework to address this problem by introducing a modified author-topic model named twitter-user model. For each single tweet,
the model uses a latent variable to indicate whether it is related to its author’s interest. An experiment on a large dataset was

68 | August, 2018: Vol. 1, Issue 1




INTERNATIONAL JOURNALS OF ACADEMICS & RESEARCH ISSN: 2617-4391 www.ijarke.com
IJARKE Science & Technology Journal

crawled using Twitter APl which demonstrated that the model outperforms traditional methods in discovering user interest on
Twitter.

6. Approach of the study

In this survey, the focus was on proposing a technique that combines knowledge base definitions (synonymes and
hyponymes) and TFIDF Feature selection method in twitter user topic profiling. The key aspects in this approach are:-

I Data Presentation (Pre-processing)
a. All posts from user profiles are extracted
b. Text tokenization, where the input text data is divided into into units called tokens, with each of these text units
being a word, a punctuation mark or some other sequence of characters that holds a meaning of its own.
c. Digits, stop words and non-descriptive words such as a, and, are and do, non-ascii words are removed.
d. Word stemming is carried out, i.e. words with different ending shall be mapped into single word, for instance
computerization, computing and computer are stemmed to comput .

Il. Topic Model Development

a. Generation of knowledge base defined topics; topics are generated by defining all hyperonymy of the hyponymy
against pre-processed text data through WordNet sysnsets, For example [person, individual, someone]
(hyponymy) implies [Human] (hyperonymy). The Synsets brought out topics about the data such as, Crime,
Media, Politics, etc.; finally, the discovered topics were used to label the text data (Figure 2 below).

b. The synsets and Keywords were merged to form a text representation of the topic model

1. Feature Selection

a. All tokenized features from the topic model were fitted to TFIDF (Term Frequency - Inverse Document
Frequency).
b. Important terms were selected from the topic model based on the TFIDF weighting.

/ knowledge Base Synsets definitions \
1 Input a tweet

[T - ) : « S (n) bloodshed, pore (the shedding of biood resulling in murder) e avenged the
h?@ﬂlkb& sujlflfetmgmda} fatal shootmg poms stop bloodshed Bisodished of s kinsmen®

« 5 (n) plood! bioodieting, bloodshed, [ttus (ndiscriminate siaughter) "a

bioochath fook place whan the leaders of e piot dered, an days after th
blopdetting Hillar gave the a rame" the valey is NG Siranger 1o bicodshed

vy
‘ | and murter, % hugs p 8 oered™

ﬂ. Discover Topic Categories
a). ldentify tweet keywor
" kenmicky suffer 7

J v 5 (1) shooling, $hot (e act of finng a projecile) Thes shodting was siow but
aouaie”

v 5 (1) shooting (ioling samens by qunfie) when the shoofing stopped thers iere
e gead bockes”

b). Defining Synsets for Keywords
Bloodshed: implies [gore, murder, bloodbath, bloodletting,
slaughter]

Shooting: Implies [shot, firing, killing, gunfire]

\
u /?togicgroﬁle: Crime \

*  gore
4_Develop topic model: merging keywords 3. TFIDF Feature Selection *  murder
and Synsets *  slaughter

gore, murder, slaughter, *  Shooting
Bloodshed, gore, murder, bloodbath, Shooting ,shat, firing, killing, + shot
bloodletting, slaughter, Shooting shat, firing, gunfire * firing,
killing, gunfire +  Filling

* gunfire

N 5.

Figure 2: Combining Knowledge Base and TFIDF Feature Selection Method in Twitter User Topic Profiling
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7. Conclusions and Recommendations

Topic Profiling is a major problem in text mining, researchers are faced with different options regarding the number of
documents considered for a topic or types of features extracted. This option can be decided based on requirements of the problem
as well as the characteristics of the data; therefore, feature selection method option determines the improvement on data
classification accuracy as a vital task identifying trending topics on social mendia. This paper presents a survey on various feature
selection techniques for text classification, which can be very helpful for analysis for accurate topic prediction.

This paper also surveys the concept of leveraging knowledge base such as WordNet to contribute synsets (Synonyms) in
the document representation model, Several efficient keyword relationships have been developed in the literature which include:-
synonymy, antonymy, hyperonymy, hyponymy, meronymy , metonymy,implication, causality, value, has the value, see also, similar
to, derived from. This papers surveys on the technique of combining TFIDF Feature selection method and WordNet
synonymy/hyponymy to develop document representation model to improve text classification when using machine-learning
algorithms. Feature selection methods are required to improve effectiveness of the learning machines. This paper demonstrates
that there is a need to inform natural language processing scholars of reliable feature selection and classification techniques that
can effectively be applied on social media to detect user interests and for accurate topic profiling. The proposed technique of
combining TFIDF feature selection method and Knowledge base definitions illustrates the fact that TFIDF plays a very important
role for accurate text classification. It was observed from the survey that TFIDF selection method had an accuracy of 72.6% when
a combined document representation model was classified using Support Vector Machine (SVM) algorithm, which is higher,
compared to 31.8 % and 28% for K - Nearest Neighbor (KNN) and Decision Tree (DT) respectively.
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