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Abstract: Now a days, the use of short text has been increased dramatically in which many applications are
being relied on short text such as mobile messaging, breaking news social media and queries. The key
challenging behind the short text lies on the limitation of acquiring context mformation from such text. This
limitation increases both sparsity and ambiguity of the text. The traditional approaches that have been used
for the classical text such as bag-of-words, seems to be insufficient due to the too limited nformation that could
be extracted from the short text. This leads to loss the semantic knowledge and the semantic relations between
the words within the short text. Hence, this study aims to propose a new feature selection method based on
Interesting Term Count (ITC) with an external knowledge of WordNet and weighting to new weight (di) to
identify the variation between classes on the base of ITC. The proposed feature selection approach aims at
identifying the frequent terms without losing the semantic manner where the WordNet will be utilized in order
to provide the semantic correspondences among the words within the short text. Furthermore, three
classification methods have been used including support vector machine, J48 and Naive Bayes. The evaluation
has been performed by applying the three classifiers with the proposed feature selection method and without
the proposed feature selection method. Experimental results shown an outperformance of the classifiers with
the proposed feature selection method. This can munply the effectiveness behind using the proposed ITC with
external source knowledge for the short text classification.
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INTRODUCTION

Recently with the
mformation, short text plays an essential role in terms of
different applications such as web, mobile and other
applications. The key difference belind short text lies on
its sparsity in which the text 13 being described shortly
and briefly compared to the classical text data (Sun, 2012).
In this veinn the text will tend to be restricted to
specific key words that could indicate the domain of such
text. Apparently, this will increase the complexity of
conducting specific operations on this text such as
classification, categorization, clustering and extracting
features.

Basically, short text could be found in multiple forms
mncluding blogs, social media, breaking news and queries.
The nature of these forms of text 15 usually contain less
length compared to the traditional text. The context is
being summarized in order to reduce time consumption of
reading. In this manner, the traditional approaches to
represent the text such as the bag-of-words will be
insufficient due to the shortness of the text where the
information 15 too restricted. In addition, the short text

dramatic expansion of the

sometimes tends to be non-formally written in wiuch the
syntax is not being considered. Obviously, this will hinder
the process of utilizing syntactic approaches.

The challenges to utilize the traditional text task such
as classification in the short text that, the short text
does not provide adequate statistical information for
effective similarity measure. Short text data further
exacerbates the problem due to their sparse and noisy
nature (Tang ef al, 2012). Unlike short text, traditional
documents are usually handled as vectors where the
words or terms are represented as features whether one
word (ie., umgram) or multiple words (1e., bigram or
trigram). This makes the vector space of the traditional
document classification is relatively high with tremendous
set of features. In comparison, short text could not
produce a high dimensional vector space where the length
of the words 1s too limited.

Feature selection masterly established from a number
of subgroup’s features that is the most representative of
the original feature set. Tt frequently reduced the
implementation time in the text processing and increases
the accuracy of classification because of removing some
data outliers (Liu ef al., 2010). In the short text domains,
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precious feature selection is crucial to enhance the
learming process effectively and efficiently. Short text
extraction features traditional approaches and methods
extracting a long text features have in common The
accuracy of the feature word is the key of text feature
selection, according to segmentation and statistical
accuracy. For the long and traditional text, there are
many algorithms such NGram, vector space based
methods models, statistical and improved algorithms
(Kalchbrenner et ai., 2014). Moreover, short text needs
more study and design suitable methods depends on its
specific characteristics.

Text classification suffer from high dimensionality as
a result of large feature space. In addition, short text data
further aggravates the problem because of their
sparse and umnstructured nature. Therefore, feature
selection is an important step in improving the
classification performance. However, existing feature
selection methods cannot effectively extract these short
text features and greatly reduce the classification
performance of short text. Thus, it is necessary to provide
more appropriate method of representation for the short
text in order to improve the classification process of such
text.

Short text has its own features such as shortness,
sparseness and non-standard ability. Therefore, normal
machine learning methods usually fail to achieve desire
accuracy. However, short text classificaton 13 a
challenging field because many technologies are in the
mitial stage as well as the difficulties of classification
didn’t get the excellent solution such as how to design
dynamic short text stream. This study aims to
enhance the feature representation for short text by
utilizing ITC with an external knowledge source of
WordNet. Such proposed features aim to enrich the short
text by bringing more semantic correspondences in which
the ITC will address the interesting counts.

Literature review: There are many studies that have
addressed the problem of short text classification for
instance, Wang et al. (2012) have proposed a new
feature representation method for short text based on
multiple features including strong thesawrus, Latent
Dirichlet Allocation (LDA) and Information gain.
Basically, thesaurus feature aims to provide semantic
matches for the text’s words whereas LDA aims to
conduct a vector space for the terms in which the terms
are being associated with corresponding documents.

In addition, Patra et al. (2012) have presented a
classification method for short text produced by
interviews with medical patients. The researchers have
utilized the TF-IDF feature in which the unigram and
bigram terms are being examined in terms of frequency.

Furthermore a Senti WordNet knowledge source has
been used in order to identify the emotion words. Finally,
three classifiers have been used including Naive Bayes,
Decision Tree and K-nearest neighbor.

Moreover, L.i and Qu (2013) have proposed a
classification method for short text using a feature
selection approach called ITC. Basically, the researcher
have clarified the limitation of TF-IDF compared to ITC.
Consequentially, the researchers have enhanced the ITC
by utilizing the two concepts of document distribution
entropy and the position distribution weight. In fact such
concepts are sigmficantly contributed toward short text
classification.

Zheng et al. (2014) have proposed a classification
method for the short Chinese text using Chi-square
and LDA feature. In fact, the proposed
method will seek the contextual information from the
text statistically.

Saif ef al. (2014) studied the effect of removing a vital
stop words to classify the sentiment of tweets through
the application of traditional methods of feature selection.
The researchers considered the five techmques: TF, TF1
(the words appear more than once), the IDF, term random
samples and MI. It was based on the experimental
evaluation in 5 sets of data on a small scale for Twitter,
who belong to different areas. Tt has been selected for
these two important classifiers: maximum entropy and
Naive Bayes (NB). Tt has been to achieve the best results
with the classification TFland MI. A study submitted
by Wang (2014) to extract features by improving the
method of calculating the weight depended on words
co-occurrence. Calculating the degree of co-occurrence
identified as calculates the degree of relationship between
each characteristic item and text. In fact, calculation
method for the degree of co-occurrence 1s similar to the
method of the calculation for conditional probability. The
procedure is to find the location of the two words in a text
which can reflect the co-occurrence and the compact
degree of the two words. The 500 short text were chosen
from tweet as dataset. The drawback of this method
occurs in the location of the Characteristic Ttem, synonym
and changed words. Zareapoor and Seeja (2015) used two
techniques for feature selection and two techmques for
feature extraction to enhance the performance of email
classification. Email classification 1s difficult because of
the high scattered dimensions features that affect the
performance of mainstream works. Chi-Square and
Information gam ratio used as feature selection
techniques while Principal Component Analysis (PCA)
and Latent Semantic Analysis (LSA) as feature extraction
technicques. The study found that the performance of
classification is better when using feature extraction.

feature
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Feature extraction methods (PCA, LSA) are not
dependent on number of features chosen which an
advantage in the text classification is since it is used to
choose the comrect number of features in the high
dimensional space.

Furthermore, Mahajan ef al. (2015) have proposed a
feature selection approach based on Wavelet Packet
Transform. Basically, the proposed WPT aims to identify
the distance between the features in the vector space in
order to distinguish the features. Experimental results
shown superiority of the proposed WPT compared to the
traditional techniques of feature selection.

Finally, Yin et al. (2015) have proposed a feature
selection approach based on a semi-supervised learning
method with Support Vector Machine (SVM). The
proposed method has the ability to identify the significant
features from the short text.

MATERIALS AND METHODS

The proposed method is composed of multiple
phases as shown m Fig. 1. First phase ains to prepare the
data in which multiple sub-tasks are being conducted
such as tokenization, stop-word removing and Unigram.
Second phase aims to utilize multiple features such as
ITC and ITC with semantic knowledge of WordNet. Third
phase is associated with the classifiers that are being
used including NB, J48 and SVM. Fmal phase 1s
associated with the evaluating the performance of the
proposed method.

Tokenization: This phase aims to turn the sentences mto
series of tokens (i.e., terms). This process is vital in terms
of handling the terms in the short text separately. This can
be performed by utilizing the border of each word in order
to separate the tokens.

Stop-word removal: Similar to the traditional text
classification, short text contams several unwanted and
unnecessary data. One of these data is the stop-words.
Obviously, stop-words do not yield or affect the
contextual mformation of the short text. Therefore, 1t 1s
necessary to get rid of them. This can be performed by
using a stop-words list in order to match all the
candidates within the short text.

Unigram: This phase aims to handle the terms as a single
unit called unigram. This is because the process of
examining the frequency of each term is mainly relying on
identifymng unigram terms.

Feature selection: This phase aims to utilize multiple
features from the short text. As mentioned earlier, the key

| Tokenization |

| Stop-word removal |

| Uni-gram |

ITC

| Performance |

Fig. 1. Proposed method framework

challenging behind short text lies on the difficulty of
extracting contextual information. Therefore, this study
aims to proposed two set of features. The first set aim to
utilize the ITC in order to identify the interesting pattern
of frequency for the terms. ITC is considered to be a
modified version of TF-IDF m which the term
frequency 1s bemng replaced with a logarithmic adoption
(Liand Qu, 2013). This process of replacement will avoid
the limitation of TF-TDF in which the term frequency may
mislead to unwanted class label. [TC can be computed as
mEq L:
N
log (tf,, )<log (—+0.01)
- M
Wid=|Y " log’ (tﬁd)xlogz(n£+o.01)

Basically, Ti and Qu (2013) have criticized the ITC in
terms of the IDF where in some cases the terms are being
given high value of IDF in accordance to specific class
label, meanwhile this terms 1s wurelevant to this class. In
this manner, the classifier will incorrectly classify such
term to the irrelevant class label. Therefore, this study
aims to utilize an enhanced version of ITC. The
enhancement can be represented by adding the semantic
aspect of WordNet. WordNet (Miller, 1995) is a large
semantic knowledge source that contamns tremendous
kinds of semantic correspondences for each term such
as synonyms, hypernyms and hyponyms. The process of
enhancing ITC can be illustrated as follows.

For each term t in term set we calculate the semantic
similarity between t and another term in feature according
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to the Hq. 2. Tt assumes that the similarity between two
concepts 18 the function of path length and depth in
path-based measures (Meng et al., 2013):

2xdepth (Iso(cl,c2)) (2)

Sim,, (¢cl,c2) =
w € ) len{cl,c2)+2xdepth (Isoicl,c2))

where, ¢l and c2 are two different words are being
extracted from the short text. When value of Sim,, (c1, ¢2)
is greater than a threshold of 0.8 we add the word to
term’s feature group, then count the terms mn the group
and assign to (5). Compute the average of the sum total of
the nmumber of the text appearing (t) and the number of text
of terms of other text semantic similarity with t as follows:

LD Y 3)
S+1

where, n, is the number of text containing term (t). From
the Eq. 1 and 3 we can obtamn the following Eq. 4:

log(tf )xlog (E +0.01)
a4 4)

Wy = )Z?- Dlogz (t6 < logz(g +0.01)

Calculate the similarity based term frequency (stf)
according to the following Eq. 5 (Howlett and Jain, 2005):

dis(t,t stm, )

! J )

Where:

tig = The term n the specific text

tfy = The term frequency of the term t in the
document

t_simy = The similar term found to term t;,

tf sim; = The term frequency of the similar term t_sim,,

in the document and dis(t, t simy) is the
distance between t,; and t sim,,

To improve the distinguishing ability between
classes a weight will be added as a factor to ITC for
identifying which class is related to the text containing t
as weight di = (1/n-m+1). The (n-m) 1s the difference-
value between the number of all text contaming term (t)
and the maximum number of text containing term (t) in
certain class. Finally, the equation of enhanced ITC can
be computed as follows:

N oa

nt+ =i nt

W= s+1 y 1
& n—m-+1

zinlogz (tf,)>log’

log(stf y<log

N
4001
n+ ¥ o,

s+1

(6)

Hence, the enhanced ITC will be used to overcome

the limitation of traditional ITC in terms of classifying the
short text.

Classification: Once the features are being extracted
using the enhanced ITC, three classifiers meluding NB,
T48 and SVM are being used to classify the short text
linto their actual classes. The reason behind using three
classifiers lies on the process of identifying the most
compatible classifier with our proposed method.

Experimental results: In this study, the experimental
results will be examined. This require identifying multiple
aspects including dataset, evaluation method and the
results. These aspects are being tackled mn the following
sub-sections.

Dataset: A benchmark dataset called search-smippets
which is contains 12340 Web search snippets. This
dataset has been used 1 many studies (Bouaziz et al.,
2014, Chen et al., 2011; Phan et al, 2008, Sun, 2012;
Xu et al, 2015). Such dataset contamns multiple class
culture-arts
engineering, health,
politics-society and sport. This dataset was downloaded
from the website C(http://jwebpro.sourceforge.net/data

labels (1e., topics) including computers,
entertainment, education-science,

web-snippets.tar.gz).

Evaluation method: Basically, the evaluation has been
performed upon the testing set n which the training has
been set to 60% and testing has been set to 40%. The
evaluation has been conducted based on the common
information retrieval metrics precision, recall, F-measure,
TNR and FPR. Precision is the number of correctly
classified instances in accordance to the total number of
instances and it can be computed as:

TP (7)
TP +FP

Precision =
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Whereas Recall 18 the number of instances that have
not been classified in accordance to the total number of
mstances and 1t can be calculated as:

Recall = TP (8)
TP+ FN

The overall accuracy which called F-measure based
onEq. &
PxR (9)
P+R

F-measure = 2 <

True Negative Rate (TINR) 13 the ratio of true negative
predictions over the number of negative instances in the
entire data set as shown in Eq. 10

TNR = _ TN (10
TN+ FP

False Positive Rate (FPR) is the ratio of the number of
positive examples classified over the number of negative
nstances in the entire data set as in Eq. 11:

FPR = kP (11
TN+ FP
RESULTS

This study aims to depict the results of the three
classifiers with traditional ITC and with the proposed
erthanced ITC. Table 1-7 show such results.

A comparative analysis will be presented in order to
examine the performance results based on the use of
similarity measure in order to improve the feature
selection. Table 7 and Fig. 2 show the performance results
by using [TC and Enhanced-ITC.

We can see that the accuracy result in Table 7 and
TPR in Table 1 have improved using similarity
measurement. The Wu-Palmer increased the accuracy
from 85.6-88.1% as well as the TPR and F-measure have
increased in the computers and culture-arts-entertainment
classes.

The enhancement of proposed algorithm gives
reasonable results with Naive Bayes classifier (in which
‘reasonable’ here is defined as a slight of improvement)
where the accuracy has improved from 83.8-85.9% based
onn Wu-Palmer similarity measure. A TPR attains 4%
increase in Busines and Education-Science classes,
whereas in Engineering class, it increases just 2%.
However, the F-measure has been amplified in these
classes clearly. In addition, the worst performance of
classification using J48 across Search-Smippets dataset,

0.90
V a—
0.85 — <= 5 TC
’ @ Enhanced-ITC

3
) [
S

0.80 1 —]

0.75 T T T

SVM Naive Bayes J48
Variables

Fig. 2: Performance of ITC and Enhanced-ITC

Table 1: Precision and recall rate for SVM with ITC

Class label Recall Precision F-measure TNR._ FPR
Business 0.943 0.868 0.904 0.993  0.018
Computers 0.837 0878 0.857 0.975 0.018
Culture-arts-entertainment  0.875 0.897 0.886 0.982 0.014
Education-science 0.912 0.795 0.849 0.989 0.028
Engineering 0.816  0.886 0.849 0.975 0.014
Health 0.854  0.833 0.843 0.978 0.025
Politics-society 0.870 0816 0.842 0978 0.033
Sports 0.767  0.892 0.825 0.965  0.014

Table 2: Precision and recall rate for SVM with enhanced ITC

Class label Recall Precision F-measure TNR  FPR
Business 0.946 0.875 0.909 0.993 0.018
Computers 0.857 0.923 0.889 0.979 0.011
Culture-arts-entertainment  0.881 0.902 0.892 0.982 0.014
Education-science 0.919 0.850 0.883 0.989 0.021
Engineering 0.892 0.892 0.892 0.986 0.014
Health 0.854 0.833 0.843 0.978 0.025
Politics-society 0.864 0.864 0.864 0.978 0.022
Sports 0.850 0.919 0.883 0.979 0.011

Table 3: Precision and recall rate for NB with ITC

Class label Recall Precision F-measure TNR. FPR
Business 0.943 0.868 0.904 0.993  0.018
Computers 0.837 0878 0.857 0975 0.018
Culture-arts-entertainment  0.875 0.897 0.886 0.982 0.014
Education-science 0.912 0.795 0.849 0.989 0.028
Engineering 0.795 0.886 0.838 0.972 0.014
Health 0.780  0.800 0.790 0.968 0.029
Politics-society 0.841 0.771 0.804 0.974  0.040
Sports 0.750  0.825 0.786 0.961  0.025

Table 4: Precision and recall rate for NB with enhanced ITC

Class label Recall Precision F-measure TNR  FPR
Business 0.972 0.875 0.921 0.996 0.018
Computers 0.837 0.878 0.857 0.975 0.018
Culture-arts-entertainment  0.875 0.897 0.886 0.982 0.014
Education-science 0.943 0.805 0.868 0.993  0.028
Engineering 0.816 0912 0.861 0.976 0.011
Health 0.800 0.889 0.842 0.972 0.014
Politics-society 0.884 0.809 0.844 0.982 0.032
Sports 0.778 0.833 0.805 0.964 0.025

is the standard ITC which has gained accuracy of 79.4%.
This rate is best improved by using ITC combined with
Wu-Palmer similarity with accuracy up to 82.5%.
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Table 5: Precision and recall rate for J48 with TTC

Class label Recall Precision F-measure TNR FPR
Business 0.914 0.800 0.853 0.989 0.028
Computers 0.884 0.844 0.864 0.982 0.025
Culture-arts-entertainment  0.800 0.762 0.780 0.971 0.036
Education-science 0.829 0.674 0.744 0.978  0.049
Engineering 0.737 0.757 0.747 0.965 0.032
Health 0.732 0.811 0.769 0.961 0.025
Politics-society 0.800 0.818 0.809 0.967 0.029
Sports 0.674 0.906 0.773 0.951 0.011

Table 6: Precision and recall rate for NB with enhanced ITC

Class label Recall  Precision F-measure TNR  FPR

Business 0.919 0.829 0.872 0989  0.025
Computers 0.884 0.844 0.864 0,982 0.025
Culture-arts-entertainment 0.821 0.800 0.810 0.975  0.028
Education-science 0.865 0.762 0.810 0.982 0.035
Engineering 0.789 0.789 0.789 0972 0.028
Health 0.800 0.865 0.831 0.972  0.018
Politics-society 0.795 0.814 0.805 0.968 0.029
Sports 0.738 0.912 0.816 0.962  0.011

Table 7: Accuracy performance results of ITC and enhanced-ITC

Classifier ITC Enhanced-ITC
SVM 0.856 0.881
Naive Bayes 0.838 0.859
J48 0.794 0.825

As shown in Table 7 using of SVM classifier
with Wu-Palmer across Search-Snippets dataset produced
higher accuracy of 88.1%. The worst performance 1s by
using J48 with ITC resulted in an accuracy of 79.4%. The
justification for such results is that the test set contained
numbers of different concepts to learn with slightly large
labels thus, the ability of SVM to learn can be
independent of the dimensionality of the feature space.
SVMs measure the complexity of hypotheses based on
the margin with which they separate the data.

Basically, the vector space capability of SVM enables
the proposed enhanced ITC to improve the classification
accuracy. This can be represented by resembling more
contextual information m the vector space. This 1s the
reason that SVM shown superior results compared to the
other classifiers.

Generally, these finding reflects the effectiveness of
the proposed enhanced ITC in terms of classifying short
text where the combination of ITC and the sematic
weights mechanism has the ability to increase the
contextual information which directly contributes toward
improving the classification performance.

DISCUSSION

In fact to clarify the enhancement, it 1s necessary to
accommodate a comparison with the state of the art
approaches that examined the problem of short text
classification. For example, Li and Qu (2013) have

proposed a short text classification and obtained a
precision of 88% and a recall of 82%. In addition,
Wang et al (2012) have proposed a short text
classification method which gained a precision of 87%
and a recall of 87%. Comparing these results with our
proposed method’s results of 93.8% for both
precision and recall would sigmficantly demonstrate
that the proposed method has a competiive
performance.

CONCLUSION

As a conclusion, we can see that the short text 1s
shown to be difficult to be classified than long text which
1s related to larger data text. This can be explained mainly
by saying that there are rare occurring i the words and
thereby it will be hard to be captured semantically for
such texts. The effect of term frequency is not adequate
compared with the long documents. the challenges to
utilize the traditional text task such as classification in the
short text that, the short text does not provide adequate
statistical information for effective similarity measure.
Thus, short text data further exacerbates the problem due
to their sparse and noisy nature. Moreover, short text data
further aggravates the problem because of their sparse
and unstructured nature. Therefore, feature selection
1s an important step in improving the classification
performance.

This study has presented a new method for feature
selection in terms of short text classification. Such method
15 an enhanced of ITC by combining a semantic weight
produced by an external knowledge source of WordNet.
Such combination would significantly increase the
contextual nformation of the short text which directly
improve the classification accuracy. Consequentially,
three classifiers including NB, SVM and J48 have been
used for the classification task. Results shown that the
proposed enhanced ITC has outperformed the traditional
ITC. In addition, SVM has shown the superior results
compared to the other classifiers. This would demonstrate
the effectiveness of combining the semantic weight for
the ITC in terms of enriching the contextual information.
For future researches, combining the distribution entropy
and the position weight with the semantic approach and
ITC would contribute toward enhancing the short text
classification.
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