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Tém tat: Nowadays, the topic of sentiment analysis has attracted a wide range of artificial intelligence technologies such
as Natural Language Processing (NLP), neural network. Long Short-Term Memory (LSTM), a deep neural network, has
proven the effiency in the task of sentiment classification. However, there is a shortage of semantic knowledge from such
classification results. This paper introduces a sentiment analysis approach based on a knowledge model to discover hidden
affected objects, which combines ONtology and SentiMent technology, named ONSEM. In order to confirm the efficiency
of the ONSEM framework, an experiment on a sentiment analysis dataset was developed and then yielded promising
experimental results.
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Title: Phuong phap phén tich quan diém dua trén Ontology dé kham pha cic dbi tugng an

Abstract: Ngay nay, nhiéu céng nghé dugc si dung dé nghién ciiu chii d& phén tich quan diém nhu tri tué nhan tao, xi 1y ngon
ngit ty nhién (NLP), mang no ron than kinh. B6 nhé ngin han dai (LSTM), mot mang lu6i than kinh siu, da ching
minh sy hiéu qua trong viéc phén loai quan diém. Tuy nhién, viéc dua vao két qua phéan loai nay bi thiéu hut vé kién
thic ngif nghia. Bai bdo nay gidi thiéu mot phuong phap phan tich quan di€ém dya trén md hinh tri thic dé€ kham pha
nhitng dbi tugng 4n c6 lién quan, dudc dit tén 1a ONSEM. D€ xac nhan su hiéu qua cia ONSEM, mot thi nghiém
trén bo dit liéu phan tich quan diém da dugc phat trién va da git hai nhiing két qua day trién vong.

Keywords:  Phdn tich quan diém, Ontology, tri nhd ngdn han dai, suy ludn ngit nghia, doi tuong dnh hudng bi dn.

I. INTRODUCTION sentiment analysis approach in order to discover objects
' . ) ' hiddenly affected by users’ reviews, named ONSEM. An
Sentiment analysis employing NLP techniques has been experiment on testing the performance of the proposed

widely applied in many fields, such as market research,  framework was deployed. The experimental results showed
finance, politics [1]. In the recent decade, deep learning has the adequacy of the ONSEM framework.
reached a big achivement on sentiment classification [2].

Especially, LSTM, an architecture of recurrent neural net-
work (RNN), has shown an outstanding performance be-
cause of the ability to handle length texts.

The rest of this paper is organized as follows: Section II
presents relevant studies. Section III introduces the ONSEM
framework in detail while the experiment is introduced in

Section IV. Lastly, Section V gives the conclusions and
Although LSTM has been adopted in various studies of  gyggests future research directions.

sentiment classification, the methods of handling knowl-
edge in accordance with sentiment scores were not studied
thoroughly. Specifically, related hidden objects affected by
sentiment evaluations were not discovered. Ontology, the The full elaboration of sentiment analysis studies is out
core of the Semantic Web, has been well-known for the of the scope of this paper. Readers are suggested to find
ability of representing knowledge models and semantic the comprehensively related information in the following
reasoning [3]. This study introduces an ontology-based survey [4].

II. RELATED WORK
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Sentiment analysis has strong connection to NLP due to
the task of preprocessing text data. NLP transforms text
to input vectors for classification models. The typical NLP
tasks include: to kenization, POS tagging, lemmatization,
stemming, stop word removal, and named entity recogni-
tion. Typical approaches of sentiment analysis employing
NLP can be found in recent studies [5-9].

Within the domain of classification, in recent years,
the deep learning approaches have been widely applied to
the problem of sentiment analysis because of their high
performances of prediction [10]. The literature has been
introduced many different deep learning approaches includ-
ing: (i) weighted Convolutional Neural Networks (CNN)
for sentiment analysis of texts [5]; (ii) multiple CNNs
composing of CNN, DCNN, MVCNN, and VDCNN for
classifying sentiments of Bangla text [6]; (iii) hierarchy
CNN for analyzing multi-entity sentiment analysis [7];
(iv) Bi-directional RNN for overcoming the limitations of
semantic-information loss and irrelevant shared features [8];
(v) LSTM model for sentiment analysis of hotel reviews [9].

Beside the aformentioned classification models, rule-
based classifiers and ontology have also been applied to
sentiment analysis. For example, a Semantic Web Rule
Language (SWRL) rule-based classifier and ontology was
applied to analyzing sentiment of fake news [11]. Sentiment
analysis was considered under the view of concept levels
with the support of ontology [12]. Sentiment analysis could
be used to predict customer interest by combining with e-
commerce ontology and fuzzy method [13].

III. METHODOLOGY
1. The ONSEM framework

Figure 1 shows an overview of the ONSEM framework,
which consists of three modules including natural language
processing, sentiment classification and semantic reason-
ing. Each of these modules is described in detail as follows.

2. Natural language processing

The first module aims to capture the syntactic and seman-
tic information from the input texts. As shown in Figure 2,
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Hinh 2. NLP pipeline.

the NLP module includes 7 steps where some steps are
supported by NLP tool such as Stanford CoreNLP [14].

Firstly, tokenization splits texts into a sequence of tokens,
each storing types of text such as word, number, punctuation
mark or symbol, etc. Next, sentence splitting determines
sentences in the texts utilizing the sentence boundary indi-
cators such as periods, question marks, exclamation points.
Lematization is the task of deriving the root form of each
word in inflectional form or in derivational form. The major
step is POS tagging where each token is labelled with
its part-of-speech such as noun, verb, adverb. Insignificant
words (e.g. ‘a’, ‘an’) are then filtered out by the step of
Removing stop words. The two last steps utilizes a domain
ontology and a set of rules to extract semantic entities from
the input texts. While the major information extracted are
processed at the next module of sentiment classification, the
annotation results of semantic entities are further employed
at the module of semantic reasoning.

3. Sentiment classification

Before being applied sentiment classification, tokens are
vectorized by the TF-IDF method [15] (Term Frequency-
Inverse Document Frequency) to measure how relevant they
are to the input text. The TF-IDF score for the word ¢ in
the document d from the set of document D is presented
in (1), (2) and (3). Specifically, freq(t,d) is the frequency
of the word ¢ in the document d and count(d € D : t € d)



shows the number of document d in the set of document
D containing the word ¢.

ifidf(t,d, D) = 1f(t,d) x idf(1, D) ey
if(t,d) = log(1 + freq(t, d)) ()
idf(t, D) = log N 3)

count(d € D : t € d)

In this study, LSTM network [16] was selected for the
classification model. Figure 3 shows the LSTM structure
at time step . Specifically, i, o, f denote the input gate,
the output gate and the forget gate, respectively. C; is the
memory cell at time 7. The inputs of input gate i,, output
gate o, and forget gate f; are vector x; that the network
receives at time ¢ and its previous hidden state /,_;.

The LSTM component is formalized as follows:

fi=oWex; +Uph;1 + by), )
ir = o (Wix; + Uih; 1 + b;), ©)
0r = 0(Wox; + Uphy—1 + by), (6)
¢ =tanh(Wex; + Uchi—1 + be), @)
¢t = frociy+ipody, 3
hy = oy o tanh(cy), )

where o, o, respectively denote a logistic sigmoid function
and element-wise multiplication; f;, i;, o4, ¢;, h; are the
forget gate, the input gate, the output gate, the memory cell
and hidden state at time-step . W, U, b are respectively two
weights matrices and a bias vector. Within this scope, while
the forget gate decides to forget unnecessary information,
the input gate directs what new information should be stored
in the memory cell. At the final stage, the output gate
determines the amount of information in the memory cell
that should be exposed. The LSTM model could remember
significant information over time steps by this mechanism.

4. Semantic reasoning

The ONSEM semantic reasoning module composes of a
domain ontology and its SWRL base. Theoretically, an on-
tology of domain D is defined as Op = (Cp, Rp, Pp,Ip)
where Cp, Rp, Pp, and Ip are the sets of concepts, re-
lations, data properties, and instances, respectively. Within
the scope of this paper, a domain ontology of book reviews
was developed for the purpose of demonstrating the effi-
ciency of ONSEM framework. An excerpt of this ontology
is illustrated in Figure 4.

Based on this ontology, a SWRL rule base was developed
in order to discover hidden objects affected by users’
reviews. Specifically, results of sentiment analysis found
by LSTM model are populated into the ONSEM ontology.
Then, the semantic reasoning engine implements its SWRL
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Hinh 4. An excerpt of the ONSEM ontology.

Bang I
EXAMPLES OF SWRL RULES

Rule

Book(?b) A Author(?a) A Review(?r) A has_Author(?b, ?a) A
has_Negative_Review(?b,? r) — negative_Affect_By(?a, 7r)

2 Book(?b) A Author(?a) A Review(?r) A has_Author(?b, ?a) A
has_Positive_Review(?b,? r) — positive_Affect_By(?a, 7r)

—_

rules to discover hidden affected objects. Some examples
SWRL rules are presented in Table 1.

IV. EXPERIMENT

In order to demonstrate the efficiency of ONSEM frame-
work, a sentiment analysis dataset was retrieved from the
Book Genome dataset [17]. Specifically, a tabular dataset
containing book title, authors, review text, and rating was
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Bang II
AUC SCORES.
Model AUC scores
LSTM 0.914
SVM 0.670
Naive Bayes 0.553
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Hinh 5. ROC curves of classifiers.

retrieved from JSON-format files of Book Geneom dataset.
In which, the original 5-star scale rating was mapped to the
binary scale including: (i) negative (1-3 star rating); and
(ii) positive (4-5 star rating). Then, any record, which has
empty review text, is ignored. Based on this standardized
dataset, a 2000-record dataset, which has balance rating
labels, was selected and used in our experiments. Addition-
ally, the objects of this dataset (e.g. authors, books) were
also populated into the ONSEM ontology as instances. The
training set and test set were formed up following the rule
of 70%-30%. All of classification models were trained with
10-fold cross-validation method.

The experiments aimed at: (i) confirming the perfor-
mance of the LSTM model of ONSEM framework; and
(ii) demonstrating the reasoning ability of ONSEM’s se-
mantic module in discovering objects affected by users’
reviews. For the former, the three well-known machine
learning models including SVM, Naive Bayes and decision
tree were used as the baseline methods. The performances
of these classification models were visualized by ROC
curves in Figure 5 and summarized by their AUC scores
in Table II.

As showed in Figure 5, the ROC curve of LSTM-
based model dominated those of the other models. This
domination was also supported by the LSTM AUC score,
which is greater than AUC scores of the other classifiers.
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Hinh 6. Discovering affected objects by reasoning.

The experimental results figured out that LSTM-model
outperformed three baseline models.

In order to measure the efficiency of semantic reasoning
module, we implemented the process of sentiment analysis
and semantic reasoning over the test set and counted the dis-
covered objects affected by users’ reviews. The cumulative
results of negatively affected objects and positively affected
objects are depicted in Figure 6. This promising result
confirmed the ability of discovering hidden information by
using reasoning process of the ONSEM approach.

V. CONCLUSION

In this study, an ontology-based sentiment analysis ap-
proach discovering hidden affected objects was introduced.
The ONSEM framework including three modules of natural
language processing, sentiment classification and semantic
reasoning was described in detail. An experiment on a
sentiment analysis dataset was deployed to demonstrate
the feasibility of ONSEM framework. For further works,
a hybrid approach of LSTM and another deep learning
technique will be considered to gain a better result.
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