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Sentiment Classification for Hotel Booking Review Based on
Sentence Dependency Structure and Sub-Opinion Analysis

Tran Sy BANG ' and Virach SORNLERTLAMVANICH ™, Members

SUMMARY  This paper presents a supervised method to classify a doc-
ument at the sub-sentence level. Traditionally, sentiment analysis often
classifies sentence polarity based on word features, syllable features, or N-
gram features. A sentence, as a whole, may contain several phrases and
words which carry their own specific sentiment. However, classifying a
sentence based on phrases and words can sometimes be incoherent because
they are ungrammatically formed. In order to overcome this problem, we
need to arrange words and phrase in a dependency form to capture their
semantic scope of sentiment. Thus, we transform a sentence into a depen-
dency tree structure. A dependency tree is composed of subtrees, and each
subtree allocates words and syllables in a grammatical order. Moreover,
a sentence dependency tree structure can mitigate word sense ambiguity
or solve the inherent polysemy of words by determining their word sense.
In our experiment, we provide the details of the proposed subtree polarity
classification for sub-opinion analysis. To conclude our discussion, we also
elaborate on the effectiveness of the analysis result.

key words: sentiment analysis, sentence dependency parsing, subtree opin-
ions, Vietnamese sentiment classification, hotel review classification

1. Introduction

An online hotel booking service is an indispensable for trav-
ellers and international backpackers. Hotel owners extend
their business by developing booking services through on-
line platforms such as websites, blogs, or social media, etc.
Auvailability of online booking platforms creates a high vol-
ume of feedback data which are continuously delivered to
service providers. In order to deal with many customer opin-
ions, automatic sentiment analysis is vitally needed. The
typical approach uses a supervised method which requires a
big data set for training [ 1], and machine learning techniques
(based on bag-of-words, bi-gram, N-gram, etc.) [2], and fea-
ture selections [3]-[5]. Those methods focus on words or
groups of words that occur in a corpus and use common
learning algorithms like Naive Bayes (NB)[6] or Support
Vector Machine (SVM) [7] for classification. Sentences
usually contain multiple phrases which are linked to each
other by meaningful conjunction words like but, although,
however, etc. Rhetorical Structure Theory stated that 90%
of rhetorical relations is triggered by connective words in ar-
ticles [8], [9]. Dependency tree-based sentiment classifica-
tion is proposed by introducing CRF with hidden variables
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of dependent subtree polarity to classify the sentence senti-
ment [10]. The approach is similarly used to solve the prob-
lem of subtree polarity reversal, but without considering the
word sense.

Traditional domain-oriented text classification com-
monly treats word elements of a sentence separately. For
instance, when the majority of a specific category word is
likely to occur in a sentence, this sentence will be highly
classified into a similar category. Furthermore, a sentence
consists of several sub-opinions, and each sub-opinion could
interact with each other for delivering a total sentence opin-
ion. For example, we select a sentence from our collected
corpus “The new glass blocks noise and heat from outside” .
Generally, “noise” and “heat” are negative words, therefore
the sub-opinion of “noise and heat” is most likely a high
level of negativity. Additionally, “blocks” has a meaning
“to reverse” the sense of its succeeding words, “noise and
heat”. As a result, the total sentence polarity is changed
into positive. Considering another example of “The hotel is
far from the city, but service is excellent”, the sub-opinion of
“far from city” has negative polarity because the word “far”
is considered to contain a negative meaning. Meanwhile,
a sub-opinion of “service is excellent” has positive polar-
ity because the word “excellent” is a positive word. The
first opinion is generally neglected in general dialog of the
Vietnamese language because a speaker wants to emphasize
the good service offered by the hotel. This is because the
word “but” is indicated to contrast the relation between the
sub-opinions. Finally, the total polarity of the sentence is
decided by its succeeding sub-opinion.

Accordingly, the parsing model that generates a de-
pendency graph representation of a sentence can hold the
information of the polar words and their relations. Words
and their arguments can be modeled through directed edges,
leaves, and nodes [11], [12]. Also, a dependency graph con-
tains rich features that can be further used for language
processing. Those features are included in machine trans-
lation [13], sentence compression[14], and textual infer-
ence [15].

Besides, another important aspect of a sentence depen-
dency structure is a grammatical relation. A sentence, as a
whole, can be ambiguous, although its sub-opinions are un-
ambiguous. For instance, the sentence “customer can listen
to nice room” is ambiguous because it is uncommon in daily
conversation. A dependency structure can express a sen-
tence in a grammatical way by assigning a grammatical re-
lation within a clause, as direct and indirect arguments. This
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includes subject, primary object, and secondary object. Be-
cause arguments are closely related to each other in meaning
a dependency tree plays an important role in determining a
suitable word in a sentence.

In this paper, we conduct our experiment on a cor-
pus collected from a popular hotel booking site Agoda’.
We devise a supervised method that used a sentence depen-
dency structure and rule-based system that provides linguis-
tic compositionality rules. In this method, the polarity of
the whole sentence is regarded as the sentence level opinion,
and the polarity of the component terms are regarded as the
sub-opinions. The polarity of the whole sentence reflects the
sentence level, and it is calculated under consideration of the
interaction between the polarity of the sub-opinions. This
study aims to improve sentence-level classification, which
leads to the following:

e Classify a sentence polarity based on sub-opinions in
the dependency tree and sum-product belief propaga-
tion.

e Classify a sentence polarity based on sub-opinions in
the dependency tree and sub-opinion relations.

e (lassify a sentence polarity based on the sentence de-
pendency tree, sub-opinions, and word granularity.

The rest of the paper is organized as the following. Sec-
tion 2 presents related works that use dependency parsing
tree for sentiment analysis. Section 3 describes the method
of using dependency parsing tree with sub-opinions and sub-
opinions relations. Section 4 shows experiment results, and
Sect. 5 concludes the results.

2. Related Works

Sentiment classification attracts the attention of many re-
searchers, and various kinds of research have been imple-
mented in different aspects i.e. word aspect[15], sentence
aspects [16]-[19], and document aspects [20]. This research
focuses on sentence level classification based on sentence
structure. Therefore, the review of the related works is
evolved with sentence dependency structure and its sub-
trees.

Li[20] mined dependency structure features in combi-
nation with flat features from the dependency tree to form a
novel feature for a sentence. The structure features together
with flat features are applied to a convolution tree kernel-
based approach for sentence classification with dependency
parse trees, and current polarity of named-entities based on
the fly topic modeling. The performance of the system was
shown by a comparison of three rule-based approaches and
two supervised approaches (i.e. Naive Bayes and Maximum
Entropy).

Quan [21] proposed a method of combination of
lexicon-base and dependency parsing for sentiment classi-
fication. Quan [21] selected a relationship between an ad-
verb and target word by using a dependency parser. A

Thttps://www.agoda.com/
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word dictionary is constructed based on the HowNet sim-
ilarity method. A summation of the weighted sentiment of
all phrases is calculated for determination of the final sen-
tence polarity. Li et al. [22] used structure feature of topic
and sentiment word pairs to represent the contextual infor-
mation of opinions and target topics. Also, they used this
contextual information to detect opinions toward the same
topic. From two kinds of relations, the author constructed
a graph-based model for opinion mining. Another approach
is from Matsumoto [23], who mined the most frequent de-
pendency sub-tree that was derived from corpus sentences.
The most occurring sub-trees were recorded as new features
for sentiment classification. Dave et al.[24] explored the
use adjective-noun relations, for a noun with relative de-
pendency polarity. Nakagawa [10] applied the dependency
structure and treated each node in the dependency tree, ex-
cept the root note, as a hidden variable. The approach classi-
fies the sentence by applying the Conditional Random Field
(CRF) method on the hidden variables. None of the sur-
veyed papers uses sub-opinions relation and word granular-
ity, which are expected to capture a better opinion granu-
larity. This paper improves the sentiment classification by
using a corpus of Vietnamese hotel booking opinions. The
approach uses the text domain. In this case, we conducted
the experiment on the Vietnam hotel reviews and confirmed
the performance of our approach. It is applicable to other
languages and domains but needs an annotated corpus and
appropriate analysis support from the WordNet for the spe-
cific terms.

3. Methodology

3.1 Sentiment Classification System Based on Depen-
dency Sub-Trees

Let us consider the subjective sentence “The new window
prevents mosquitos and flies but the swimming pool is very
crowded” (indoor pool). Its dependency tree is shown in
Fig. 1, and its sub-opinion, corresponding to each depen-
dency subtree, is shown in Fig. 2. The polarity sign (+ and
—) is labelled in the circle at the head of the dependency

Nhung
But\
Ngan_chan bé boi
Prevents the/swimming pool
Va : /re'it dong
And . isvery crowded
Clras6 mdi  mudi ruoi

Window new mosquitos  flies/

Fig.1 Dependency tree of the complete sentence.
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Fig.2  Polarities of dependency sub-trees.
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Fig.3  System overview.

structure. In this sentence “mosquitos” and “flies” are con-
sidered as negative polarities in the hotel review domain. In
sentiment classification that relies on N-gram, word feature
selection [25] could wrongly classify the phrase “The new
window prevents mosquitos and flies” as a negative polarity
because the polarities of two words “mosquitos” and “flies”
are reversed by modifying the word “prevents”. In addition,
in a sentence, a conjunction word “but” joins the first phrase
“prevents mosquitos and flies”, and the second phrase “the
swimming pool is very crowded”. This conjunction word is
considered as a rewarded word that emphasizes the sentence
polarity in the second phrase. In this manner, we can deter-
mine the sentence polarity based on dependency subtrees of
a subjective sentence rather than considering each individ-
ual word because the dependency structure of word phrases
provides a better scope of the polarity.

Figure 3 describes the whole system consisting of fol-
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<review Score="8" id="4">

<sentence Class="POSITIVE" Id="1">Nh&n_vién/N
khéch san/N r4t/R  than thién/a ,/, hoa ddng/Vv  ./.
</sentence>
</review>

Translation: The staffs are very friendly and

hospitable
Fig.4  Corpus format

Table 1  Accuracy results (%) on gold standard POS tags.

Length MST Malt

<=30words 80.89 79.28

>30 words 76.19 74.31

All 79.08 77.37

lowing components:

Corpus contains sentence ID and overall score for
the comments. The score is given based on hotel con-
ditions/cleaniness, location, and value for money, facili-
ties, and service. In order to evaluate the efficiency of our
method, we use a corpus collected from Agoda, an on-
line booking website for tourist attractions in Viet Nam.
The comments in review boxes consist of many languages,
but only the Vietnamese language review boxes are consid-
ered in this study. The corpus is partially adapted from
Duyen [26], and it is introduced to balance the number of
negative and positive sentences. In total, we collected 4,011
review sentences from approximately 300 hotels. The sen-
tence polarities are labeled by two annotators. In order to
measure the inter-annotator agreement, we use the Cohen’s
kappa coefficient as follows:

_ Pr(a) — Pr(e)
k= 1 —Pr(e)

where Pr(a) is the relative observed agreement between
two annotators, and Pr(e) is the hypothetical probability of
chance agreement. The Cohen’s kappa coefficient of our
corpus was 0.89, which can be interpreted as almost perfect
agreement.

6]

Corpus processing uses vnTokenizer' to segment the
sentences. This software is designed for tokenizing Viet-
namese texts. It segments Vietnamese texts into lexical units
(words, names, dates, numbers and other regular expres-
sions) with a high accuracy, of about 98% on the test set
extracted from the Vietnamese Treebank.

From corpus collection observation, we notice that
most of the review sentences are short and less than 30
words. In addition, the reviewers often break a sentence
without considering grammatical rules. Therefore, it is suit-
able to deploy MSTParser to construct dependency trees
since it performs well on short sentences.

The Sentence dependency parsing model is con-
structed, based on Vietnamese dependency Treebank VnDT,
which contains 10,200 sentences. The dependency trees out-
puts are represented in the form of the CoNLL 10-column

Thttp://mim.hus.vnu.edu.vn/phuonglh/softwares/vnTokenize
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standard. The output contains node features and edge fea-
tures, the root of the tree, and tagged words. We apply
the vnDP model developed from Dai[27] to handle this
task. From the CoNLL format, we successfully bracket the
phrases in the sentence so that we can extract them to be
a subtree feature. The dependency tree is presented in a
hierarchical dependency graph. It has a big advantage in
visualizing tree structure but it is difficult for the computer
reading data process. We decided to convert the tree de-
pendency graph into a sentence bracketed form, so that a
computer could easily read sub-tree inputs sequentially. We
successfully developed an algorithm to bracket the depen-
dency structure, as shown in Algorithm 1.

Algorithm 1 Sentence Bracketing

Input: parent: list of parenthesis character parents=['(’, ' )']
tuple: a list of a tuple containing leaves and part of speech tagging. Order
in the list presents the order of leaves in the tree structure.
Function sentence bracket( self, parents)
childstrs= " # start with an empty string
for a child in self
if child is instance in Tree:
childstrs.append(chil.sentence bracket(parents))
else if child is instance in tuple:
childstrs.append(*/”.join(child))
else
childstrs.append(child)

7RI

return parents[0], “ ” join(childstrs), parents[1]

The bracket starts with ROOT since the top node is indexed
by 0. As it is a head of the tree, the subsequent sub-tree
nodes are bracketed with inner brackets.

The Sub-Tree extraction module processes bracketed
sentences and produce a list of sub-trees as outputs. The
sub-trees contain parent nodes, children nodes, and depen-
dency relation tags. The statistical number of sub-trees for
positive and negative relations is illustrated in Table 2.

Sub-trees polarity labeling handles word polarity tag-
ging by the topic domain dictionary. This dictionary con-
tains a list of words that their meanings are already disam-
biguated by the annotators. The prior polarity of a phrase

(ROOT,ngan _chan cira s0 méi (dob,mudi (coord,va
ruoi)) (coordnhung (conj,cho phép (dob,khong khi
trong_lanh) (vmod,di qua) .)))

Fig.5 Dependency tree graph is represented in bracketed form.

Table2  Corpus volume and extracted features
Class Number of Number of extracted
sentences subtrees
Positive 2187 16304
Negative 1826 13951

IEICE TRANS. INF. & SYST., VOL.E101-D, NO.4 APRIL 2018

{+1, —1} is the innate sentiment polarity of a word contained
in the phrase, which can be obtained from sentiment polarity
dictionaries. The resulting dictionary contains 324 positive
expressions and 332 negative expressions. We also construct
arelation dictionary which contains 37 reversed expressions
and 13 rewarded expressions.

Sentence classification based on the sub-tree module
concludes the sentence polarity based on its dependency
sub-trees. Section 3.2 describes in detail the classification
methodology.

3.2 C(lassification Methodology

3.2.1 Classification by Sub-Opinions and Dependency
Tree Propagation

MacKay (2003, chapters 16 and 26)[28] presented a the-
ory of belief propagation, which is a generalization of the
forward-backward algorithm that is deeply studied in the
graphical model literature (Yedidia et al., 2004) [29]. Belief
propagation is well known as sum-product message passing.
It calculates the marginal distribution for each unobserved
node, conditional on any observed nodes. Belief propaga-
tion is commonly used in artificial intelligence and infor-
mation theory and has demonstrated empirical success in
numerous applications including low-density parity-check
codes, turbo codes, free energy approximation, and satisfia-
bility [32]. A graph contains nodes, corresponding to vari-
ables V and factors F, the edge connects variables and the
factors. The joint mass function is:

po) =[], fulxo) )

where x, is the vector of neighboring nodes to the factor
node a. The function works by passing a belief message in
the edge of hidden nodes. Specifically, if node a is con-
nected to node v in the dependency graph, a message de-
noted by u,_,, is passed from v to a and y,-,, is passed
from a to v. The message is computed differently, based
on whether a node is a variable node or factor node.

Figure 6 represents a dependency graph with variable
nodes from 0 to 4, factor node is from e; to e4, and edge
features are from es to eg.

Before starting, the graph is oriented by designating

€
es &7 eg
Nhan_vién khach _san than_thién va héa_r_tc;mg
0 1 2 3 4
€ & ey 2y

Translation: The staffs are very friendly and hospitable

Fig.6  Node features and edge features in dependency tree.
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Mubi Rubi
Mosquitos flies

Fig.7  Subtree contains reversed relation.

one node as the root; any non-root node which is connected
to only one other node is called a leaf. In the first step, mes-
sages are passed inwards. Starting at the leaves, each node
passes a message along the (unique) edge towards the root
node. The tree structure guarantees that it is possible to ob-
tain messages from all other adjoining nodes before passing
the message on. This continues until the root has obtained
messages from all of its adjoining nodes. The second step
involves passing the messages back out. Starting at the root,
messages are passed in the reverse direction. The algorithm
is completed when all leaves have received their messages.
Applying this method to the sentence in the Fig. 1, this sen-
tence would be classified as a negative sentence. Since two
words “mosquitos” and “flies” are negative, their polarities
are propagated to an upper node and combined with the pos-
itive polarity of the word “fresh”. Since the final sentence
polarity is the product of all phrases, the sentence polarity
is negative. However, this conclusion is wrong because this
method skipped the negation relation word “prevent”. This
weakness will be improved by applying the second method
in the next section.

3.2.2 Classification with Consideration of Sub-Opinion
Relation

When a subtree contains an opinion relation word registered
in dictionaries, its polarity resulting from calculating from
its leaves is reversed. Taking the sentence in the Fig. 1 as
an example, since “prevent” reverses the polarity of the two
words “mosquitos” and “flies”, from negative to positive.

Therefore, the subtree polarity in the Fig. 7 is positive,
and by applying the sum product propagation method in
Sect. 3.2.1, we can update the polarity of the word “prevent”
to be positive, which is useful to determine the subtree po-
larity at a higher level. Similarly, from Fig. 1, we defined
“but” as a contradiction meaning word because it strength-
ens the polarity of its following phrase. Accordingly, if the
sentence has a structure like:

(A but B)

where A is the preceding phrase and B is the proceeding
phrase. Sentence polarity is decided as the polarity of B.
Algorithm 2 shows a completed procedure for determining
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a sentence polarity that contains reversed and rewarded re-
lations.

Algorithm 2 Sentence analysis with sub-opinion relations

Input: bracketed sentences form
Function
while has line and line is not empty
find a pattern m which is a matched parenthesis pair
while m is found
sub-opinion= an element in a group of pattern m
if a group of sub-opinion does not contain sub-opinion
add new sub-opinion to a group of sub-opinion
for each sub-opinion in a group of sub-opinion
if sub-opinion parent node has negation relation
sub-opinion is reversed
update parent node polarity
else if sub-opinion parent node has contrast relation
sub-opinion polarity is equal to the polarity of its right
children in its tree structure
update parent node polarity
else
sub-opinion polarity is decided by sum product
propagation
update parent node polarity
return sentence polarity

However, we still face one existing issue in that the sec-
ond phrase “the swimming pool is very crowded” obviously
has a negative meaning since “crowded” is a negative word.
But in the Vietnamese language, the word “déng” which is
translated as “crowded” can have several meanings depend-
ings on the different situations. The method in the next sec-
tion will solve this issue.

3.2.3 Classification with Considering of Sub-Opinion Re-
lation and Word Granularity

It is a difficult task to determine an appropriate granularity
of a word in a different concept. The Vietnamese language
does not have a concept of tense for a verb like “run” in
present tense, which is “ran” for past tense. Also, in En-
glish, most nouns need to be in a form of singular or plu-
ral (e.g. pen vs pens) whereas Vietnamese noun “do not in
themselves contain any notion of number or amount” [30].
Taking the second phrase in Fig. 1 as an example, “bé boi
rét dong” (the swimming pool is very crowded) and another
phrase “Khdch san vao miva dong khd ving” (Hotel in winter
is quite deserted). The word “ddng” is used without chang-
ing its form. In the first sentence, it is used as an adjective,
but in the second sentence, it is used as a noun. Vietnamese
is a sort of isolating language in that word formation is a
combination of isolated syllables [31]. In the reviews of
Vietnamese hotels, the reviewers often use these kinds of
homonyms that often lead to the problem of misclassifica-
tions. These syntactic aspects are represented by using con-
stituency of syntactic structures. This concept was imple-
mented in the attempt of building Viet Treebank [32]. Viet
Treebank consists of a corpus with word segmentation and
POS annotation. The vnDT model was constructed based



914

Things

Synset
Verb_Synset
Noun_5Synset
Adverb Synset
Adjective_Synset
Word
Collocation

WordSense
WordSense_Verb
WordSense_Noun
WordSense_Adjective

Fig.8  VietWordNet hierarchical structure

on Viet Treebank that can provide the syntactic dependency
of word sense by giving its most plausible syntactic analy-
sis [27]. There is a strong dependency of parent node word
and its dependents. Thus, we can determine the sense of
dependency based on syntactic structure. Word sense can
be disambiguated at the granularity level of the first sense.
In order to utilize word sense with dependency tree, we use
Vietnamese Wordnet [33]. Wordnet is an ontology that holds
relationships among words in terms of synset (a set of syn-
sonyms), and words are organized in hierarchies of senses.
In Vietnamese Wordnet, there are three main classes, includ-
ing of Synset, Word, and WordSense. Nouns, verbs, adjec-
tives are related by the hypernym-hyponym relationship in
which they are classified into a group of the first sense. The
complete set of the first sense granularity is presented below.

Noun first sense: géc (origin), hanh ddng (action),
dong vat (animal), vat tao tac (artifacts), thudc tinh (az-
tribute), co thé (body), nhan thirc (awareness), truyén thong
(communication), sw kién (event), cam giac (feeling), thwc

pham (food), nhém (group), vi tri (location), ddng co> (mo-
tive), vat (object), tw nhién (nature), ngw i (people), hién
tuo'ng (phenomenon), thwe vat (plant), sé hivu (possession),
qud trinh (process), lwong (quantity), quan hé (relation),
hinh dang (shape), trang thai (state), chét (quality), thoi
gian (time).

Verb first sense: co’ thé (body), bién ddi (change),
nhén thi’c (awareness), truyén thdng (communication), thi
déu (competition), ti€u thu (consumption), tiép xuc (con-
tact), tao tac (creation), cam xuc (feeling), van dong (mo-
tion), tri gidc (emotion), s6 hiru (possession), xa hoi (so-
cial), trang théi (state), thovi tiét (weather).

Adjective first sense: tinh tir (adjective)
We will investigate a sentence:

Nhan vién dd vao hanh ly

t(Staff kicks the luggages)

This sentence is expressed as in Fig. 9:

A word can hold multiple senses, however, in our re-
search scope, we only address two major senses. In Table 3
we show a possible number of senses for the above sentence.

We assume that the word “dd(N)#1” (stone) is related

IEICE TRANS. INF. & SYST., VOL.E101-D, NO.4 APRIL 2018

<ROOT>da/v

|
<sub>| vao <pob>

| |
nhan vién/N hanh ly/N

Fig.9  Example of expressed sentence.

Table 3  Sense for dd and hanh Iy
da (V) #1 kick, kicking, throwing, throw in, shot at, kicked
da (V) #2 push, shove, push, nudge
da (N) #1 rock, stones
daN)#2 ice, iceberg

hanh_Iy (N) #1
hanh Iy (N)#2
Nhan_vién (N) #1
Nhan_vién (N) #2

luggage, baggages

personal things

staffs, officer

operators, a person works in an organization

I3

to the first sense “vdr” (object). Also, the word “hanh
(N)#1” (luggage) refers to the non-human thing, and its
first sense is strongly related to “vdr” (object). Thus, a com-
bination of (“dd(N)#1” (stone) and, “hanh Iy(N)#I” (lug-
gage)) can be an appropriate sense combination. However,
“Nhan_vién (N) #1” (staff) refers to a human, and “dd(N)#1”
(stone) is strongly involved in (object). Therefore, a combi-
nation (“Nhdn_vién (N) #1” (staff), “dd(N)#I” (stone)) has
a weak sense agreement. We can form many possible sense
combinations following the set of senses in Table 3. Finally,
we can obtain (Nhdn_vién (N) #1” (staff), dd (V) #1 (kick),
hanh_ly (N) #1 (luggage)) as a suitable sense because dd (V)
#1 (kick) has first sense in a set of actions that effects object
things “luggage”. In this manner, we can figure out that
“da” (kick) is most likely classified as a negative verb. Af-
ter we disambiguate word sense, a technique in Sects. 3.2.1
and 3.2.2 will be applied continuously to classify sentence
polarity. Similarly, we can figure out that the word “dong”
has a close meaning to “crowded” rather than season “win-
ter” because its first sense is related to an object similar to
“swimming pool”.

4. Experimental Results

In this section, we present the experimental result of our
new methods and compare this result with feature selection
and machine learning techniques. The results are shown in
Table 4, and the standard measures of Recall, Precision, and
F-Score are used to evaluate the system performance:

tp
Recall = ——— 3
ecd tp+ fn )
.. tp
Precision = ——— 4)
p+fp
F1-Score is the harmonic mean of both:
2PR
Fl= ®)
P+R
The accuracy of the system is measured by:
tp + 1t
Accuracy = prin (6)

tp+itn+ fp+ fn
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Table 4  Experimental result
Accuracy  Precision  Recall F

Methods %) ) k(%)
Dependency tree with
Sum-production 71.90 90.59 6826  77.85
propagation
Dependency tree with ¢ 87.97 86.63  87.30
opinion relation
Dependency tree with g9 ¢4 9026  90.63  90.45

Word Sense

Comparision of experimentresults
1';3 B6.04 896

80 704 753 768 719
5 70
£ %

=2
o 40
= 30
20
10
[1]
NB MEM SVM Native Opinion Word Sense
Dependency Relation
Tree
METHODS

Fig.10  Comparison with the previous experiment.

where tp is True Positive, tn is True Negative, fn is False
Negative, and fp is False Positive.

The best accuracy result is achieved by dependency
tree with word sense disambiguation. Also, this method
has the highest measurement by Recall. Application of de-
pendency with a sub-opinion relation is performed better
than the application of dependency tree with belief propa-
gation. The highest performance by Precision measurement
(90.59%) is produced by dependency tree with belief prop-
agation. However, this is not an accurate measurement be-
cause the belief propagation performed pretty well on the
classification of the positive sentence, but its classification
process ran poorly on negative sentences because we have
more true positives (tp) than false positives (fp). In turn, by
calculation of formula (4), we gained better precision.

Duyen has conducted an experiment on the Vietnamese
language dataset that we used in this research [27]. In
their experiment, the common machine learning techniques
are included Naive Bayes (NB), Maximum Entropy Model
(MEM), and Support Vector Machine (SVM). Overall, our
three proposed methods performed better than normal ma-
chine learning techniques in N.T. Duyen [27] research. In
Fig. 10 we see that Supported Vector Machine (SVM) has
an accuracy of 76.8% while dependency tree with the appli-
cation of word sense can achieve 89.6%. The best measure-
ment from our method is 90.63% by Recall, while the best
classification result for the positive class is 90.58% by de-
pendency tree with belief propagation (Fig. 11). This com-
parison shows a better achievement of our proposed method
than the other techniques. We believe that our methods are
a strong improvement on sentiment classification since it re-
gards a sentence as a dependency graph. Moreover, it treats
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each component in a sentence as a meaningful phrase, rather
than individual words.

5. Conclusion and Future Work

In this paper, we proposed a new approach for sentiment
classification of online hotel booking opinions. We rep-
resented sentences in a dependency tree structure, and we
mined hidden sub-tree features for conducting classification
process. Overall results show a very good performance for
feature selection with machine learning techniques.

Despite a good performance, it is essential to further
improve the efficiency of our methodologies. One limita-
tion of this research is that word polarity is only determined
correctly in a specific domain topic. Low compatibility of
the polarity dictionary when we change domain topics is an-
other issue.
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