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Abstract—With the rapid development of the Internet, an increasing number of users enjoy

to shop online and express their reviews on the products and services. Analysis of these

online reviews can not only help potential users make rational decisions when purchasing
but also improves the quality of products and services. Hence, sentiment analysis for
online reviews has become an important and meaningful research domain.

B UNLIKE TRADITIONAL SENTIMENT classification
of text,! which aims only at detecting the senti-
ment polarities (positive or negative) of docu-
ments, the objectives of review analysis also
involve extracting the aspects,” i.e., the specific
features of a product or service that users like or
dislike. For example, a movie review that states,
“This movie is funny but the ticket is a little
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expensive,” (Review 1) expresses an overall
positive sentiment. More specifically, the user
expresses a positive sentiment about the “content”
and a negative sentiment about the “price.” The
“content” and “price” are called aspects.

During recent years, many models extended
from latent Dirichlet allocation® have been effec-
tively applied to review analysis. These models
have approached the problem of sentiment anal-
ysis at various levels. Some work®* detects senti-
ment polarities at the word level, i.e., it assumes
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Table 1. Notations of model variables.

Notations

Description

The number of documents

The number of sentences in a document

The number of segments in a sentence

The number of words in a segment

The number of topics

The vocabulary size

nli<|N|lz| (M|

The number of sentiment polarities

N

The topic index

Sentiment polarity

Multinomial distribution over topic

Multinomial distribution over sentiments for each
topic

Multinomial distribution over words for each topic
and sentiment

The prior observation count for the frequency of a
topic was sampled from a document before any word
is observed

The prior observation count for the frequency of
word was sampled from a topic and a sentiment
before any word is observed

The prior observation count for the frequency of
sentiment polarity was sampled from a document
before any word is observed
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each word has a sentiment polarity, which is not
the case since many words actually do not indi-
cate any sentiment and thus have no effect on
the results of sentiment analysis. Other work®®
assumes that all words in a sentence indicate
the identical sentiment, which is not appropriate
to compound and complex sentences that may
express more than one sentiment,”® such as the
sentence in Review 1.

Still considering Review 1, we can observe
that the sentence can be split into two segments
by the conjunction “but”, i.e., “the movie is
funny” and “the ticket is a little expensive.” The
former segment expresses the positive sentiment
whereas the latter shows a negative opinion.
Hence, conjunctions play an important role in
capturing the sentiment transition among seg-
ments.”!° Segments connected by coordinating
conjunctions (e.g., “and”) belong to the same sen-
timent orientation, whereas segments connected
by adversative conjunctions (e.g., “but” and

“however”) belong to different sentiment
orientations.

In this paper, we propose a segment-level
joint topic-sentiment model (STSM), in which
each sentence is split into segments by conjunc-
tions and the assumption that all words in a seg-
ment express one sentiment is introduced. It
needs to be emphasized that we do not define
what sentiment is conveyed when a specific seg-
ment appears but estimate the sentiment polar-

ity by our model.

SEGMENT-LEVEL SENTIMENT TOPIC
MODEL

The objective of this study is to estimate
the sentiment polarity of a document by captur-
ing the topic-sentiment correlation. To model
the joint topic-sentiment correlation, a sentiment
layer is inserted between the topic layer and the
segment layer. Then, we introduce the assump-
tion of “one segment expresses one sentiment” to
estimate fine-grained sentiments, in which all
words in a segment express the same sentiment.
For convenience in describing our method, fre-
quently used notations are summarized in Table 1.

Graphical Representation

To model the topic-sentiment correlation and
capture the sentiment relative to topics, we
introduce a sentiment layer at the segment level.
The node of sentiment is inserted after the topic
node because the sentiment depends on specific
topics. The graphical representation of STSM is
shown in Figure 1.

In STSM, words are generated as follows:

1. For each topic z and sentiment s, draw a mul-
tinomial word distribution ¢, , ~ Dir(g);
2. For each document a:
(a) Draw a multinomial topic distribution
04 ~ Dir(a);
(b) For each topic z, draw a multinomial
distribution over sentiment polarities
74, ~ Beta(y);
(¢) For each sentence [
(i) Draw a topic z ~ Mul(6,);
(ii) For each segment m, draw a senti-
ment s ~ Mul(ry.);
(iii) For each word, draw w ~ Mul(¢, );
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Table 2. Numbers of sentiment words occurring in each dataset.

Datasets Lexicon # of positive # of negative Total
words words

HSAN 2053 3179 5232
GameReviews

SAN 3040 2793 5833

HSAN 1823 2920 4743
PhoneReviews

SAN 2614 2530 5144

O
¢
@

T*E

D

Figure 1. Graphical representation of STSM.

Model Estimation

We use Gibbs sampling to estimate parame-
ters. In each iteration, a topic assignment z for
each sentence is drawn from the following condi-
tional probability distribution:

Cl +a

ZiT':l Cli +Ta

(S CRF 4 By) £ T(CRIF 4y +m1y)

p(zd,l = Z’|Z—d,la S, w; o, :3) o8

X
P(Si e+ By +m) 1 DGT+7)
14
. ﬁ P (i O + V)
=1 F(Z‘k/’:l CHY +VB+ nw[,j)
v F(CTEV + /3 + nwl,j‘k)
=1

x 5,k
U rem s

ik

where z;; is the topic assignment for sentence [
in document d; z_,; is the topic assignment for
all sentences expect sentence [ in document d;
CPT is the number of sentences assigned to topic
i in document d; CPT¥ is the number of segments
assigned to topic i and sentiment j in document
d; C!FY is the total number of times word k is
assigned to topic i and sentiment j; n;; is the
number of segments assigned to sentiment j in
sentence [; n; is the total number of segments in
sentence [; nw; j; is the number of times word k&
is assigned to sentiment j in sentence /; and nw; ;
is the total number of times any word is assigned
to sentiment j in sentence /.
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The sentiment assignment for each segment
is drawn from the conditional probability distri-
bution, as follows:

p(sd,l,m = jlsfd,l,nu Zd] = i7 w;y, /3)

CDTE 4 ) F(ZX,:l CI + Vﬂ)

dyi,j
X =E
Y CYIE + By r(z{,;l CTEY 4 VB + nwm)

1,5,k
Vo] (C,L-IJEk‘ + 6—|—nwm,k)
X | | ATV

I'(C; BV 4 B)

k=1 1,5,k

where s;;,, is the sentiment assignment for seg-
ment m in sentence [ and document d, s_q;,, is
the sentiment assignment for all segments
except segment m in sentence [ and document d,
nw,, . is the frequency of word k occurs in seg-
ment m, and nw,, is the total number of words in
segment m.

The approximate probability of topic 7 in doc-
ument d is

; Ol +a
R
LI CPT 4 Ta

The approximate probability of sentiment j
under topic 7 in document d is

Ciig +v

Tdij = =<F -
Xy Cii + By
The approximate probability of word k in
topic i with sentiment j is

p S P
SO v

For document d, we can estimate its topic dis-
tribution 6,. and sentiment polarities distribu-
tion for a specific topic by 74, and the overall
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Figure 2. Model performance over GameReviews. (a) Accuracy without sentiment lexicons. (b) F1-measure
without sentiment lexicons. (c) Accuracy when using HSAN. (d) F1-measure when using HSAN. (e) Accuracy
when using SAN. (f) F1-measure when using SAN.

sentiment polarity of document d is then calcu-

lated by

T
pls = jld) =Y 6a; X 74, M
=1

EXPERIMENTS

Experimental Setup

We use two review datasets collected from
Amazon (www.amazon.com) to evaluate our pro-
posed model. The first dataset, referred to as
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Figure 3. Model performance over PhoneReviews. (a) Accuracy when do not use lexicon.(b) F1-measure
when do not use lexicon. (c) Accuracy when use HSAN. (d) F1-measure when use HSAN. (e) Accuracy when

use SAN. (f) F1-measure when use SAN.

GameReviews, consists of 2532 reviews of game
software and hardware. The other dataset, referred
to as PhoneReviews, consists of 3265 reviews of
phone and phone accessories (headsets and bat-
tery chargers). To evaluate the effectiveness of our
method, we implemented ASUM® and TSU® as

January/February 2019

baselines. Furthermore, to verify the effect of nega-
tion on changing the sentiment polarity of text, we
also trained the STSM with datasets after negation
processing, referred to as STSM_Neg.

We utilized two popular sentiment lexicons
named HashtagSentimentAffLexNegLex (HSAN)!!
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Table 3. Several topic and sentiment assignment examples.

Example 1

I have purchased 4 different Jabra headsets because they are the most comfortable and easy to hear
with but they have poor microphone quality

STSM_Neg + no lexicon

I'have purchased 4 different Jabra headsets because they are the most comfortable and easy to hear
with but they have poor microphone quality

STSM_Neg + SAN

I have purchased 4 different Jabra headsets because they are the most comfortable and easy to hear
with but they have poor microphone quality

STSM + no lexicon

I have purchased 4 different Jabra headsets because they are the most comfortable and easy to hear
with but they have poor microphone quality

STSM + SAN

I have purchased 4 different Jabra headsets because they are the most comfortable and easy to hear
with but they have poor microphone quality

ASUM + no lexicon

I have purchased 4 different Jabra headsets because they are the most comfortable and easy to hear
with but they have poor microphone quality

ASUM —+ SAN

I have purchased 4 different Jabra headsets because they are the most comfortable and easy to hear
with but they have poor microphone quality

TSU + no lexicon

I have purchased 4 different Jabra headsets because they are the most comfortable and easy to hear
with but they have poor microphone quality

TSU + SAN

I have purchased 4 different Jabra headsets because they are the most comfortable and easy to hear
with but they have poor microphone quality

Example 2

Not a very good product. Not proportioned to fit my phone even though [ had a Frogz brand on my
phone already.

Not a very good product. Not proportioned to fit my phone even though I had a Frogz brand on my
phone already.

Not a very good product. Not proportioned to fit my phone even though I had a Frogz brand on my
phone already.

Not a very good product. Not proportioned to fit my phone even though I had a Frogz brand on my
phone already.

Not a very good product. Not proportioned to fit my phone even though I had a Frogz brand on my
phone already.

Not a very good product. Not proportioned to fit my phone even though I had a Frogz brand on my
phone already.

Not a very good product. Not proportioned to fit my phone even though I had a Frogz brand on my
phone already.

Not a very good product. Not proportioned to fit my phone even though I had a Frogz brand on my
phone already.

Not a very good product. Not proportioned to fit my phone even though I had a Frogz brand on my
phone already.

Sentiment Classification
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and Sentiment140AffLexNegLex (SAN)!! to gen-
erate positive and negative sentiment words,
which are rich enough to cover the
vocabularies of the two datasets. Table 2
presents the numbers of sentiment words
that occurred in each dataset. For all models,
the parameters are set as « = 50/7 and y =
1. We set the elements of 8, to 0.1 and 0 for
those words that occurred and did not occur,
respectively, in the word list of sentiment
polarity s. The elements of 8 for words that
did not occur in the sentiment lexicon are set
to 0.001.

We compare the performance of different
models for sentiment classification in terms of
accuracy and Fl-measure. Figures 2 and 3 show
the performance over GameReviews and Pho-
neReviews. The results both indicate that
STSM_Neg and STSM outperformed ASUM and
TSU, which confirms the effectiveness of STSM
at detecting segment-level sentiment. Further-
more, we can find that no matter which lexicon
was used, the accuracy and Fl-measure were
much higher and more stable than those of
models without lexicons, which validates that

IEEE Intelligent Systems



prior knowledge from sentiment lexicons
can improve model performance. Moreover, the
results of STSM_Neg were always better than
STSM, which demonstrates that negation
words certainly affect sentiment classification
performance.

Topic-Sentiment Alignment

To verify our “one segment expresses one
sentiment” assumption, several examples for
topic and sentiment assignment are presented in
Table 3. The results of PhoneReviews are shown
when no sentiment lexicon and SAN are used.
The number of topics is set to 70 to ensure that
the model performance has converged. The seg-
ments/sentences assigned to positive and nega-
tive are marked as bold with underline and bold
with italic, respectively. The results show that
STSM and STSM_Neg can capture more fine-
grained sentiment than ASUM and STU. Further-
more, Example 2 shows that STSM_Neg can
effectively handle sentiment detection with
negations.

CONCLUSION

In this paper, we present a new approach
based on topic models to capture topic-senti-
ment correlation by drawing topics and senti-
ments in the topic-sentiment order and
assigning topics to sentiment polarities. To cap-
ture fine-grained sentiment polarities, we make
the assumption “one segment expresses one
sentiment” for segment-level sentiment analysis.
Experimental results on sentiment classification
indicate that the proposed method could boost
performance for compound and complex senten-
ces. The effectiveness of our approach is also
demonstrated by the alignment of topics and
sentiments.
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