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Abstract—Recent years have shown rapid advancement in
understanding consumers’ behaviors and opinions through col-
lecting and analyzing data from online social media platforms.
While abundant research has been undertaken to detect users’
opinions, few tools are available for understanding events where
user opinions change drastically. In this paper, we propose a
novel framework for discovering consumer opinion changing
events. To detect subtle opinion changes over time, we first
develop a novel fine-grained sentiment classification method by
leveraging word embedding and convolutional neural networks.
The method learns sentiment-enhanced word embedding, both
for words and phrases, to capture their corresponding syn-
tactic, semantic, and sentimental characteristics. We then
propose an opinion shift detection algorithm that is based on
the Kullback-Leibler divergence of temporal opinion category
distributions, and conducted experiments on online reviews
from Yelp. The results show that the proposed approach can
effectively classify fine-grained sentiments of reviews and can
discover key moments that correspond to consumer opinion
shifts in response to events that relate to a product or service.

Keywords-Fine-grained sentiment classification; Distribution
representation; Opinion shift; Social media

I. INTRODUCTION

In recent years, social media platforms, such as Twitter,
have become important sources for users to report real-world
events or to express their “opinions” on various aspects of
their lives, such as an experience with a product or service.
More and more studies have focused on extracting opinions
or sentiments from such user-generated content. Existing
sentiment classification approaches have been employed;
most of them have focused on a classification into overall
binary polarities (i.e., positive and negative) [1][2]. However,
these methods lack the ability to distinguish complicated
or fine-grained sentiments that users may express. Distin-
guishing fine-grained or multiple sentiment categories is a
critical step for understanding how a real social event unfolds
over time or how the public expresses feelings with respect
to a significant event (such as a crisis event or a political
debate). In the consumer domain, drastic changes in user
sentiments may also reflect changes in user opinions about
service quality, product prices, or the potential injection of
fake reviews in the business sites.
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Figure 1: (a) Timed-stamped opinions generated by our approach
for a restaurant from Yelp. (b) The Kullback-Leibler divergence of
opinions about the restaurant. The red dots reveal the time points
of opinion changes.

There are many existing change point detection algo-
rithms [3][4]. MOA-TweetReader is a system to detect
changes in binary categories [3]. This method uses ADWIN
(ADaptive sliding WINdow) as a change detector to detect
opinion changes from positive to negative, or vice versa.
Other work focuses on detecting anomalies or detecting
numerical changes [4]. Compared with these studies, we
propose a new task, which is to detect an opinion change
event — such as opinion changes that can range from “very
positive” to “positive”, “positive” to “neutral”, “neutral”
to “negative”, “negative” to “very negative”, and so forth.
All these changes may be perceived qualitatively differently
from one another, and could reflect various issues with the
provided services or products.

To tackle this task, we propose a method for detecting
customer opinion changes through analyzing social media
users’ reviews that reflect fine-grained sentiment changes
over time. We aim to detect the opinion change of the users,
as well as times in which opinions deviate significantly from
those of other users at the previous moment.

Figure 1 shows a real world example of opinion changes
discovered from Yelp data regarding a particular restaurant.
The left plot shows the original time-stamped opinions
extracted from the site, with colors indicating the different
level of positive reviews from 1 to 5 — they are very negative,
negative, neutral, positive and very positive, respectively.
The height of each bar represents the volume of these
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opinions at the current time. The right plot shows three time
periods of opinion changes detected by our method. These
opinion changes occurred between January 2007 and January
2010. After January 2010, the opinion changes became less
prominent, and eventually stabilized at the beginning of
2015. As we will show in Section 5, these opinion changes
occurred due to problems with the food quality or the
services offered by the restaurant.

Our approach aims to detect the time points at which
users’ opinions deviate from the previous ones. This can
have broad applications in monitoring consumer sentiments
about certain products or services, or general public opin-
ions. A technical challenge involved in this monitoring
process is how to identify more fine-grained differences in
sentiments, instead of simple binary sentiment categories.

Recent research on sentiment classification approaches
can be divided into two broad categories: lexicon-based and
non-lexicon based approaches. The first approach achieves
good performance, as they leverage the typical sentiment
polarities of words in lexica [5][6]. However, these methods
need manually labeled lexica or a background corpus to
build lexica. The quality and domain difference of the
lexicon have a great influence on the classification result.

The latest work shows the effectiveness of word embed-
ding (namely word representation) in binary polarities senti-
ment classification tasks, as it can capture both syntactic and
semantic relationships among words. To classify short texts
(e.g., Twitter), two methods [1][2] are proposed: however,
they are designed for binary classification. Binary sentiment
classification approaches cannot be directly applied to fine-
grained sentiment classification for two reasons: (1) Binary
classification methods identify opinions of reviews into two
polarities, while models for distinguishing multiple cate-
gories require more sophisticated learned decision bound-
aries. Classifying multiply polarities is more difficult than
that of classifying binary polarities. (2) Features extracted
by existing word embedding are not effective at identifying
slight differences among fine-grained user opinions.

For multi-category sentiment classification, recursive neu-
ral networks (RNNs) and recursive neural tensor networks
(RNTNs) and their variants [7][8][9], convolutional neural
networks (CNNSs) [10] are used to construct sentence vectors
using pre-trained word embeddings. However, their methods
face the issues of time complexity for higher dimensions
(they don’t scale well with more than 300 features).

In this work, we propose a framework of Detecting
opinion Change from Temporal Reviews (DoCTeR). Our
framework has two components — classifying opinions from
reviews and detecting opinion shifts from the detected
opinions. First, we propose a novel fine-grained sentiment
classification approach that leverages Sentiment-Enhanced
Word Embedding (SEWE) and convolutional neural net-
works. Second, we detect users’ opinion changes by using a
sliding window-based detection algorithm. Our experimental

results on two real-world datasets show that the proposed
framework not only effectively classifies opinions of reviews
into fine-grained categories, but is also useful to detect
changes in consumers’ opinions. Three main contributions
are:

1) We propose a novel sentiment-enhanced word embed-
ding learning algorithm that captures not only syntac-
tic and semantic, but also sentimental characteristics
of online reviews. Learned word embedding is used to
identify slight differences among user opinions.

2) We propose a new method of classifying opinions of
reviews into fine-grained sentiment categories by us-
ing the proposed sentiment-enhanced word embedding
and convolutional neural networks. Comparisons with
several state-of-the-art approaches on real datasets
show the effectiveness of our method.

3) We propose a sliding window-based algorithm of opin-
ion shift detection that is based on the differences be-
tween opinion distribution measured by the Kullback-
Leibler divergence. Our inspection of the reviews
shows that we can use those multi-class sentiments to
discover the ways in which users shift their opinions
of products or services.

The remainder of the paper is organized as follows.
Section 2 discusses the related work of multi-class sentiment
classification. Section 3 details problem statement. Section
4 describes our framework. In section 5, we show our
experimental results and discuss our discoveries in opinion
shift analysis. The conclusion and future work are presented
in Section 6.

II. RELATED WORK

The dynamics of user opinions and opinion shifts about
specific products or services are difficult to characterize.
The task of multi-class sentiment classification classifies
sentiments into multiple categories, which is helpful to
model the features of user opinions and may provide further
assistance in detecting opinion shift events.

Current work pays more attention to non-lexicon based
approaches. Some machine learning algorithms [11][12] are
introduced for sentiment analysis of texts. To classify senti-
ments of long texts into five sentiment categories, Ortigosa et
al. [13] used native Bayes to train multi-dimensional vectors.
Wang et al. [14] compared SVM and Native Bayes on
sentiment classification of texts, and proposed the NBSVM
(support vector machines with native Bayes) algorithm.
Hermann et al. [15] proposed the CCAE (combinatorial
category autoencoders) approach for sentiment analysis.
Socher et al. [16] proposed the MV-RNN (matrix-vector
recursive neural network) model, which learns distribution
representations of sentences using a syntax tree. However,
these methods are sensitive to data sparseness.

Since the success of word embedding in text mining,
word embedding has been increasingly used in sentiment



classification. Most of the existing related work are for
binary polarity sentiment classification. Santos et al. [2]
classified sentiments of short text using word embedding and
deep convolutional neural networks. Tang et al. [1] improved
the traditional word embedding algorithm and proposed the
SSWE (sentiment-specific word embedding) algorithm for
Twitter sentiment classification. For multi-class sentiment
classification, recursive neural network, recursive neural
tensor network, and its variant model, the convolutional
neural network, were used to construct sentence vectors
using pre-trained word embeddings [7][8][9].

In this work, we first examine the problem of multi-class
sentiment classification. Similar to related work [8][17],
we define five sentiment polarities. Compared with existing
works, we first propose a sentiment-enhanced word embed-
ding process for general word embedding by adding the
sentiment of each text. We use CNN which show their
effectiveness in the domain of text classification as the
classifier [10][18]. Furthermore, to our best knowledge, the
work presented in this study is the first attempt at detecting
opinion shift about a product or service using fine-grained
sentiment categories.

III. PROBLEM STATEMENT

Without a loss of generality, we consider a discrete m-
level sentimental label system (i.e., sentiment categories
from 1 to m), which is extensively used on today’s online
e-commerce sites, such as Yelp and Amazon, which adopt
one-to-five-star sentimental labeling systems. We view k as
the sentiment label of the k-th sentiment category.

We first denote a corpus as T = [X,Y] € R*x(utm),
where X € R™ " is a review matrix and Y € R™"*"™ is a
sentiment category matrix. Three variables, n, u and m, refer
to the number of reviews, the number of features contained
in reviews, and the number of sentiment categories contained
in the corpus, respectively. With no less generality, in this
work, we limit m = 5; that is to say, the number of sentiment
categories of all reviews is five. Five columns in vector y
refer to the five sentiment categories, they are very negative,
negative, neutral, good and very good, separately. For each
review T = {t1,ta,...,t,} in the corpus, t; = (z;,y;) €
R“*t™ consists of review vectors z; € R* and sentiment
class vectors y; € R™.

With the above notations, we formally define the problem
of multi-class sentiment classification for reviews of prod-
ucts as follows: given a review corpus 7', our aim is to
automatically detect sentiment categories Y for unlabeled
reviews X; namely amapof X toY: f: X —» Y.

After we obtain sentiment classes for online reviews,
we detect opinion changes using these detected sentiment
classes.

IV. OUR APPROACH

Two components of our framework are the opinion clas-
sifier, which employs the proposed SEWE model, and the

proposed sliding window-based detector for opinion shift
detection.

The first component consists of four main steps. First,
the phrases-learning step identifies phrases as pseudo-words
from a large-scale corpus and constructs a phrase-pseudo-
word list. After this step, all sentences are formed by words
and/or pseudo-words. Second, the sentiment-enhanced word
embedding construction step learns sentiment-enhanced
word embeddings for words and pseudo-words from a large-
scale corpus at the same time, and produces a word-word
embedding list. Third, the word embedding integrating step
integrates word embeddings for words and pseudo-words
in a review. We keep same lengths of all reviews through
removing the rests of long reviews (if the length of a review
is longer than 7)) and adding random word embeddings
for short reviews (if the length of a review is shorter
than 7). We use the forth step to classify reviews into m
categories (namely, sentiment labels) through employing a
convolutional neural network.

The second component is a sliding window-based de-
tector; we use it to detect opinion shifts from sentiment
categories.

A. Opinion Classification from Reviews

1) Phrases learning: It is well known that the overall
meaning of phrases are not simply a composition of the
meanings of their individual words. For instance, New York
is a city in the United States and not a prefecture in the
United Kingdom, while The New York Times is a famous
daily newspaper and not a position on a clock. Based on
previous observations, if we can detect those phrases and
learn their word embedding by treating them as pseudo-
words, it may be possible to achieve a higher performance
of classification.

Our next observation is: given a sentence, such as [ like
New York, if we directly use a word embedding model to
capture the features of the sentence, four word vectors, /
(wn), like (ws2), New (ws), and York (wy), are obtained.
In contrast, if we learn phrases first, we will obtain the
word vector of New York (w4) since New York is a phrase
that we view as a pseudo-word. Thus, the representation
of the example sentence is converted to {wy, ws, w45} from
{w1, wa, w3, ws}. That is to say, using w} to represent New
York is more significant than that of w3 + wj.

Originated from [19], we judge whether two adjacent
words are a phrase or a part of a phrase by using

count(w;w;) — 0

score(w;, w;) =

count(w;) x count(w;)’ M
where w;w; refers to two adjacent words, count(x) is the
number of occurrences of x in the dataset, and § is a
parameter used to prevent too many phrases that consist of
infrequently found words. The scores of two words that are
larger than a predefined threshold are chosen as phrases. We
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Figure 2: An example of the proposed SEWE model. S; is the
sentimental feature of a review.

then combine pseudo-words with normal words to construct
word embeddings.

2) Sentiment-enhanced word embedding construction:
Although syntactic and semantic similarities obtained by
existing word embedding algorithms are quite useful for
sentiment classification, syntactic and semantic similarities
are not equal to sentimental similarities. As a result, we
cannot use both syntactic and semantic similarities to clas-
sify sentiments of texts. For example, two words, satisfied
and disappointed, convey distinct sentiments but are similar
in syntactic structure. In this work, we improve the exiting
word embedding model, the continuous skip-garm [19], by
introducing sentimental features of reviews. We call the new
model sentiment-enhanced word embedding (SEWE). We
show an example of SEWE in Figure 2.

The traditional continuous skip-gram predicts surround-
ing words (d words before and after w;) based on the
current word wy; that is, P(wi—_g.+44|wt). Our observation
shows that users write reviews that include their potential
opinions about products or services. With the influences
of the opinions, they will choose certain words that are
suitable to unconsciously express their opinions. From this
observation, we extend the continuous skip-garm model to
SEWE model from two aspects: given a corpus T that
consists of n reviews, and each review t; with sentiment
S; contains a word sequence (wi,Ws, ..., Wy, ..., W), We
first use a pseudo-word to represent the sentiment S; of
review ;. Second, we learn both word representations for the
surrounding words (d words before and after w;) of word
wy, and the pseudo-word S;. That is, our aim is to have
P(wi—d:t+d, Si|wi). The objective of the SEWE model is
to maximize the average log probability:

1 n k
v S DD logp (wiyylwe) +logp (Sifwe) 2

i=1t=1 \ —d<j<d

here, j # 0, V is the total number of words in corpus 7.
The basic Skip-gram model uses the probability function

p(wo|wr) as,

exp (Vwo | V)

1%
Zw:l exp (UIU}TUUU)

3

p(wolwr) =

here v,, and v, mean the input and output vector represen-
tations of word w separately. Since the cost of computing
7 log p (wo|wr) is proportional to V, this causes the above
formulation to be impractical. A computationally efficient
approximation of the full softmax is the hierarchical soft-
max [19]. The hierarchical softmax uses a binary tree repre-
sentation of the output layer with the V' words as its leaves,
and for each node, explicitly represents the relative proba-
bilities of its child nodes. Similar to previous work [19], we
employ the definitions of hierarchical softmax, which uses
a binary Huffman tree and negative sampling to train word
embeddings.

3) Word embedding integration for reviews: We then
construct review embeddings for reviews, based on the word
embeddings of words contained in reviews. For instance,
given the review, I like New York very much and I will go
there again, we use the pseudo-word New_York to represent
both New and York. After all word vectors in the review
are found, according to the pre-trained word embeddings,
they are sequentially linked. Considering that the length of
each review is different, we limit the length to r (filled up
or cut). Thus, a review is represented as vy., € R"*, where
v; € R¥ is the i-th word in a review, v;. j 1s a concatenation
of Viy Vi1 vy Uje

4) Fine-grained sentiment classification: Convolutional
neural networks have been applied to NLP, such as semantic
parsing and sentence classification [10]. The CNN model
can take word sequences as input. To extract features that
contain word sequences, sentimental characteristics, and
syntactic and semantic similarities, we propose to combine
CNN and SEWE. We extend the CNN model proposed
in [10]. Figure 3 shows the steps of fine-grained sentiment
classification using CNN.

We refer g € R"** to the filter matrix, which is applied
to a window of h words to produce the feature c; as

¢ = f(g- Viign—1 +0b). €]

This filter is applied to each possible windows of words in
the review 1., To.p+1, * *s Tn—h+1:n O produce a feature
map. For example, given a window of words v;.;1n—1, a
feature c; is generated by a convolution operation applied to
a window of h words.

c=[c1,c2,¢3, 0 Cropy1] ®)

with ¢ € RT—h+1,

To capture the most important feature (the one with
the highest value) for each feature map, a max-over-time
pooling operation [20] is performed over the feature map,
and we take the maximum value ¢ = max{c} as the feature
corresponding to this particular filter. The pooling scheme
naturally deals with variable sentence lengths.

To reduce the computational complexity and capture the
most important feature, we apply a max pooling operation
over the feature map in Eq. (5).
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Figure 3: The procedure of the fine-grained sentiment classifier
using CNN.

Finally, we use a softmax to obtain the classified results.
For training data {(z;,v;), ..., (X, yx) }, v is divided into m
classes, namely y; € {1,2,...,m}. The hypothesis function
of softmax hy is,

p(yi = 1]zi;0) T
i = 2|y 0 1
he = p(yi |zi;0) = ef3 i (6)
Zj:1 el i 0Tz,
p(yi = mlz;;0) €
where 6;,05, ..., 6, are the parameters.

The cost function of softmax .J is defined as,

T
eej T

l m
) =1 |33 1 = i log ooy | v (D)

m th
i—1j=1 Zi:l e

Here 1{-} is the indicator function. So that 1{a true
statement} = 1, and 1{a false statement} = 0.

B. Opinion Shift Detector

After we identify opinions from reviews, we detect user
opinion shifts using the Kullback-Leibler divergence [21]
and a sliding window-based detection algorithm.

1) Kullback-Leibler Divergence: For two discrete prob-
ability distributions P and (), the Kullback-Leibler diver-
gence of ) from P is defined as

P (1)
Qi)

It is the expectation of the logarithmic difference between
the probabilities P and (), where the expectation is taken
using the probabilies P. The Kullback-Leibler divergence is
defined only if @ () = 0 implies P (¢) = 0, for all ¢ (abso-
lute continuity). Whenever P(3) is zero, the contribution of
the i-th term is also interpreted as zero.

An example is shown in Figure 1(b). We use the KLD
curve to represent the temporal opinions of a restaurant’s
comments. Note that the KLD curve is measured over time,
D = (di,da,- -+, diy- - +,dz)(1 < i < Z), where the
height d; is the KLD distance of the detected multi-class
opinion distributions between the current month and the
previous one. We can see that there are several prominent
points, compared to the rest of the points in the curve. These
prominent points indicate that user opinions would change.

Dict (P Q) =3P (i)log ®)

To detect the points that are prominent in relative time
ranges, we propose a sliding window-based detection algo-
rithm. First, we obtain the maximum height d;, when we
scan the curve D using an initialized window size of w;.
Then, the rest of d; are detected, when we iteratively update
the window size wy,, until we meet the exit condition of the
window size Z. Next, we compute the mean value h, of all
d;. Here, the mean value h, is the optimized parameter we
take to scan the curve D again. Those heights d;, which are
larger than h,, are defined as the prominent points.

V. EXPERIMENTS AND ANALYSIS

In order to evaluate the proposed framework, we con-
ducted two groups of experiments. The objective of the
first group experiments was to evaluate the SEWE model.
We designed the second group experiments to validate our
opinion detector using the sliding window-based algorithm.
All experiments were conducted on commodity hardware
with 2.5 GHz CPUs and 8 GB of main memory.

The parameters in two groups of experiments are set as
follows: There are two parameters in the phrase-learning
step. The parameter 7 in the phrase learning step is set
to 5 according to [19] in the aim of preventing more less
common phrases. We set the threshold g to 1.17 x 10~4
according to our experiments. We set the length of review
in the review vector to 72, according to the characteristics
of two experimental dataset. Same to [10], we also set the
window length of CNN to 3, 4, 5, and the probability of 1 in
the bernoulli random variable parameter o. We set window
size wy to 2 in our experiments.

A. Experimental Dataset

We prepared three datasets to evaluate our approaches.
Statistical information on these datasets is given in Table I.

Table I: Statistical information of three datasets

YelpNY | MR [11] | SST [7]
#Reviews 25,000 5,331 11,855
#Sentiment categories 5 2 5

The first dataset is the Yelp NewYork (YelpNY) dataset. We
collected 1,445,308 reviews for 15,781 venues in New York
City using the Yelp Search API * from before November
19, 2014. Each review has a rating score from 1 to 5, which
can be viewed as sentiment categories expressed by users.
That is to say, these ratings refer to five sentiment categories,
very negative, negative, neutral, positive, and very positive,
respectively.

We then selected 50,000 textural reviews (10,000 for each
sentiment class) as the review corpus to build sentiment word
vectors. The YelpNY dataset is constructed by choosing
22,500 reviews of almost 6,000 venues for training (4,500

*http://www.yelp.com/developers/documentation/v2/searchapi



for each category) and 2,500 reviews for testing (500 for
each sentiment class). In this paper, we only report on the
experiment results of a training set of a fixed size. However,
based on our sensitivity test on accuracy vs. training size,
we found that the accuracy would not be further improved
by using a larger training set. The length of review is always
short and many reviews are full of non-alphabetic characters,
websites, emoticons, and numbers. To get better results,
our preprocessing included removing punctuation, websites,
numbers, emoticons, and converting uppercase letters to
lowercase.

The second one, Movie Review (MR), is introduced
in [11]. We used the sentence polarity dataset v1.0 of the
MYV dataset. Each review of MV has one sentence, and each
sentence is classified into two sentiment categories, either
negative or positive. Each category consists 5,331 sentences.
Since there are not training dataset and testing dataset in the
MR dataset, we measure its classification accuracies by 10-
fold cross-validation.

The third dataset, Stanford Sentiment Treebank (SST), is
introduced in [7]. The Sentiment Treebank includes fine-
grained sentiment labels for 11,855 sentences. The training
set contains 8,544 reviews that are labeled with 5 sentiment
categories. The test set has 2,210 reviews.

B. Experiments on Opinion Detection

We first evaluate the steps of the SEWE model, and we
evaluate opinion classification employing the SEWE model
on the YelpNY dataset to compare it with other state-of-the-
art methods.

1) Evaluate the SEWE model: To verify that the word
vectors trained by SEWE have higher sentimental similar-
ities, we compare similar words obtained by SEWE and
word2vec for pairs of words. For two pairs of words,
{satisfied, disappointed} and {good, bad}, we count the
top 5 and top 10 similar words contained in word vectors
generated by SEWE and word2vec. Their error rate is
shown in Figure 4. We view the error rates of Word2vec
as the baseline. As Figure 4 shows, the error rate for two
pairs of words obtained with SEWR is lower than that
obtained with Word2vec. We conclude that SEWE obtains
more sentiment information that that of Word2vect during
its training process.

2) Evaluate opinion detection employing SEWE: We
compared four models, Ini_CNN, Phrases_CNN, Pn-
rases_Word2vector_CNN and Phrases_ SEWE_CNN, on the
Yelp dataset. The description and experimental results of
each model are depicted in Table II.

We viewed the Ini CNN model as the baseline. Two
other models, Ini_CNN and Phrases_ CNN, are used to show
the effectiveness of the proposed phrases learning step.
Moreover, we compare two models, Phrases_ SEWE_CNN
and Phrases_Word2vec_CNN, on the Yelp dataset. The first
model uses SEWE and the second one uses Word2Vec.

0.80

0.70 N

:Z ,:_ Z

0.60

0.50

77

Error
\

7
\

040 —F—

200

030 — ~=

Il
7|
I
Il
Il

020 |—==f —

i
I

010 | e - —

L N

]

0.00 . .
Top 5 words by ~ Top 10 words by ~ Top 5 wordsby ~ Top 10 words by
SEWE SEWE Word2vec Word2vec

iwsatisfied B disappointed B good [Obad
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Table II: Model Descriptions and Experimental Results
Model

Model description
Baseline;
Without phrases learning;
Initialize word embedding
randomly;
Classified by CNN
Adding phrases learning;
Initialize word vectors
randomly;
Classified by CNN
Adding phrases learning;
Phrases Word embedding
_Word2vec_CNN| by Word2vec;
Classified by CNN.
Adding phrases learning;
Word embedding by SEWE;
Classified by CNN.

Accuracy

Ini_CNN 48.1%

Phrases_ CNN 51.5%

52.9%

Phrases_ SEWE

_CNN 53.8%

The experimental results of two models are
shown in Table II. The accuracies of Phrase_ CNN,
Phrases_ SEWE_CNN, and Phrases_Word2vec_ CNN
are higher than that of Ini_CNN. This performance
verifies that phrase learning and word embedding can
improve the classification accuracy. We notice that
the accuracy of Phrases_ SEWE_CNN is higher than
that of Phrases_Word2vec_CNN. The reason is that
word embedding learned by SEWE captures more
sentimental information, and it is more suitable for
sentiment classification. However, the improvement is
lower than our expectations indicated. After analyzing the
reviews in the dataset, we find the reason: the degrees of
sentiments expressed in reviews is subtle, e.g., {poor, fair},
{very good, outstanding}. The subtle differences cause the
learning of similar word vectors.

The improvement shown in Table II seems to be small;
however, what is more useful is that the error rates are
different across different opinion pairs. As shown in Fig-
ure 4, there are considerable differences, especially in the



“satisfied” and “bad” categories. We believe that these
subtle differences are particularly important in fine-grained
sentiment analysis.

3) Comparison with competitive methods: To verify the
effectiveness of our approach for the tasks of binary polarity
sentiment classification and multi-category sentiment classi-
fication, the outcome of seven widely adopted models are
compared on the MR dataset and the SST dataset, including
two kinds of techniques, one based on word embedding and
one without word embedding. Some brief introductions of
these methods are given:

MV-RNN: Matrix-vector recursive neural network with
parse trees [16].

RNTN: Recursive neural tensor network with tensor-based
feature function and parse trees [7].

CNN-multichannel: Convolutional neural networks that
are trained on top of two set of pre-trained word vectors [10].

NBSVM: Support vector machines with native Bayes with
uni-bigrams [14].

CCAE: Combinatorial category autoencoders with combi-
natorial category grammar operators [15].

RAE: Recursive autoencoders with pre-trained word vec-
tors from Wikipedia [22].

Paragraph-Vec: Logistic regression on top of paragraph
vectors [23].

Comparison experiments on the MR dataset: We compare
our approach to other four popular sentiment classification
methods for the task of binary polarity sentiment classifica-
tion in Table III. Experimental analysis shows that the SEWE
approach provides better accuracy on the MR dataset.

Table III: Comparison with other approaches on MR

Model Accuracy
MV-RNN [16] 79.0%
NBSVM [14] 79.4%
CCAE [15] 77.8%
RAE [22] 77.7%
Our approach 79.8%

Comparision experiments on the SST dataset: We com-
pare our approach with other four state-of-the-art sentiment
classification methods for the task of fine-grained sentiment
classification on the SST dataset in Table IV.

Table IV: Comparison with other approaches on SST

Model Accuracy
MV-RNN [16] 44.4%
RNTN [7] 45.7%
CNN-multichannel[10] 47.4%
Paragraph-Vec [23] 48.7%
Our approach 49.1%

We pre-train word vectors on the experimental corpus
from the YelpNY dataset, which contains 50,000 reviews

(33.3M size and 115,708 words). CNN-multichannel uses
the publicly available word2vec vectors that were trained
on 100 billion words from Google News. The vectors have
300 dimensions. Paragraph-Vec learned the word vectors and
paragraph vectors using 75,000 training documents (25,000
labeled and 50,000 unlabeled instances). The learned vectors
have 400 dimensions. Table IV shows that our approach out-
performs CNN-multichannel and all other baseline methods.
It is remarkable that the accuracy of our approach is based
on such a small training experimental corpus.

Fine-grained sentiment classification for textural reviews
remains a challenging task. Despite the small overall im-
provement (approximate 2%) over the second baseline, our
method outperforms all current state-of-the-art methods with
statistical significance assessed by McNemar’s test (p <
0.05).

C. Experiments on Opinion Shift Detection

In the following, we demonstrate the effectiveness of our
DoCTeR in discovering users’ opinions shifts from reviews
of products and service.

1) Data preparation: We selected the top 48 out of
21,892 restaurants contained in the YelpNY dataset for
their plethora of textual reviews (with more than 1,000
reviews) posted by users. We constructed the resYelpNY
dataset for manual annotation and opinion change detection.
The reviews of these restaurants were posted during January
2005 to January 2015. The months of these restaurants
registered at Yelp.com are different, from 26 months to 121
months. We statistic the resYelpNY dataset in Table V.

Table V: Statistic of the resYelpNY dataset

Number
All reviews 79,670
All sentences 938,108
Average length of sentence 11
Length of maximum sentence 337
Length of minimum sentence 1

We submit all reviews of the 48 restaurants to the
crowdsourcing platform, http://icrowd.ica.stc.sh.cn/crowd/,
to manually annotate all opinion changes of these restau-
rants. The task of the crowdsourcing workers is to judge the
opinion changes of each restaurant. Considering there are
five opinion categories on Yelp.com, we preset four choices
for the workers: great, major, minor and no, respectively.
The four choices are defined in Table VI

We set 40 sets of tasks for the 48 restaurants. Each set
contains more than 90 tasks with the following items: times
of reviews per month, reviews, and four choices. Each task
will be done by three workers. After all sets of tasks are
finished, we judge the answers according to the following
rules: for a task, the maximum choice is viewed as the
correct answer; if the choices are distributed, then we will



Table VI: Four kinds of opinion changes for manually annotation.

ver, .. . ve
Y positive | neutral | negative v
positive negative
very . . .
- no minor major major great
positive
positive minor no minor major major
neutral major minor no minor major
negative | major major minor no minor
very . . .
. great major major minor no
negative

check these tasks ourselves. We show the statistics of the
labeling results of the resYelpNY dataset in Table VII.

Table VII: Statistics for the labeling results in the resYelpNY
dataset.

#all changes | #average changes
great change 144 3
major change 576 12
minor change 1,296 27

2) Experimental analysis of opinion detection: To eval-
uate the effectiveness of our DoCTeR approach, we first
compare our approach to the task of binary opinion change
classifier with the other two completive methods; then we
show the effectiveness of the DoCTeR approach on the task
of fine-grained opinion change detection. We report both
accuracy and average accuracies for two kinds of opinion
change detection.

Binary opinion change detection: Considering that the
SEWE model is a important part of the DoCTeR approach,
we compared the SEWE model with other two popular bi-
nary sentiment classifiers, MV-RNN [16] and NBSVM [14],
for the task of binary opinion detection. After using the
three sentiment classifiers, we employed the proposed KLD
algorithm to detect the changes in opinion. Two binary
polarities of opinions are “negative” and ‘“positive.” We
view very negative and negative as a “negative” polarity,
while positive and very positive as a “positive” polarity. The
accuracies of the three sentiment classifiers are shown in
Figure 5.

The average accuracies of the three opinion classifiers,
SEWE, MV-RNN, and NBSVM are 82.7%, 80.6%, and
80.2%, respectively. The experimental results show that our
SEWE approach with the proposed KLD algorithm provides
the highest average accuracy.

Fine-grained opinion change detection: For the reviews
of the 48 restaurants contained in the resYelpNY dataset,
we employed DoCTeR to detect the time points at which
reviewer opinions changed. In this experiment, we detected
three kinds of opinion change: they are great, major, and
minor change. The experimental results of detecting three
kinds of opinion changes are shown in Figure 6.

The average accuracies of detecting great, major, and
minor changes are 84.2%, 80.9%, and 77.6%, respectively.

Figure 7: (a), (b) and (c) are users’ fine-grain opinion distribution
between 2007-02 to 2008-01, between 2008-05 to 2009-06, and
between 2009-06 to 2010-02, respectively.

Figure 6 shows that DoCTeR is easily able to detect the
majority of user opinion changes.

3) Our discoveries: We then demonstrated our discov-
eries by checking user reviews with respect to products or
services. A restaurant located in Las Vegas was selected as
the example. It has 4,137 reviews in the YelpNY dataset. We
show its KLD curve in Figure 1(b). We observe that there
are four time frames in which the KLD values have small
fluctuations. The detailed opinion distributions of the first
three frames is shown in Figure 7.

2007-02 to 2008-01 (Figure 7(a)): there is a lesser pro-
portion of review opinions labeled 5, while opinion classes
3 and 4 scale up. Such a distribution indicates that there is
an opinion shift. The trend of opinions expressed by users
is from very good or good to neutral. Through reading the
textual reviews, we find an opinion shift towards complaints
about the restaurant during the given time period. Neutral
and negative reviews began to appear. At first, customers ex-
pressed sentiments like “Great food and great service......”,
and “Good place to watch sports. My friends stated burger
were good’. Then, complaints appeared, such as “..... the
prices have went up”, and “The kitchen was very slow” .

2008-05 to 2009-06 (Figure 7(b)): there are more review
opinions labeled 3 and 2, and some review opinions were
labeled 1. The distribution means that the trend of users’
opinion about the restaurant has moved from neutral to nega-
tive, and even to very negative. We notice that negative opin-
ions suddenly increased with several very negative reviews
during the time frame. Those reviews include “......service
was rude”, and “......items were cold and uninspiring”. These
reviews indicate that the level of service of the restaurant has
dropped in the given months.

2009-06 to 2010-02 (Figure 7(c)): there were more and
more review opinions labeled 1, 2, and 3. The trend suggests
that during this period, the users felt that the service of
the restaurant was not very satisfactory. Through checking
relevant textural reviews, we found that both very negative
and negative reviews grew in numbers. Most of reviewers
criticized “......the service is HORRIBLE”, and “The rest of
the burger was terrible”. These reviews indicate that the
service of the restaurant was unsatisfactory during the given
time period.

Interestingly, we have observed there are inconsistencies
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Figure 5: Experimental results on the resYelpNY dataset for binary opinion change detection.
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Figure 6: Experimental results on the resYelpNY dataset for fine-grained opinion change detection.

between the review content and their corresponding rating
scores from same users. For example, “Liz was awesome!
Totally great service and attentive...” is associated with a
rating score ’3’ given by the same user.

VI. CONCLUSIONS AND FUTURE WORK

In this work, we proposed a framework of opinion shift
detection from online reviews. Two components of the
framework are the fine-grained opinion classifier and the
opinion shift detector. The first component detects multi-
class opinions using the SEWE model and convolutional
neural networks. Our experimental results show the effec-
tiveness of our approach. The second component of our
framework is a sliding window-based detecting algorithm
that identifies the time intervals in which opinions shift.
Our experiments and discoveries of reviews show that the

proposed approaches are helpful to identify opinion shifts
about products or services.

In future, we will further improve the accuracy of opinion
classification from online reviews using our multi-class
sentiment classification algorithm. Moreover, to better un-
derstand the strengths and limitations of our method, we
will conduct more quantitative evaluations of the proposed
opinion shift detection approach.
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