
Research Article
Summarizing Online Movie Reviews: A Machine Learning
Approach to Big Data Analytics

Atif Khan,1 Muhammad Adnan Gul,1 M. Irfan Uddin,2 Syed Atif Ali Shah ,3

Shafiq Ahmad ,4 Muhammad Dzulqarnain Al Firdausi,4 and Mazen Zaindin5

1Department of Computer Science, Islamia College Peshawar, Peshawar, Pakistan
2Institute of Computing, Kohat University of Science and Technology, Kohat, Pakistan
3Faculty of Engineering and Information Technology, Northern University, Nowshehra, Pakistan
4Industrial Engineering Department, College of Engineering, King Saud University, P.O. Box 800, Riyadh 11421, Saudi Arabia
5Department of Statistics and Operations Research, College of Science, King Saud University, P.O. Box 2455, Riyadh 11451,
Saudi Arabia

Correspondence should be addressed to Shafiq Ahmad; ashafiq@ksu.edu.sa

Received 23 February 2020; Accepted 7 May 2020; Published 1 August 2020

Academic Editor: Shaukat Ali

Copyright © 2020 Atif Khan et al. )is is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

Information is exploding on the web at exponential pace, and online movie review over the web is a substantial source of
information for online users. However, users write millions of movie reviews on regular basis, and it is not possible for users to
condense the reviews. Classification and summarization of reviews is a difficult task in computational linguistics. Hence, an
automatic method is demanded to summarize the vast amount of movie reviews, and this method will permit the users to speedily
distinguish between positive and negative features of a movie.)is work has proposed a classification and summarization method
for movie reviews. Formovie review classification, bag-of-words feature extraction technique is used to extract unigrams, bigrams,
and trigrams as a feature set from given review documents and represent the review documents as a vector. Next, the Na¨ıve Bayes
algorithm is employed to categorize the movie reviews (signified as a feature vector) into negative and positive reviews. For the
task of movie review summarization, word2vec model is used to extract features from classified movie review sentences, and then
semantic clustering technique is used to cluster semantically related review sentences. Different text features are employed to
compute the salience score of all review sentences in clusters. Finally, the best-ranked review sentences are picked based on top
salience scores to form a summary of movie reviews. Empirical results indicate that the suggested machine learning approach
performed better than benchmark summarization approaches.

1. Introduction

With the expansion of Web 2.0 that highlights the in-
volvement of users, many websites such as a movie review
website, such as Internet Movie Database (IMDB) and
Amazon, persuade its users to write review/feedback for the
products they liked or purchased in order to improve the
satisfaction and spending experience of customers. Online
sellers usually demand their customers to provide reviews/
feedback on services or products they have obtained online.
)e reviews obtained by a product (movie) are rapidly in-
creasing as thousands of customers write reviews of the
product, resulting in an overload of information.

)is overloaded information makes it a challenging task
for a potential customer to glance over each product review
to make a quick decision whether or not to buy a product.
Meanwhile, it is also appalling for service providers or online
suppliers/product makers to record a large number of
customer reviews posted for different products/services [1].
In order to overcome the challenge of information overload,
an automatic review classification and summarization sys-
tem is needed [2]. In this research, we are going to focus on
the domain of movie review. Assuming the movies, con-
densing bulk of reviews obtained by a movie can assist the
viewers (customers) to quickly glance at the summary and
make a prompt decision whether or not to watch a movie.
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Furthermore, a movie review summary can support the
movie access providers, such as Netflix, to speedily recognize
the viewing patterns of their customers (users). )is study
introduced an automatic method that classifies and sum-
marizes the movie reviews. )e method will help a novice
and inexperienced user to swiftly recognize the positive and
negative features of a certain movie and therefore can
promptly decide whether or not select a movie to watch. )e
job of review mining/classification and summarization
(RCS) involves two steps: the former step is related to review
classification, which categories the movie reviews as negative
or positive. )e latter step is related to review summari-
zation, which produces a condensed summary from the
movie reviews.

Now a days, RCS has received significant consideration
in number of areas [3], such as from the feedback/opinions
given by people online about a political announcements or
news, the government can observe the effect of current
events (or policies) on the common public and take timely
and proper actions on the basis of available information. On
the other side, product reviews gather feedback/opinions
from users, and condensation of such user opinions en-
courages the online suppliers to be knowledgeable about
their products.

Review mining/classification [4] categorizes the reviews
as negative or positive. )ere are numerous approaches that
classify review document as negative and positive such as
approaches using dictionary and machine learning (ML)
approaches. Various ML approaches such as support vector
machine (SVM) [5], decision trees [6], and neural networks
(NNs) [7] are investigated for the problem of text classifi-
cation and have shown their efficiency in number of do-
mains. NB is a state-of-the-art ML algorithm and has been
verified to be very successful in classification problems re-
lated to textual data. )e classification outcomes taken by
NB are extraordinarily good. NB is commonly selected as a
baseline classifier for the problems of sentiment analysis and
text classification since it gives good accuracy along with
efficiency [8]. Consequently, this work decided to use NB for
categorization of movie reviews.

Other approaches, on the other hand, rely on the word
lexicon/dictionary to find the polarity of the review docu-
ments [9] and are therefore not capable of addressing do-
main-specific orientation.

Review summarization is a procedure in which a
summary is generated from a gigantic amount of review
sentences [10]. Numerous techniques such as supervised ML
based [5, 6] and unsupervised/lexicon based [10, 11] have
been applied for review summarization. )e lexicon-based/
unsupervised approaches are restricted to the lexicon words
and rely greatly on linguistic resources. On the other hand,
supervised ML methods have shown superior performance
over unsupervised approaches but are restricted to certain
domains. Prior studies show that text summarization
methods have utilized in a number of domains and produced
successful results [12–16]. )e summarization methods
create a short version of the original document, present it to
various users of the document, and keep the most significant
content of the document [17–20].

Numerous users frequently write large number of reviews
on review platforms such as IMDB, describing user‘s attitude to
a certain movie. Automatic mining/classification and sum-
marizing these large number reviews is therefore desirable.)is
study suggests an approach that automatically categorizes and
condenses the movie reviews by integrating the supervised ML
algorithm with a semantic clustering approach. )e working
mechanism of the approach is as follows: at first, it employs a
bag-of-words (BoW) technique to extract a feature set
(unigrams, bigrams, and trigrams) from movie. )e next step
makes use of Na¨ıve Bayes classifier, which takes feature vector
representation of movie reviews as input and predicts the
review label as positive or negative. For the task ofmovie review
summarization, the word2vec feature extraction method is
used to get features from classifiedmovie review sentences, and
then semantic clustering technique is used to cluster seman-
tically related review sentences. Different text features are
exploited to calculate the salience score of review sentences in
clusters. )e final step generates a movie review extractive
summary by picking the best-ranked sentences based on high
salience scores. )is work contributes in the following way:

(a) To use unigrams, bigrams, and trigrams as a feature
set for NB classifier to categorize the movie reviews

(b) To propose sentence embedding based semantic
clustering technique for extractive summary gen-
eration from movie reviews

(c) To evaluate the proposed method with other
benchmark methods in perspective of ROUGE-N (1,
2) assessment metrics

)e organization of different sections of paper is given as
follows. Prior studies related to the area of mining and
summarizing reviews are explained in Section 2. In Section
3, the suggested method is illustrated. Empirical results and
discussion are given in Section 4. Lastly, the conclusion and
future work are outlined in Section 5.

2. Related Work

First, we illustrate the relevant literature for mining of re-
views. Review mining is a procedure in which we extract,
analyze, and classify the subjective information and deter-
mine the sentiment/polarity related to a particular target.
Different approaches are suggested by many researchers for
the task of review mining [4], such as considering text of a
review document A � [a1, a2, a3, . . . , an] with a set of classes
B � (positive, negative), the task of review mining is to
classify every single review sentence ai in A [21].

Various review mining techniques such as sentiment
lexicon and ML approaches are attempted for mining of
reviews in diverse application domains [1, 5, 22, 23]. In [24],
the authors presented the difficulties and applications in the
field of review mining. Numerous ML algorithms [24–26]
are employed to classify opinions in documents. )ere are
two main categories of ML algorithms: (1) supervised ML
and (2) unsupervised ML. )ese algorithms accomplish the
polarity classification/opinion mining task by extracting and
selecting an appropriate feature set.
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A supervised ML technique such as SVM [5] is
employed for sentiment/polarity classification task of
movie reviews. Decision trees are used by authors in [6] to
classify opinion phrases (extracted from restaurant re-
views) as high or low informative. However, authors in [27]
attempted unsupervised techniques such as unsupervised
feature clustering with topic modelling to obtain labelled
features. )e authors in [28] presented OPINE system,
which makes use of relaxation labelling to identify the
semantic orientation/polarity of words. A pulse system
presented by authors in [29] mines topics from customer
feedback with their sentiment/polarity sampled from the
car review database. Next, a sentiment lexicon-based ap-
proach is discussed for review mining; there are two major
categories of lexicon-based approach: (1) corpus-based [11]
and (2) dictionary-based [30] approaches. A dictionary-
based approach combined with WordNet graph is intro-
duced by authors in [30] for polarity classification of movie
reviews. )e polarity/sentiment scores for the reviews are
calculated using a thesaurus such as Senti-WordNet [9].
)e drawback of such approaches is that they cannot tackle
domain and context-specific orientation as the same term
may have varied sense in different domains. A corpus-
based technique is proposed by [11] that utilizes a manually
annotated corpus of movie review. Linguistic features, e.g.,
nouns, adjectives, adverbs, and verbs, are obtained by
performing Part-of-Speech tagging on movie reviews. A
Senti-WordNet resource is exploited for calculating the
polarity/sentiment score of each document in the movie
review corpus. )e lexicon approaches greatly depends on
linguistic resources and are restricted to lexicon words.

Several review summarization techniques are also pro-
posed. Review summarization [4] picks the relevant text
from the document and presents it in concise form.)e final
summary may be a feature-based or general summary
covering relevant information of products (movie, camera,
and cellular phone) [4]. A summarization approach pro-
posed by the authors in [1] generates a feature-based
summary for product (cellular phone and camera) reviews.
Word attributes are used, along with synset in WordNet,
part-of-speech (POS), and occurrence frequency. )e final
summary was rearranged on the basis of extracted features.
An approach presented by authors in [5] used latent se-
mantic analysis (LSA) for identification of product (movie)
features from user reviews. To produce a review summary,
product features and opinion words are exploited to select
significant review sentences. However, the proposed ap-
proach was restricted to movie reviews in Chinese language.
Author in [3] demonstrated a multiknowledge approach for
summarization of movie review. In order to build a keyword
list for recognizing features and opinions, the approach uses
WordNet and labelled movie training data. Finally, on the
basis of extracted features, summary sentences are reor-
ganized. However, proposed approachmay not be capable to
detect effective feature-opinion pairs as the semantic rela-
tionship between features and opinion words cannot be
checked using grammatical relations. However, earlier ap-
proaches proposed for summarization of movie reviews are
restricted to the generation of product feature summary

while the general summary is not taken into account. Hence,
a summarization approach is proposed that integrates the
supervised ML algorithm with a clustering approach to
constitute a generic movie review summary.

Moreover, an unsupervised ML [31] based text sum-
marization approach has also been introduced for hotel
reviews. Different summarization methods have been ac-
tively operated in several domains, such as summarization of
news articles, patents, and webpages [32, 33]. A text sum-
marization technique is presented by the authors in [34] for
generating patents summaries. Proposed approach uses
various features such as cue marks and sentence position for
finding the sentence importance. )e approach in [35]
joined ontology tree with term TF-IDF technique to identify
keywords in order to retrieve the relevant text of a patent
document. Clustering is then exploited to collect important
sentences for summary generation. )e authors in [36] used
query expansion approach to produce a summary from the
collection of webpages. A statistical approach was presented
by [37] to constitute a summary from news articles. )e
articles sentences are given scores obtained from many
features such as sentence length, news article first sentence,
news article title, term frequency, and proper nouns. Finally,
top score sentences are selected for summary generation. A
pattern-based method is presented by the authors in [38] for
summarization of news articles. Each sentence score is
determined by addition of weights of the covered patterns.
Finally, the summary is formed by choosing sentences it-
eratively based on the minimum resemblance with sentences
that are selected previously and maximum score among all
candidate sentences.

In previous few years, several graph-based approaches
[39] have attracted more attention and have been success-
fully applied in area of text summarization. Such methods
employ PageRank (PR) algorithm [40] and other variants of
PR to determine rank score of graph vertices/nodes, which
show passages or sentences.

A connectivity graph-based technique is proposed in
[41], which assumes that vertices only hold important
content if they are linked to many other vertices/nodes. A
Lex-PageRank approach is introduced in [42] which is an
Eigen vector centrality-based approach; it makes a con-
nectivity matrix from sentences and exploits the similar
algorithm as PR to determine the relevant sentences. A PR-
like algorithm is also presented by the authors in [43], which
discovers relevant sentences to compose a summary. An-
other graph-based approach is presented by the authors in
[23], which explored subtopic features for multidocuments
and incorporated these features into the ranking procedure.
A summarization system based on affinity graph [44] ex-
ploits the algorithm similar to PR and computes sentence
scores on the basis of information richness in the affinity
graph. )e authors in [45] proposed a graph-based method
and discussed how the global information across the doc-
uments affects the selection of sentences. A generic multi-
document summarization using the weighted graphmodel is
introduced by the authors in [46], which fuses sentence-
clustering with sentence-ranking methods. A graph-based
method for summarizing several Vietnamese documents is
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presented by the authors in [47]. An event graph method is
demonstrated by the authors in [48], which constitute an
extractive summary of multidocuments. However, it in-
volves the creation of handcrafted extraction rules of ar-
gument, which is a tedious task. Our approach is discussed
in detail in the following section.

3. Proposed Methodology

In this section, the framework of the suggested work is
described as shown in Figure 1. )e framework covers four
core phases: preprocessing, feature extraction, reviews
classification, and extractive summarization of reviews.

3.1. Preprocessing. Data preprocessing in computational
linguistics is a vital procedure, which mainly reviews
summarization. Preprocessing of the review documents is
necessary for the efficient use of the documents before any
experiment is carried out. )e preprocessing phase includes
the following four steps.

3.1.1. Sentence Segmentation. It is the procedure of detecting
a boundary within a review document text and divides it into
sentences. Generally, different symbols (?) and (!) are used,
but we used period (.) to find the sentence boundary [49].

For instance, the following review document contains
some text: “I like the characters of this movie. )e movie is
simply awesome.”

After splitting the document, we obtain two sentences.

Segment 1: “I like the characters of this movie.”
Segment 2: “)e movie is simply awesome.”

3.1.2. Tokenization. )is step divides the review sentences
into distinct tokens (words). Usually, the primary indica-
tions such as blank character, tab character, and punctuation
symbols such as dot (.) and comma are utilized for toke-
nizing the review sentences into tokens.

3.1.3. Stop Words. Words with frequent occurrence in the
text are known as stop words. It comprises of conjunctions,
prepositions, articles, and frequently occurring words such
as “an,” “the,” “a,” and “I.” Stop words are those words that
carry tiny or no meaning in the review document, so re-
moving them from a document set is a good idea and helps
to improve the system performance. Buckley et al. [50]
suggested a stop words list, which is used in the proposed
work.

3.1.4. Word Stemming. It is salient procedure in the pre-
processing phase. It finds the derived words in the document
and converts them to their stem in order to catch the similar
notion. In this work, Porter’s stemming [51] is employed to
perform stemming by removing the word suffixes. For in-
stance, the words “plan” “planned” and “planning” will be
converted to its stem word “plan,” when the stemming al-
gorithm is applied.

Plan, planned, and planning⇒plan. (1)

3.2. Feature Extraction. An important feature extraction
method called bag-of-words (BoW) is performed in this
phase, to get feature vectors frommovie reviews. Using BoW
technique, a vector space model is generated to represent the
review document, while each vector space model dimension
indicates a feature. )is work utilizes unigrams, bigrams,
and trigrams as a feature set. Unigram indicates a single
word, while bigram denotes a sequence of two words and
trigram denotes a sequence of three words. )e features
extracted from the movie reviews denote all possible
unigrams, bigrams, and trigrams, while the feature values
indicate occurrences/frequencies of single word, two-word,
and three-word subsequences.

Example 1. Assuming the three movie review documents
(Rev-doc), and for the reason of ease, we have provided one
sentence from the review doc.

Rev-doc1: “He loved that film.”
Rev-doc2: “He disliked that film.”
Rev-doc3: “Great acting, a good film.”

From these review sentences, 7 distinctive words
(unigrams) are extracted. As said earlier, unigrams denote
the features which in our case are “performance,” “good,”
“great,” “disliked,” “loved,” “film,” and “that.” )e feature
vector representation of documents is also called a vector
space. )e features values shown in Table 1 denote the
unigram frequencies.

To achieve the improved accuracy of the sentiment/
polarity classification, the proposed work merges a feature
representation of unigrams, bigrams, and trigrams in order
to represent a review document. Bag of bigrams indicates a
two-word subsequence in NLP, for example, “great char-
acter,” “Awesome movie,” and “no excuse.” Bigrams such as
“good film,” “nice work,” and “great character” have positive
polarity, while bigrams such as “poor performance” and
“bad work” have negative polarity, and there are some
bigrams such as “is being” that possess neutral polarity. Bag
of trigrams indicates a three-word subsequence in NLP; for
example, trigram such as “performance good film” has
positive polarity but trigram such as “disliked that film” has
negative polarity/orientation.

However, the unigram-based BoW method divides a
two-word sequence such as “great film” into “great” and
”film,” and therefore the word “great” is assumed as positive
oriented. Bigrams and trigrams also assist to diminish the
dimension of vector space.)e bag-of-bigrams feature space
representation for the reviews in Example 1 is shown in
Table 2.

Table 3 shows the bag-of-unigrams and bigrams fea-
tures representation for the review provided in Example 1.
Table 4 shows the bag-of-unigrams, bigrams, and trigrams
features representation for the review provided in Ex-
ample 1.
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Bag of words
(Unigrams, bigrams, and trigrams feature set)

Movie reviews

Positive reviews Negative reviews

Sentence embedding

Semantic clustering approach

Sentence scoring based on features

Feature extraction

Review summarization

Input

Bayesian classifier
{Trained and tested with 10-fold cross-validation}

Top-ranked sentences
(Extractive summary)

Preprocessing

Reviews classification

Figure 1: Movie review sentiment classification and summarization.

Table 1: Unigrams based feature representation.

Review docs Acting Good Great Disliked Loved Film )at Class
Review-doc1 0 0 0 0 1 1 1 +ve
Review-doc2 0 0 0 1 0 1 1 −ve
Review-doc3 1 1 1 0 0 1 0 +ve

Table 2: Bigrams based feature representation.

Review docs Acting good Good film Great acting Disliked that Loved that )at movie Class
Review-doc1 0 0 0 0 1 1 +ve
Review-doc2 0 0 0 1 0 1 −ve
Review-doc3 1 1 1 0 0 0 +ve

Table 3: Combination of unigrams and bigrams features representation.

Review docs Acting Acting good Good Good film Loved that Film )at )at film Class
Review-doc1 0 0 0 0 1 1 1 1 +ve
Review-doc2 0 0 0 0 0 1 1 1 −ve
Review-doc3 1 1 1 1 0 1 0 0 +ve

Table 4: Combination of unigrams, bigrams, and trigrams features representation.

Review-docs Acting Acting good Acting good film Loved Loved that Loved that film Film )at )at film Class
Review-doc1 0 0 0 1 1 1 1 1 1 +ve
Review-doc2 0 0 0 0 0 0 1 1 1 −ve
Review-doc3 1 1 1 0 0 0 1 0 0 +ve
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3.3. Reviews Classification. )is phase employs a ML-based
classification algorithm for categorization of user’s reviews.
)e job of review classification is to categorize the cus-
tomer’s reviews as negative and positive. In this work, we
have employed the Na¨ıve Bayes (NB) classifier as it is both
robust and accurate classifier [52] and gave better results on
scalable datasets in comparison to the other benchmark
classification algorithms. Furthermore, the NB classifier is
very easy to use and therefore has numerous applications in
text classification problems [52].

At first, the NB classifier takes as input the feature
vector representation of movie reviews along with the la-
bels, to categorize the reviews. Probability/chance of a term
given certain category (negative or positive) in the review
document is computed based on occurrences a term
happened with that category. Here, the term is unigram,
bigram, or trigram. In our recently published work [53], we
used NB with just unigrams and bigrams as features for
review categorization, as shown in Table 2. However, the
features employed in this research work are combination of
unigrams, bigrams, and trigrams. In order to categorize a
new instance of review, the chance/probability of each
unigrams (single word), bigrams (2 words), and trigrams in
the review given target label (+ve) is computed, and then
overall probability/chance of the review given target label
(+ve) is determined by taking product of all terms prob-
abilities and the probability of the target class/label (+ve).
Likewise, the chance of the review given target label (−ve) is
estimated.

)e review is assigned a positive class if its chance/
probability given target label (+ve) is maximized; else a
negative class is given.)emathematical statement of Bayes’
theorem is given as follows:

P(A|B) �
P(B|A)P(A)

P(B)
. (2)

Assume that an unseen review instance document “I like
this film” is fed to the trained NB, which will categorize it as
either negative or positive. Here, the review instance is a
single sentence. At first, a feature representation of unig-
rams, bigrams, and trigrams is generated from review in-
stance document as given in Table 4. )e probability/chance
of the instance review given certain category (negative or
positive) is determined using the following equation:

(Doc|Class) � 

|Doc|

i�1
P W|ci( , (3)

whereas theDoc is the review instance document, |Doc| denotes
the length of review, and P(W|ci) is the probability/chance
of a term W in a review instance document given certain
category (+ve or −ve).

For classification of new instance document “I like this
film,” P(wk|ci) denotes the probability/chance of all terms
(unigrams, bigrams, and trigrams) given class ci (−ve or +ve)
in the instance document and is given as follows:

P wk|ci(  �
nk + 1

n +|VOC|
, (4)

where nk is the frequency/occurrence of the term wk

appeared in positive instances and n is the count of words in
positive instances. |VOC| shows the number of distinct
unigrams, bigrams, and trigrams in the review instance
documents. Equation (5) estimates the probability of the
instance review, and review is assigned a category (Ci �+ve
or −ve) if its probability given that category is maximum:

CNB � argmax
Ci∈C

P Ci(  
w∈words

P
w

Ci

 . (5)

3.4. Summarization of Reviews. )e purpose of this phase is
to condense the categorized reviews (both negative and
positive) to form a summary. )is phase includes five steps:
sentence embedding, clustering of semantically similar
sentences, text features extraction, selection of relevant
sentences from clusters, and movie summary generation.

3.4.1. Sentence Embedding. )is phase aims to split the
categorized reviews into sentences and build sentence em-
beddings from sentences collection. Sentence embeddings
are richer representations of text, which preserve infor-
mation regarding contextual meaning and syntax for the
given text and give superior performance in different NLP
tasks.

In order to get sentence embedding, we utilized the
word2vec model to get word embeddings/features for each
word in review sentences. )e pretrained word2vec model
[54] introduced by Google is employed to learn word em-
beddings/features for all words in each review sentence. )is
pretrained model is based on implementation of neural
network that exploits continuous BoW to learn distributed
feature representations of words. About 100 billion words
(taken from Google News dataset) are used to train this
model. )e length of word embedding/vectors is defined to
be 300 features.

Lastly, sentence embeddings are acquired by averaging
all word vectors appearing in the word2vec vocabulary;
otherwise, the words are ignored. Each review sentence is
now represented as numeric vector. Review sentences and its
numeric representations are saved and will be used in later
phase for choosing relevant sentences for summary.

3.4.2. Semantic K-Means Clustering. )e goal of this step is
to group semantically similar sentences using the semantic
K-means (KM) algorithm. )is algorithm is both effective
and simple in comparison to other clustering algorithms. It
is commonly used in industrial and academic applications
and is applicable to data with large number of dimensions.
However, the agglomerative hierarchical clustering algo-
rithm is not efficient with scalable data. KM is an unsu-
pervised iterative algorithm that strives to divide the data
into K predefined distinctive nonoverlapping sets called
clusters where each data point (Pt) goes to only one cluster.
)e Pts in our work indicate the review sentences (char-
acterized as sentence embeddings/vectors). In this study, we
used semantic k-means (SKM) clustering since it employs
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Euclidean distance between sentence embeddings (semantic
representation of sentence) of corresponding sentences.
Hence, it groups semantically similar sentences, which will
decrease overlapping review sentences and eventually pro-
duce distinct review sentences in the summary. )e basic
objective of the SKM algorithm is to reduce the sum of
semantic distances (errors) between data points (Pts) and
their corresponding cluster centroids.

j � 
k

j�1


n

i�1
x

(j)
i − c

2
j

�����

�����, (6)

where k is the number of cluster centroids, n is the number
of sentences in the collection, x

(j)
i refers to a sentence that

belong to jth cluster, and Cj refers to centroid of jth cluster.
)e semantic K-means clustering algorithm is illustrated

as follows: (Algorithm 1)
We used the “elbow method” for calculating the opti-

mum number of cluster centroids. For varied values of k (i.e.,
no. of clusters), the SSE value (sum of squared error) is
calculated between Pts and their corresponding cluster’s
centroids. In this study, the optimal clusters determined
based on “elbow method” are k� 10.

)e summary length depends on the number of clusters
that are formed. )us, the final extractive summary will be
produced from high scored 10 representative sentences
taken from ten (10) clusters based on diverse text features, as
explained in next step.

3.4.3. Extraction of Text Feature. Different text features play
a substantial role in the selection of relevant content for
summary. Different text features that have been chosen for
this study include length of sentence [55], proper noun
feature [56], and some other features like TF-IDF and se-
mantic similarity among sentences. )e rationale behind
these features selection is that they have been widely applied
in text summarization research [56]. Moreover, these fea-
tures have been proven to be effective and relevant for
summarization task of reviews based on empirical obser-
vations. )erefore, this study takes into consideration the
contribution of all text features rather than a few in the
content selection for summary [56]. Score of each text
feature is normalized in the range 0 to 1.

(1) Length of Sentence. )is feature is determined as the ratio
of number of words in review sentence to the maximum
length sentence.

Sentf1 �
No. of words in review sentence

Max length of Sentence
. (7)

(2) Sentence to Sentence Average Semantic Similarity. )is
feature computes the similarity of each review sentence Senti
with other review sentences in the cluster, then summarizes
the obtained similarity scores of the review sentences, and
divides it by maximum similarity score. We used the
word2vec model for generating sentence vectors from
sentences as discussed in Section 3.4.1, and cosine metric is

exploited to calculate the semantic similarity (sim) between
any given review sentence vectors. )us, a sentence with
maximum average semantic similarity with all other sen-
tences is a good candidate for summary.

Sentf2 � 
n

i�1,j�2

sim senti, sentj 

max sim senti, sentj  
. (8)

(3) Proper Nouns. A sentence that includes large number
proper nouns (PNs) is assumed as salient and needs to be
part of summary.

Sentf3 �
No. of PNs in review sentence

Review sentence length
. (9)

(4) Number of Nouns and Verbs. Another important feature
for finding sentence importance is checking the number of
nouns and verbs in a sentence.

Sentf3 �
No. of nouns and verbs in review sentence

Review sentence length
. (10)

(5) Sentence Similarity to Centroid of Cluster. A sentence that
is more similar (closer) to the cluster centroid is considered
to be important for summary generation.

Sentf4 � Sim (review sentence, cluster centroid). (11)

(6) Term Frequency-Inverse Document Frequency (TF-IDF).
Sentences with high TF-IDF scores are deemed salient for
summary generation [57]. )e TF-IDF score for any review
sentence is the ratio of summation of TF-IDF weights of all
terms (tokens) in a review sentence over the sentence with
max TF-IDF score in the collection of review sentences.

Sentf6 � TF × IDF � TF × log
N

ni

. (12)

3.4.4. Selection of Top-Ranked Sentences from Clusters. In
this last step, we select sentences with the highest rank score
from all cluster on the basis of textual features demonstrated
in Section 3.4.3; the text features scores are computed for
each sentence in clusters; hence, a vector is constructed using
6 text features to represent each sentence, i.e.,
Sent � [Sentf1, Sentf2, Sentf3, Sentf4, Sentf5, Sentf6]. Once
the features score for each review sentence is obtained, then
the sum of features score is taken to obtain the score of each
review sentence as defined in the following equation:

Score(Sent) � 
6

k�1
Sentfi

, (13)

where Score(Sent) stands for the review sentence score and
Sentfi

shows the sentence features score. As equation (13)
determines the sentence score, then the sentences in each
cluster are arranged based on their scores, and the high
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scored sentences are selected from each cluster. Since this
work has chosen 10 optimal clusters, ten relevant sentences
are taken from 10 different clusters to compose the extractive
summary.

4. Experimental Settings

4.1. Evaluation Data. Our approach consists of two mod-
ules. )e first module utilizes NB classifier to categorize the
review as positive or negative. )e second module is se-
mantic clustering approach, which aims to produce sum-
mary from movie reviews. In order to assess the first
module (NB classifier), we set up two classification tasks
(sentence level and document level) in the area of movie
reviews.

We utilized two public datasets for movie reviews for
classification task at document level. )e first dataset is
provided by Pang and Lee (http://www.cs.cornell.edu/
people/pabo/movie-review-data/) [58], which consists of
2000 movie reviews (ver. 2). Both +ve and −ve reviews are
same in number. )e second review labelled dataset de-
veloped by Andrew [54] contains 50,000 reviews taken from
the IMDB dataset. )is dataset is evenly distributed, i.e.,
25000 train sets and 25000 test sets. In order to assess the NB
classifier for classification problem at sentence level, we used
Pang and Lee dataset [58], which consists of same number
(500) of subjective and objective sentences.Wemeasured the
effectiveness of NB classifier with feature set (unigrams,
bigrams, and trigrams) against other variants including,
unigrams and bigrams [53] and the benchmark model [54],
with respect to classification accuracy on three different
assessment tasks. )e benchmark model fuses unsupervised
and supervised learning approaches to learn word embed-
dings/vectors to capture semantic and sentiment informa-
tion from document.

4.2. Experimental Steps. At first, we cleansed the movie
reviews by applying the preprocessing techniques. As dis-
cussed earlier, our approach mainly consists of two modules;
the former performs the classification job and the latter
performs review summarization. In order to accomplish the
classification task of the reviews, we used stratified 10-fold cross
validation (SCV) technique to train and test NB classifier on
three different review datasets. SVC decides the folds in such a
manner that each fold approximately includes same proportion
of target labels. For classification task at document level, we
used two data collections, PL04 and Full IMDB as depicted in

Table 5. However, we used subjectivity data collection for
subjectivity classification job at sentence level.

We assessed the accuracy of NB classifier with varied
feature sets and the accuracy of benchmark model [54] for
the job of sentiment classification as given in Table 5. )e
benchmark model fuses supervised and unsupervised
learning approaches to learn word embeddings/vectors in
order to catch both semantic and sentiment information.

Referring to Table 4, Line 1 describes that the NB al-
gorithm with unigrams features on small scale review
datasets (Subjectivity & PL04) performed better than NB
with bigrams features in terms of accuracy. However, Line 2
demonstrates that NB with only bigrams features gave
highest accuracy on huge IMDB dataset. Referring to our
recently published work [53] in Line 3 indicates that fusing
of unigrams and bigrams features has enhanced the clas-
sification accuracy of NB. Line 4 indicates that the accuracy
of NB classifier is further boosted on IMDB dataset when
unigrams, bigrams, and trigrams features are combined, but
it slightly dropped down on other smaller datasets.

Line 5 illustrates that unigrams features counts when
weighted with smoothed IDF and applied cosine normali-
zation, it is observed that classifier accuracy slightly de-
graded on smaller datasets while the classifier accuracy
boosted on IMDB dataset. Line 6 indicates that bigrams
feature counts after weighting with IDF and cosine nor-
malization improved the accuracy on all data collections.
Referring to our recently published work [53], Line 7 il-
lustrates that when unigrams and bigrams features are
combined and their occurrences are weighted with
smoothed IDF and applied cosine normalization, then NB
with such feature set [53] exceeded the benchmark model
and other models with varied features with respect to
classification accuracy on subjectivity data collection.

Line 8 illustrates that when unigrams, bigrams, and
trigrams features are combined and their occurrences are
weighted with smoothed IDF and applied cosine normali-
zation, then NB with this feature set exceeded the bench-
mark model and other models with varied features with
respect to classification accuracy on large IMDB and sub-
jectivity data collections; however, NB showed poor per-
formance as compared with the benchmark model on PL04
data collection.

Once the NB classifier categorizes the reviews as positive
or negative, the suggested approach uses a clustering
technique to create a summary from the categorized reviews.
At first, sentence embedding step uses the word2vec model
to extract semantic representation from the categorized

(1) Pick the number of clusters, K
(2) Initialize cluster centroid by randomly choosing K random points from given data as cluster centroids
(3) Determine the summation of squared distance between data points (Pts) and all the other cluster centroids
(4) Allot each data point (Pt) to the nearby cluster centroid
(5) Recompute centroids of the new clusters by getting mean of the all data points belonging to each cluster
(6) Repeat steps 3 to 5 until centroids in new clusters do not change

ALGORITHM 1: Pseudocode of the semantic K-means clustering algorithm.
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review sentences, and then the clustering approach is uti-
lized to group semantically similar review sentences into
clusters. Finally, the high ranked review sentences in each
cluster are determined based on six text features and are
combined to constitute the summary.

We briefly discuss about smoothed IDF and cosine
normalization or Euclidean L2 norm. In a large movie re-
view corpus, several words such as “a,” “this,” and “and”
carry slight significant information about the actual text of
the review document. If a classifier is given a direct data
count, then frequent terms will overshadow the more

interesting terms having lesser frequencies. )us, we used
TF-IDF transform to reweight the count features that are
appropriate for use by a Bayesian classifier.

TF indicates term-frequency, and TF-IDF shows term-
frequency multiplied by inverse document-frequency:

TF − IDF(t, d) � TF(t, d) × IDF(t). (14)

We used TfidfTransformer class with its default settings
from scikit learn library in Python Language for computing
TF-IDF.

TfidfTransformer (normalization � L2, used − idf � True, Smoothed − idf � True). (15)

In order prevent division by zero, smooth IDF is set to
true, which means the constant 1 is added up to both nu-
merator (nrm) and denominator (den) of IDF as if an ad-
ditional document was appeared, which contains every term
(token) in the corpus exactly once. Smoothed IDF is
computed as follows:

IDF(t) � log
1 + n

1 + DF(t)
+ 1, (16)

where n is the number of documents in the document
collection and DF(t) is the frequency of documents in the
document collection that contain the term t.

)e resulting TF-IDF matrix is obtained from the
product of TF and smoothed IDF. )e tf-idf matrix is then
normalized by the Euclidean L2 norm (also called cosine
normalization), which is the square root of the sum of the
square of each term’s tfidf weight.

Vnorm �
v

‖v‖2
�

v
��������������

v
2
1 + v

2
2 + · · · + v

2
n

 ,
(17)

where vnorm represents the normalized form of TF-IDF
matrix.

In order to assess our approach, we establish two
standard graph-based summarization approaches called
LexRank [59] and TextRank [60]. )e LexRank method
makes a graph from review sentences and uses eigenvector
centrality to compute the relevance score of each review

sentence. )e method first makes a connectivity matrix,
which indicates the intrareview sentence cosine similarity
score and then constructs adjacency matrix based on con-
nectivity matrix. )e TexRank method, on the other hand,
makes a graph representation of review sentences and de-
cides the importance of review sentence by utilizing global
information from the graph. )e edge weight in both graph
methods is computed from content similarity of the given
review sentences. However, our semantic clustering ap-
proach makes use of semantic distance between review
sentences to capture semantically related review sentences.
In our recent work [53], we extract semantic representation
of review sentences and then find pairwise semantic simi-
larities between review sentences in to build a semantic
matrix. An undirected weighted graph is constructed from
the matrix in a manner that the nodes indicate review
sentences, whereas the edges of graph designate semantic
similarity weight. )e modified ranking algorithm is then
applied to find the relevance score for each sentence in the
graph. Lastly, the highest scored review sentences (graph
nodes) are picked to constitute the movie review summary.

In order to assess our approach and other standard graph
methods for generic review summarization task, we used
ROUGE-N (1, 2) assessment measures.)e evaluation task is
multidocument summarization since summaries are pro-
duced from many movie reviews.

)ere exists a few variations of ROGUE such as ROUGE-
N (N� 1, 2, 3, and 4), ROUGE-L, and ROUGE-SU.

Table 5: Movie reviews classification accuracy on three tasks: PL04 dataset contains 2,000 movie reviews and is used as standard data
collection for the classification problems in sentiment analysis [58], Full IMDB data collection includes 50,000 reviews, and subjectivity data
collection comprises of 1000 review sentences [58].

NB with features PL04 Full IMDB Subjectivity
1 Unigrams features 81.5 86.66 90.75
2 Bigrams features 77.7 88.29 76.03
3 Unigrams + bigrams feature set [53] 82.4 88.91 91.22
4 Unigrams + bigrams + trigrams feature set 80.15 89.22 91.18
5 Unigrams occurrence + smooth IDF+ cosine norm 82.1 87.36 90.7
6 Bigrams occurrence + smooth IDF+ cosine norm 81.15 88.31 76.72
7 Unigrams + bigrams + smooth IDF + cosine norm [53] 83.7 89.28 90.91
8 Unigrams + bigrams + trigrams + smooth IDF+ cosine norm 83.15 89.33 90.87
9 Benchmark model [54] 88.90 88.89 88.13
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However, ROUGE-(1-2) are successfully tried for summa-
rization task dealing with multidocuments [61]. ROUGE-N
is illustrated [61] as an intersection of n-grams between

system (machine) summary and human summaries and is
given as follows:

ROUGE − N �
S∈ Reference Summaries{ }gramn∈ SCountmatch gramn( 

S∈ Reference Summaries{ }gramn∈ SCount gramn( 
, (18)

where countmatch (gramn) is the total n-grams that appear at
the same time in a system (machine) summary and human
written summaries.

Other metrics such as precision, recall, and F-measure
for machine (system) summary are defined as follows:

precision �
system summary ∩ human summary

system summary
,

recall �
system summary ∩ human summary

human summary
,

F − measure � 2 ×
precision × recall
precision + recall

.

(19)

Tables 6 and 7 demonstrate the assessment outcomes of
our work and other summarization approaches based on
ROUGE-N (N� 1, 2) measures. )e empirical results are
obtained on randomly selected even subset of movie reviews
as illustrated above.We hired 2 Ph.D. researchers specialized
in NLP and requested them to write summaries of 10
sentences for the each subset of reviews.

Given the ROUGE-1 results shown in Table 6, our sug-
gested clustering method surpassed the other summarization
methods in terms of mean precision, F-measure, and recall. On
the other side, the LexRank method gave superior summari-
zation results as compared with the TextRank method.

Similarly, given the ROUGE-2 results shown in Table 7,
the suggested clustering approach still gave excellent results
in comparison to other summarization approaches based on
mean precision, F-measure, and recall.)e LexRank method
also remained consistent to give better results than TextRank
in terms ROUGE-2 measures.

)e summarization results for the proposed approach and
other summarization approaches obtained using ROUGE-N
(N� 1, 2) are visualized in Figures 2 and 3, respectively.

4.3. Discussion. )is section demonstrates the assessment
results of review classification and summarization ap-
proaches given in the previous section. In this work, we

suggested to employ NB classifier with feature set (combi-
nations of unigrams, bigrams, and trigrams) for polarity
classification of reviews. We assessed accuracy of NB clas-
sifier with varied feature sets in the context of three standard
movie review datasets (PL04, IMDB dataset, and subjectivity
dataset). Based on the empirical results shown in Table 5, we
concluded that the most efficient feature set for NB classifier
is the combination of unigrams, bigrams, and trigrams since
such feature set drastically boosted the classification accu-
racy. For the task of review summarization, the suggested
approach and other standard graph methods are assessed in
terms of mean precision, recall, and F-measure attained with
ROUGE-N (1, 2) metrics.

It can be examined from ROUGE-1 and ROUGE-2 results
in Tables 6 and 7 that the proposed method outperformed the
standard graph-based summarization methods and got supe-
rior results in terms of precision, recall, and F-measure. In
terms of summarization results, the LexRank method came on
second position while the TexRank method came on third
position. On the other hand, the proposed method has out-
performed our recent work for review summarization in terms
of ROUGE-1 measures, but it has slightly degraded in terms of
ROUGE-2 measures compared with our recent work. )e
proposed approach makes use of the pretrained word2vec
model to get word embeddings/vectors for all words in review
sentences. )e feature vector space for review sentences is
determined by taking mean of all word embeddings/vectors in
each review sentence. )e approach then applies the semantic
K-means (SKM) clustering algorithm to cluster semantically
related sentences by making use of Euclidean distance measure
on feature vector representation of sentences. )e high scored
representative sentences in each cluster are picked based on six
text features, and these sentences are combined to make a
summary of movie reviews. )e experimental outcomes val-
idate that the proposed semantic clustering algorithm em-
bedded with semantic distance significantly enhanced the
summarization results.

)e paired-samples T-test procedure is applied to vali-
date the summarization results. It is used to compare the
average of two results obtained for the same test set and
attained low significance values of 0.037, 0.029, and 0.027 for

Table 6: Summarization approaches assessed with ROUGE-1 measures.

Approaches Average precision Average recall Average F-measure
Proposed approach 0.490 0.499 0.494
Recent work [53] 0.48485 0.47925 0.482
LexRank approach [59] 0.392 0.399 0.396
TextRank approach [60] 0.245 0.255 0.250
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average precision, recall, and F-measure, respectively. )e
results of the proposed approach and other graph ap-
proaches are statistically significant as we obtained low
significance values of 0.04 for the T-test.

5. Conclusion and Future Work

)is study attempted to propose an approach that combines
both supervised and unsupervised learning to categorize the

reviews as positive or negative and then summarize (con-
dense) the categorized reviews in the domain of movie
review. )e suggested approach is quite generic and can
apply to any certain domain provided that the training data
for that domain are available.

For task of review polarity classification, we discovered
that Näıve Bayes classifier with feature set of unigrams,
bigrams and, trigrams performed extraordinary well as
compared with the benchmark method. We further noticed
that the NB classifier accuracy was further enhanced when
count of features (unigrams, bigrams, and trigrams) was
weighted with IDF.

Finally, we applied the semantic clustering approach to
summarize (condense) the categorized reviews in order to
provide a gist of large number of movie reviews. It has been
verified from the experimental findings that the proposed
approach outperformed the standard graph-based sum-
marization methods.

We are planning to use deep learning models such as
long short-term memory (LSTM) to produce abstracts from
movie reviews. In addition, we spread our approach to other
fields/domains and study the efficacy of the proposed
technique.
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