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Abstract
To find out what other people think has been an essential part of information-gathering behaviors. And in the case of 
movies, the movie reviews can provide an intricate insight into the movie and can help decide whether it is worth spend-
ing time on. However, with the growing amount of data in reviews, it is quite prudent to automate the process, saving 
on time. Sentiment analysis is an important field of study in machine learning that focuses on extracting information of 
subject from the textual reviews. The area of analysis of sentiments is related closely to natural language processing and 
text mining. It can successfully be used to determine the attitude of the reviewer in regard to various topics or the overall 
polarity of the review. In the case of movie reviews, along with giving a rating in numeric to a movie, they can enlighten 
us on the favorableness or the opposite of a movie quantitatively; a collection of those then gives us a comprehensive 
qualitative insight on different facets of the movie. Opinion mining from movie reviews can be challenging due to the 
fact that human language is rather complex, leading to situations where a positive word has a negative connotation 
and vice versa. In this study, the task of opinion mining from movie reviews has been achieved with the use of neural 
networks trained on the “Movie Review Database” issued by Stanford, in conjunction with two big lists of positive and 
negative words. The trained network managed to achieve a final accuracy of 91%.
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1 Introduction

Before the worldwide feast of the Internet, opinions were 
frequently sought out from acquaintances and friends’ 
circles. Throughout the decision-making process, an 
important piece of information is the opinions of other 
people. Nowadays due to the dawn of big data and Inter-
net usage escalation, gathering opinions from masses on 
a specific subject is possible, which helps to obtain well 
insights on that subject. With the increasing number of 
Web sites, blogs, social media platforms, and reviews, there 
are millions of users who express their sentiments on these 
platforms and Web sites. The analysis of these opinions 
and sentiments is necessary and challenging for various 

evaluation processes. Sentiment analysis is the technique 
of identifying significant and individual data from a col-
lection of source materials that contain unacknowledged 
information of people’s perspectives [1]. People usually go 
over blogs, social networking Web sites like Facebook and 
Twitter and review sites like IMDB and rotten tomatoes to 
know about the cast and crew of the movie, review, and 
ratings [2]. To automate the organization and categori-
zation of sentiment from sentiments reviews, sentiment 
analysis uses text analysis, natural language processing 
(NLP), and computational techniques [3]. As of today, 
numerous Web sites permit users to post their opinions 
which help them to get better insights into their product 
or services. The aim of sentimental analysis is examining 
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and determining the attitude of users in regard to various 
domains, i.e., “negative or positive.” The sentiment score 
and the sentiment polarity are two important issues for 
sentimental analysis. Sentiment polarity can be repre-
sented as a binary value (1,0) which can be negative or 
positive. It concerns words in the “Bag of Words” model 
while neglecting the order of words and grammar of the 
concerned language. A model is known as POS tagging 
which tags language grammar, particularly (adverbs, 
verbs, and adjectives). For example, “The book is not good.” 
transforms into determiner (DT)/The, noun (NN)/book, 
verb (VBZ)/is, adverb (RB)/not, adjective (JJ)/good. The 
semantic relationship defined above is referred to as the 
most complex method, and it disregards rational meaning. 
Sentiment analysis/opinion mining used natural language 
processing (NLP) to obtain desired information from con-
cerned resources. Sentiment analysis is mostly used for 
the reviewing of various products in different application 
domains, for instance market research and customer ser-
vice, etc. For sentiment categorization, the efficiency of the 
sentiment lexicons at the sentence level and document 
level was evaluated using a news headlines dataset and a 
dataset of Amazon product review [4]. The major purpose 
of sentimental analysis is to evaluate all opinions to calcu-
late the cumulative polarity of reviews for concerned top-
ics based on levels of classification, for instance negative or 
positive. Existing concurrences of available reviews could 
be divided into four levels:

Document level, sentence level, word level, and entity/
aspect level.

1.1  Applications of sentimental analysis

Applications of sentimental analysis sneaked into an 
extensive array of domains, which include financial ser-
vices, customer services, and products, healthcare, politi-
cal and social events. Sentimental analysis applications 
are given a firm ground for research in various industrial 
interests. For example, in [5] using a sentimental model 
sales performance was predicted so well. In [6], for cat-
egorizing and ranking merchants and product review 
analyses method was used by the author. In [7], the 
author relates Twitter sentiments to the opinion of the 
public on polls. In [8], the author successfully predicted 
election results using a Twitter sentiment. In [9], a new 
mechanism was discovered for predicting the volume 
of comments on political blogs. Nowadays, the Internet 
turns out to be a major platform for evaluation of public 
sentiments. The number of active users on the Internet 
predicted to be 5 billion by 2020, so there will be huge 
numbers of reviews produced each day on the Internet 
worldwide [10]. In [11], a new study label around 90% 
of users investigates online about their desired product 

and their decisions majorly influenced by online reviews 
about those products. In [12], around 80% of the client’s 
confidence is totally based on personal review recom-
mendations available online. In this study, we aimed to 
create a trusted scientific method for evaluation of movie 
reviews available online. For the purpose of sentimental 
analysis, we used IMDB extensive in design database of 
movie reviews issued by Stanford and explored exten-
sively to apply machine learning techniques (Fig. 1).

1.2  Evaluation of sentimental analysis and its 
achievements

The evaluation of sentimental analysis heavily depends 
on the word level. The structures of reviews are gener-
ally short, so the Bag of Words (BoW) mechanism is the 
most efficient model for analyses purpose. For this study, 
we used an enhancement BoW mechanism as a baseline 
to evaluate and analyze sentimental reviews. Enhanced 
BoW mechanism proposed in this study also carries an 
easy resolution of challenges usually faced, and the 
accuracy is improved to a great extent. Each group of 
available reviews has a different effect on the score of 
evaluation as it got various features and keywords. The 
polarity of sentiment can be classified into binary, such 
as Negative vs. Positive.

Comparative evaluation and system score The com-
parative evaluation of system score proposed as new 
criteria for evaluation of reviews. For the measurement 
of efficiency, a brief comparison is done between the 
proposed method and other methods based on Accuracy 
and Performance.

We trained multilayered perceptrons on a database of 
IMDB movie review by Stanford along with 5000 nega-
tive words and 2000 positive words, which gives around 
87% accuracy while testing and around 92% of accuracy 
when training.

Fig. 1  A simple representation of neural network
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2  Literature review

In this section, we will discuss the sentimental analysis 
and major factors affecting it. Opinion mining also refers 
to sentiment analysis which is a computational study of 
reviews, opinions, sentiments, views, and evaluations, 
etc. The rapid growth of the Internet has produced 
massive amounts of multilingual information that has 
been available on different information channels [13]. 
Nowadays, the scrutiny in evaluating the statistics drawn 
from social media has been growing because it provides 
a platform for users to express their views toward things. 
In this multi-language environment, one challenging but 
desirable task is to integrate the information in different 
languages. For this purpose, sentiment detection is used 
which is an essential process of text analysis in which 
the primary target is the recognized sentiment within 
a specific text. Currently, sentiment analysis detec-
tion approaches fall under three categories, which are 
(I) knowledge-based, (II) statistical methods, and (III) 
hybrid approach. Every method has its strengths and 
weaknesses [14]. The effectiveness of the sentiment 
lexicons for sentiment categorization at the document 
level and sentence level was evaluated using an Amazon 
product review dataset and a news headlines dataset. 
Modern and emerging strategies of sentiment detection 
make use of text illustration nested on semantic vector 
spaces. Many researchers have used machine learning 
approaches to detect negation and prediction in sen-
timent analysis [15]. According to recent reports pub-
lished in 2019 [13], the quantity of non-English pages is 
swiftly growing because the growth rate of English Web 
sites is much lower than many other languages such as 
Arabic, Chinese, or Spanish. Around 50% of the Web sites 
on the Internet are written in non-English languages, 
and this number is still increasing.

Before we discuss sentimental analysis, we must 
be aware of the term sentiment. Sentiments can be 
described as feelings, emotions, opinions, or judgments 
[16]. In this study, our focus is not on emotions or feelings 
while the actual emphasis on sentiments or opinions, 
while opinions and sentiments are often exchangeable. 
We have two major types of documentary information: 
opinions and factual information. While opinions are 
known as subjective lex that are used to identify views 
of people’s feelings or sentiments toward characteristics 
of events, objects, or entities, facts are objective expres-
sions about events, entities, objects, features, and their 
physiognomies. Sentimental analysis (sentiment clas-
sification, opinion mining, polarity classification, senti-
ment mining, subjectivity analysis, appraisal extraction 
or review mining) deals with computational processing 

of subjective, opinions, and sentiments [17]; its plan is to 
understand the opinion or attitude of users with respect 
to a certain goal or topic. The defiance of the user could 
be reflected by her/his evaluation or opinion, her/his 
effective circumstances (while the recording of opinion, 
what are feelings of users), or the emotive persistence 
communication (while reading the opinion of the user, 
what are the effects situated on the reader).

Furthermore, it ought to be noted that subjective (in 
context) does not mean something is not true [18]. In the 
sentimental analysis, cramming the subjective language in 
the context of a conversation or text is the language used 
to swift a private state. The rising eminence of sentimental 
analysis can play an important role in response to both 
post-factual and datafication, stressing emotion in areas of 
inquiry previously understood primarily in analytical and 
rational terms [19]. In [20], the author acknowledged an 
individual situation as a universal wrap term for assess-
ment, evaluations, opinions, and emotions. There are three 
critical types of subjective expressions concerning.

Nevertheless circumstances: e.g., “He was boiling with 
anger,” with references to writing or speech: e.g., “The 
editors of the left-leaning paper attacked the new house 
speaker” and concerning communicative subjective enti-
ties: for instance, “That doctor is a quack,” etc.

It was mentioned earlier that the number of online 
users is in billions, who use the Internet broadly all over 
the day and read/write online. So, for the decision-making 
process, day-to-day sentiments available online turn out 
to be the most substantial issue. Extensive survey research 
by “Dimensional Research” discusses the percentage of 
customer trust affected by online reviews for personal 
endorsements. According to a study conducted in 2011, 
74% of client’s sureness is based on online reviews of per-
sonal recommendations, according to research in 2012, it 
was 60%, and according to study in 2013, it was 57%. But 
a survey conducted in 2014 states a huge increment with 
respect to a percentage as it was 94% [21]. The growth of 
sentimental analysis from the media industry across the 
communications and advertising arena has piloted in a 
new concentration in the feeling quantification, as well as 
newly oriented radical turmoil and affect that also joins 
into procedural discussions within the social sciences [22].

A technique that is widely utilized for a variety of appli-
cations, ranging from customer service to marketing for 
online reviews and social media, is known as sentiment 
analysis. Sentimental analysis has an approach that can 
be used to construct a lexicon that has information about 
positivity or negativity of phrases or words. For instance, 
a blatantly attainable lexical resource of each WordNet is 
SentiWordNet. Synset is attributed to unfold how negative, 
positive, and objective terms are [23]. These lexicons can 
be acquired automatically or compile manually. The lexical 
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annotation usually was done manually, and to classify a 
new batch of phrases or words, large sets of features are 
used to train classifiers. The critical issue with polarity clas-
sification (document classification) is to determining over-
all characteristics of sentiment for the whole document, 
whereas actual sentiment can be expressed within one 
word or sentence. Sentimental analysis has been exten-
sively explored in many text domains, including movie 
reviews, product reviews, tweets, and so on [24]. In another 
scenario, the sentiment could be implicitly expressed, so it 
is tough to classify and detect. However, for classification 
of sentiment very beneficial information can be obtained 
through context around these concealed sentiments. Due 
to division in the field of sentiment analysis, sentiment 
classification is often based on document level, sentence 
level, and word level. Another approach for sentiment min-
ing is on the web. The aim of web-based opinion mining is 
to extract summarized and tracking of various aspects for 
subjective information [25]. Synopsizing opinion mining 
defection (also called sentimental analysis) refers to the 
usage of CL (computational linguistics), TA (text analysis), 
and NLP (natural language processing) to extract and iden-
tify subjective information in source materials.

In sentiment analysis system, Lexicon plays an impor-
tant role. In most existing sentiment lexicons, each sen-
timent phrases or words are given a score or sentiment 
label. A new unsupervised approach was proposed in 
[26] for constructing a target-specific sentiment lexicon 
to extract opinion targets which classify sentiment polari-
ties of opinion pairs accurately. The method achieves both 
recall in extraction and high accuracy. The framework 
extracts and integrates different sources of sentiment 
information.

3  Methodology

Previously, sentimental analysis of text or more precisely 
negative/positive classification depends on using a clas-
sifier and a dataset that applies the classifier into sets of 
two such as negative −ve and positive +ve. During the test 
phase, an increased number of documents informatively 
exhibited so that the classification result will be more 
accurate. Generally, sentiment detection using machine 
learning techniques is divided into two types: supervised 
method and unsupervised methods. Supervised methods 
focus on creating sentiment classification models by labe-
ling the dataset or the document and thus help in making 
proper decisions, whereas in unsupervised methods, the 
dataset or the document is not labeled; instead, they rely 
on the statistical features of the documents. For this pur-
pose, clustering algorithms are used for sentiment analysis 
in this approach [1, 27, 28]. With the increasing sentiment 

analysis techniques, the tools, APIs, and libraries used 
for sentiment analysis have also been growing. Different 
researchers have developed various platforms for senti-
ment analysis. Stanford Sentiment Treebank [29], Natural 
Language Toolkit (NLTK), which also makes it possible to 
remove stop words [30], Movie Review Data [31], and Text-
Blob [32] are some sentiment analysis tools and libraries 
built in python [1]. In sentiment analysis, the lexicon-based 
approach is also used, which relies on sentiment lexicons 
having positive, negative, and neutral terms or tones. The 
sentiment detection based on lexicon-based properties 
depends upon the co-occurrence of a set of words con-
tained by a sentiment lexicon [27, 33].

3.1  BoW (Bag of Words)

A model defined in [34] is widely used for classification of 
supervised text [6], “Document is a nonordered collection 
of words, word order is expressed even if the grammar is 
ignored.” During the training in this model, the sentiment 
dictionary is built using BoW to rely on training informa-
tion and is used to describe the test procedures between 
positive and negative documents. For example, if you have 
the following two documents: (1) smoking is very bad to 
health and (2) smoking should be prohibited in public 
areas. The dictionary is based on the BoW: dictionary = , 
1: “smoking,” 2: “is,” 3: “very,” 4: “bad,” 5: “to,” 6: “health,” 7: 
“should,” 8: “be,” 9: “be,” 10: “in,” 11: “public,” 12, “areas.” There-
fore, the feature vector for each document is a diction-
ary built based on “12 dimensions.” As evidenced by the 
discussion of emotion analysis, the emergence of “word 
is very informative (as opposed to the word frequency 
data acquisition).” According to the landscape of the NL, a 
word can show the author’s behavior clearly when there is 
no word order. For example, under a sentence, when the 
entire sentence indicates a positive polarity, only words 
“like” and “not” indicate the sentence polarity.

3.2  Lexicon base

The semantic orientation of reviews or words in the text 
can be calculated using the lexicon-based approach. 
According to the literature for the lexicon-based approach, 
dictionaries can be created manually or automatically 
using different tools or seed words.

For this thesis, the WordNet dictionaries have been used 
instead of creating dictionaries manually [35]. WordNet is 
an enormous lexical base database of English that con-
tains four parts of cognitive synonyms, also called synset. 
These cognitive synonyms (synsets) consist of “nouns, 
verbs, adjectives, and adverbs.” Synsets are connected 
by the source of lexical base and conceptual-semantic. 
There are three main reasons for choosing WordNet for this 
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project. Coming to the first one other than WordNet, all 
dictionaries are based on the Aggregated Dataset, which 
is the (combination of six small sets). It is enormous and 
almost not usable for Pro Tools or MATLAB for the con-
structed matrix. Because in other dictionaries, verbs in 
which nouns have different types, i.e., singular or plural 
and unlike tenses in documents that increase the size of 
the dictionaries inadequately, on the other hand, WordNet 
dictionary uses lemmatized form. The primary purpose of 
using this feature is that it does not value the structure 
of the sentence but act upon the cognitive synonyms or 
synsets. Secondly, because WordNet is a big dictionary, so 
for “Aggregated Dataset,” it is credible to have all the words 
as a source in contrast with it.

Nevertheless, “for the small size of the given dataset, 
it was discussed that the corpus-based method is more 
useful in opinion classification,” in terms of the amount of 
document with a common subject. It would be right to 
say that the WordNet dictionary is a substantial help for 
lexical dictionaries solutions. And lastly, it is an available 
and most popular dictionary. The results from WordNet 
can be generalized for other datasets as well because the 
experimentation conducted on it is free from the corpus.

In short, lexicon-based approach was used to make the 
dictionaries of the data taken from the IMDB database on 
the movie reviews and divide it into positive and negative 
words dictionaries, each with 12,500 words using WordNet.

3.3  POS (part of speech) tags

POS (part of speech) encryption/encoding, [36] alias 
“grammar encoding or word-Class,” is the same encoding 
process word text (corpus) belongs to a specific part of 
the speech, according to its description, as well as the con-
text in relationship with the adjacent and associated para-
graphs, words, or phrases. Tagging grammar structures of 
each word is a good approach to get the precision of the 

POS and sense usable models of classifications. Subjective 
texts usually use simple past verbs rather than past adjec-
tives. Unlike positive sets, negatives have more frequent 
verbs in the past tense, for the reason that different writers 
have different ways to express negative emotions.

3.4  Semantic relationships

It is a difference between the meanings of the words “asso-
ciations, which are in between sentences, or between the 
definitions of sentences (mantic relationship at the level 
of the phrase or sentence).” Here is an explanation of this 
relationship. Semantic approach “will depend on different 
principles, giving the value of the emotion directly” to cal-
culate the similarity of words. This technique is similar to 
a semantically dense word. “WordNet, for example, gives 
a different type of semantic relationship between words 
that are used to calculate the polarity of the” sentences. 
WordNet can also be used to get a list of words of emo-
tion by repeating the first expending with synonyms and 
antonyms and by the relative number of synonyms the 
word positive and negative that determines the polarity 
of the emotion of the unknown word. Semantic methods 
are used to find weaknesses in online journals products; 
both methods [37] can be mixed with statistical meth-
ods of performing as work as a job. The weakness Finder 
uses the plain method to retrieve features and explicit 
feature groups to identify the comment’s word attribute. 
They used the HowNet-based similarity measure to find 
common and intermittent overt properties that describe 
the same side [38]. They used the meaning meta-ODS to 
group words according to their corresponding sides. In a 
grouped product, there is a word on the corresponding 
side by applying a semantic method.

The network mapping can be efficiently described as 
shown in Fig. 2.

Fig. 2  An MLP multilayered 
perceptron
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3.5  Challenges of sentiment analysis

This section is about the discussion [39] of the problems 
that sentiment analysis faces. Study in terms of abstraction 
in the query, a rich set of interconnected sub-issues that 
make up the ’ effective analysis problem. “The assump-
tion is that if we cannot structure the problem,” we will 
probably not understand. The purpose of this definition 
is to intensify the unstructured nature of the text, both 
complex and intimidation. “From a practical application 
standpoint, let’s look at the description that professionals 
should address the problem, the system, and the desired 
output.” See Fig. 3.

4  State‑of‑the art implementation

The ANN (artificial neural network) is a “tool for processing 
information that is inspired by the way biological nerv-
ous systems try to replicate the way the brain processes 
information. The key feature of this method is the structure 

of the information processing system. It is composed of 
a large number of highly interconnected processing ele-
ments (neurons) working together to solve specific prob-
lems.” Neural networks, like humans, learn by examples 
and replication of those examples. A neural network (NN) 
could be skilled for “specific application, such as pattern 
recognition or data classification, through a learning pro-
cess.” Learning in nature suggests changes in the synap-
tic connections existing between the neurons. That also 
applies to neural networks. For IMDB dataset used for this 
research, text preprocessing is normalized using the fol-
lowing steps:

All letters are converted to lower or upper case → Num-
bers are removed or converted into words → Punc-
tuations, accent marks, and other diacritics are 
removed → White spaces are removed, and abbreviations 
are expanded → Stop words, sparse terms, and particular 
words are removed → Canonicalization of text.

4.1  Neural networks (NNs)

The artificial neural network is a developed tool that is 
used to process information. The motivation behind devel-
oping ANN was to imitate “how the human brain processes 
information,” which was stimulated by the biological nerv-
ous system. “Information processing system” is the main 
factor behind the structure of artificial neural networks. 
Neural networks are a set of huge numbers of strongly 
connected processing elements called neurons, operating 
simultaneously to solve a specific problem.

In human beings, neural networks can be studied by the 
behavior and its repetition. Nowadays, because of machine 
learning, there are wide research areas that are using neu-
ral network application to train for a “specific purpose, i.e., 
pattern recognition or text classification, using a learn-
ing process.” The synaptic relations existing among the 
neurons are also recommended by learning in nature. 
This relates to neural networks also. “The artificial neural 
network is a powerful data-driven, self-adaptive, flexible 
computational tool possessing the capability of capturing 
nonlinear and complex underlying characteristics of any 
physical process at a high degree” [34]. Because of this very 
mature nature, it is often known as a “Black Box.” These 
ANNs perhaps seem to work most of the time indepen-
dently but still the involvement of humans is required at a 
certain point. To define the complication or learning rate, 
it is required to set some “higher level” properties before 
the model knows about the real parameters. “Hyperparam-
eters” are known as “knobs” of the big machines. Selecting 
hyperparameter standards corresponds to the prosecution 
of model selection. Hyperparameters could be “distinct 
(as in model selection) or continuous.” The values of the 
parameter can be selected manually or adjusted by an Fig. 3  Challenges of sentimental analysis
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algorithm, but the most important thing is to select them 
carefully.

4.2  A Simple neuron

An artificial neuron is basically having a structure that con-
sists of many inputs and only one output. Fundamentally, 
“the training mode” and “the operation mode” are the two 
functioning mechanisms that are set in the artificial neu-
ron. The neuron could be trained, i.e., it executes or not in 
the training mode. And when it approaches the later one 
(operating mode) for a model in which neuron has been 
trained through input which is defined, it identifies the 
pattern of the network, and related output is fired. The fir-
ing rules define if it should fire or not if the trained model 
is not renowned by the input pattern. Below is the figure of 
a simple neural network. X is defined as an input function, 
and W is the weight of the inputs.

4.3  Multilayer perceptron

Multilayer perceptron is also referred to ANN and which 
nowadays is the most widely used as a type of neural net-
work. An MLP is made up of a minimum of three layers 
making it nonlinearly for deep neural networks, which 
consist of input, hidden, and output layer. A hidden layer 
has more than one node to construct a deeper architect 
for neural networks and has a real computational value 

of MLP. MLP with a single hidden layer is also known as 
the “vanilla” neural network. A perceptron is a particular 
neuron model that placed the basis of deeper and more 
complicated networks. A supervised learning approach 
can be used for MLP to train and learn about the correla-
tions in between the given input and outputs. In order to 
reduce the error, we can modify the weights, parameters, 
and biases during the training process.

MLP is also known as feedforward networks; it is just like 
a real neural network in human being’s information which 
is continuously moving between input layers to output 
layers. The basic purpose of it is to create ingenuous rep-
licas of real neural networks so that people may take ben-
efit of solving problems while creating strong data pattern 
techniques. So, the best practice is to do mapping for NN. 
Precisely speaking, the ANN can nearly learn “any mapping 
function” and is accepted to be a “universal approximation 
algorithm.” The analytical competence of neural networks 
originates from the multilayered arrangement of the net-
works (Fig. 4).

4.4  Experimental network

Network architecture (NA) used in the experiments is 
explained below. With one output layer and two hidden 
layers for binary classification, the network employs a “sto-
chastic” gradient lineage for learning and a sigmoid activa-
tion function (Fig. 5).

Fig. 4  Diagram of the pro-
posed database
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4.5  Evaluation

Based on this approach, the proposed sentiment polarity 
relies on word weight instead of term frequency for each 
word. Every term has two values and polarity, as proposed 
in an assumption equation:

where Vw is the “word value,” Wp goes for “positive word 
value,” and Wn stands for “negative word value.” The selec-
tion between negative polarities and positive polarities is 
affected by the meanings of a word and each of its polarity. 
The classification scale of sentiments is between 0 and 1. 
In other words, all probable values of each instance cannot 
exceed one. However, the sentence contains “negative that 
differs in the word value. If the word is positive, convert to 
negative polarity and the negative score will be as in the 
equation”:

In the case of a negative word, the score will be calculated 
by the given equation:

where 0.4 refers to the assumption level of one to five 
(1–5) sentiments classification. The proposed technique 
also “creates ranks by calculating sentiment and measur-
ing domain parameters.” This technique is also used for 
the ranking of the reviews by computing opinions and 
determining its factors:

[Vw = Wp +Wn = 1]

[Vw = Wp − 0.4]

[Vw = Wn + 0.4]

O(TS) refers to the overall score for every review. O(SA) is 
the overall sentiment score of reports having no. of positives 
reviews, and O(SS) is the system score (Figs. 6, 7).

T-SNE components of movie embeddings clustered by 
ratings. It is quite evident that movies which are low rated 
(blue and green) are concentrated in one portion of the 
embedding space. Similarly, movies which are highly rated 
(red and black) are concentrated in another portion of the 
space. F score is calculated, while weighted averaging is used 
to evaluate the performance of the classifiers. A good over-
view of the accuracy provided by the F score incorporates 
negatives false and positives true. A final accuracy of 91.9% is 
managed to achieve by the trained network model (Table 1).

5  Conclusion

Unarguably, sentimental analysis techniques are among 
the utmost significant bases in the decision-making pro-
cess. A lot of people depend on sentimental analysis for 
achieving efficient results of services or products. We 
started with a model that was decent in producing IMBD 
movie reviews. So, the idea of applying a pre-trained lan-
guage model to actually outperformed the cutting-edge 
research in academia as well. It is an undeniable fact that 
human languages are relatively complex to be under-
stood by the machine, which leads to conditions where 
a negatively said word has a positive association and vice 
versa. So, a sentimental analysis of movie reviews was a 

O(TS) =
∑

(O(SA) + O(SS))nk = 0

Fig. 5  Architecture used in 
experiments

Fig. 6  Experimented results
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challenging task. In this study, we used neural networks, 
which leads us to achieve the task of opinion mining 
from movie reviews, which was trained on “Movie Review 
Database by Stanford University” in concurrence with 
two immense lists of negative and positive words. The 
trained system accomplished to accomplish an ultimately 
exceptional final precision. For the movie reviews, a neural 
network model has been made using the artificial neu-
ral network having six layers (four hidden, one input, and 
one output) having one neuron for binary classification 
(positive or negative review). The training accuracy of this 
model has reached 91.9% and validation accuracy which 
is 86.67%
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