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ABSTRACT
Nowadays in this digital world we see huge amount of data being created every
day, Amazon is one of the leading e-commerce companies which possess such kind of
data and Twitter is a famous micro blogging service where its users express their
opinion on various topics as “tweets”. We analyze these customer review data to help
the customer to come to a conclusion for their purchases. The purpose of this paper is
to help users who are trying to buy a new book by providing public opinion based on
the Amazon user reviews by constructing an algorithm that can accurately classify
sentiments in reviews and also to classify the tweets about those books. Main idea is
that we can obtain this high accuracy on classifying sentiments in reviews using
natural language processing and machine learning techniques such as bag-of- words,
n-gram and Naive Bayes Classifier etc.,. Amazon review data for books for the past
decade is itself more than 9GB it’s more than billions on reviews from user around the
globe to analyze it and return the most spoken feature about the product we are
implementing hadoop technology to make it quick and feasible. This paper may also
help the authors, publishers and researchers who want to know the public opinion of
the book. The user sentiments will be broadly classified into three categories positive,
negative and neutral. Top features of the book (product) will be used to make a user
attractive word cloud.
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1. INTRODUCTION
The age of Internet has changed the way individuals express their perspectives. It is currently
done through blog entries, online exchange gatherings, item audit sites and so on. Individuals
rely on this client created substance all things considered. When somebody needs to purchase
an item, they will look into its audits online before taking a choice. Online surveys are
regularly our first port of call while considering items and buys on the web. Twitter a small
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scale blogging website has turned into a selective apparatus for each updates over the world.
It is a place where individuals accumulate and present their interests. This high variation
information exhibit in locales has expanded the possibility of forecasts about particular
results, without presenting the entire market machines. Programmed nostalgic investigation is
exceptionally valuable to recognize and foresee present and future patterns. The measure of
client created substance is too huge for a typical client to examine. So to computerize this,
different feeling investigation strategies are utilized. The point of this venture is to
concentrate client feeling from amazon surveys. Extricating such information and breaking
down it is an issue in present time. The intense ascent and sudden impact of online
networking as of late has put weight on associations to execute web-based social networking
over their business.
There has been a few tasks and undertakings on nostalgic examination on amazon audit
information and twitter tweets like Jansen have analyzed microblogging and its effect on
different brands. In any case, we lac framework where numerous informational collections
have been utilized to discover the client conclusions of an item. Most broadly utilized
approach is utilizing twitter information in view of its programming interface usefulness. A
portion of the activities likewise exist with amazon audit information yet very few incorporate
numerous datasets from different areas. Likewise there aren't numerous wistful examination
ventures which incorporates hadoop structures in it. This venture is done in way that
expansive datasets are taken care by hadoop module and littler datasets are broke down by
typical techniques.
The approach includes utilization of accumulation of item based dataset from various Etrade locales like amazon.com, twitter.com and so on. The surveys are gathered on items like
books, fuel books and so on. The target of the work is to break down and anticipate item
based audits by ordering them as positive, negative and impartial by utilizing calculations like
credulous bayes and pack of words. Since information is about item audits that are
unstructured, we perform pre-handling, removes highlights on to which remarks are made.

2. RELATED WORKS
Numerous analysts have worked in the field of supposition examination, every one proposing
better approach for showing signs of improvement proficiency from machine learning
approaches. A LSA to distinguish item highlight supposition words which are required to pick
adjust sentences to wind up noticeably an outline of survey, with enabling just chose elements
to demonstrate the final products, accordingly, decreasing genuine size of rundown [10]. In
[11] creator discusses the particular issues inside conclusion investigation field which
incorporates; record level, sentence level, highlight level, similar feeling and supposition
dictionary issue. Bo string [1] considers arranging records not by subject, but rather by
general feeling, finishing up whether an audit is sure or negative.
Surveys are changed over to straightforward choice by making utilization of
methodologies, for example, gullible bayes, support vector machine by at first checking the
quantity of positive and negative words in an archive. Since assessments are not generally
coordinate e.g. "the nokia telephone is great" additionally it can be a near sentiment like
"nokia telephone has preferred battery life over samsung". There exists three levels at which
assessments are arranged: sentence level, record level, and highlight level [12]. At sentence
level, subjective and target feelings exist, at archive level, a report is characterized in view of
general assessment communicated by supposition holder. In any case, at highlight level,
properties of items are thought about, which gives order inside and out.
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Supposition Analysis [1] is the most unmistakable branch of normal dialect preparing. It
manages the content arrangement keeping in mind the end goal to decide the expectation of
the creator of the content. The goal can be of profound respect (positive) or feedback
(Negative) sort. This paper shows a correlation of results got by applying Naive Bayes (NB)
and Support Vector Machine (SVM) grouping calculation. These calculations are utilized to
group a nostalgic survey having either a positive audit or negative audit. The dataset
considered for preparing and testing of model in this work is marked in light of extremity
motion picture dataset and a correlation with comes about accessible in existing writing has
been made for basic examination.
Another strategy for estimation examination in Facebook that, beginning from messages
composed by clients, underpins: (i) to separate data about the clients' assessment extremity
(positive, impartial or negative), as transmitted in the messages they compose; and (ii) to
display the clients' standard slant extremity and to identify critical passionate changes [2]. We
have actualized this strategy in SentBuk, a Facebook application additionally exhibited in this
paper. SentBuk recovers messages composed by clients in Facebook and orders them as
indicated by their extremity, demonstrating the outcomes to the clients through an intelligent
interface. It additionally bolsters passionate change identification, companion's feeling
discovering, client arrangement as per their messages, and insights, among others. The
characterization strategy actualized in SentBuk takes after a half and half approach: it
consolidates lexical-based and machine-learning systems. The outcomes got through this
approach demonstrate that it is attainable to perform feeling investigation in Facebook with
high exactness (83.27%). With regards to e-learning, it is extremely helpful to have data about
the clients' suppositions accessible. On one hand, this data can be utilized by versatile elearning frameworks to help customized learning, by considering the client's enthusiastic state
while prescribing him/her the most reasonable exercises to be handled at each time. Then
again, the understudies' suppositions towards a course can fill in as criticism for educators,
particularly on account of web based realizing, where eye to eye contact is less continuous.
The handiness of this work with regards to e-learning, both for educators and for versatile
frameworks, is depicted as well.
Sentiment Analysis (SA) is a continuous field of research in content mining field. SA is
the computational treatment of feelings, estimations and subjectivity of content. This review
paper handles a complete diagram of the last refresh in this field. Many as of late proposed
calculations' improvements and different SA applications are examined and exhibited quickly
in this review. These articles are classified by their commitments in the different SA
procedures. The related fields to SA (exchange learning, feeling discovery, and building
assets) that pulled in scientists as of late are talked about. The fundamental focus of this study
is to give almost full picture of SA [3] strategies and the related fields with brief points of
interest. The principle commitments of this paper incorporate the advanced arrangements of a
substantial number of late articles and the representation of the current pattern of research in
the opinion investigation and its related ranges.
In this paper [4], we propose a regulated term weighting plan in view of two fundamental
components: Importance of a term in a report (ITD) and significance of a term for
communicating slant (ITS), to enhance the execution of investigation. For ITD, we investigate
three definitions in view of term recurrence. At that point, seven measurable capacities are
utilized to take in the ITS of each term from preparing archives with class names. Contrasted
and the past unsupervised term weighting plans began from data recovery, our plan can make
full utilization of the accessible naming data to appoint suitable weights to terms. We have
tentatively assessed the proposed technique against the best in class strategy. The test comes

http://www.iaeme.com/IJCIET/index.asp

1831

editor@iaeme.com

Analyzing Customer Sentiments Using Machine Learning Techniques

about demonstrate that our technique beats the strategy and deliver the best precision on two
of three informational collections.
The rise of Web 2.0 has definitely modified the way clients see the Internet, by enhancing
data sharing, coordinated effort and interoperability [5]. Smaller scale blogging is a standout
amongst the most well-known Web 2.0 applications and related administrations, similar to
Twitter, have advanced into a functional means for imparting insights on all parts of regular
daily existence. Therefore, smaller scale blogging sites have since turned out to be rich
information hotspots for supposition mining and slant examination. Towards this course,
content based assessment classifiers frequently demonstrate wasteful, since tweets regularly
don't comprise of agent and linguistically reliable words, because of the forced character
restrict. This paper proposes the arrangement of unique cosmology based strategies towards a
more effective feeling investigation of Twitter posts. The curiosity of the proposed approach
is that posts are not just described by a slant score, similar to the case with machine learningbased classifiers; however rather get an assessment review for each unmistakable idea in the
post. Generally speaking, our proposed design brings about a more point by point
examination of post conclusions with respect to a particular subject.
Because of the sheer volume of assessment rich web assets, for example, talk gathering,
survey locales, online journals and news corpora accessible in computerized frame, a great
part of the ebb and flow inquire about is concentrating on the territory of feeling investigation.
Individuals are planned to build up a framework that can distinguish and characterize
assessment or slant as spoke to in an electronic content. A precise strategy for foreseeing
suppositions could empower us, to separate sentiments from the web and anticipate online
client's inclinations, which could demonstrate profitable for monetary or advertising research
[6]. Till now, there are couple of various issues prevailing in this examination group, to be
specific, assessment order, include based characterization and taking care of invalidations.
This paper shows a study covering the procedures and techniques in notion examination and
difficulties show up in the field.
For instance, an article about a particular infection regularly comprises of various features,
for example, manifestation, treatment, cause, analysis, visualization, and counteractive action
[7]. In this manner, archives may have distinctive relations in light of various features.
Capable inquiry instruments have been produced to enable clients to find arrangements of
individual records that are most identified with particular catchphrases. Be that as it may,
there is an absence of powerful investigation instruments that uncover the multifaceted
relations of reports inside or cross the archive groups. In this paper, we show FacetAtlas, a
multifaceted perception procedure for outwardly breaking down rich content corpora.
FacetAtlas joins look innovation with cutting edge visual expository apparatuses to pass on
both worldwide and nearby examples at the same time. We depict a few remarkable parts of
FacetAtlas, including (1) hub factions and multifaceted edges, (2) an advanced thickness
guide, and (3) computerized mistiness design upgrade for featuring visual examples, (4)
intelligent setting switch between aspects. Furthermore, we exhibit the energy of FacetAtlas
through a contextual analysis that objectives understanding training in the human services
area. Our assessment demonstrates the advantages of this work, particularly in help of
complex multifaceted information investigation.
We present a novel approach for consequently ordering the slant of Twitter [8] messages.
These messages are named either positive or negative regarding a question term. This is
helpful for customers who need to investigate the supposition of items before buy, or
organizations that need to screen people in general slant of their brands. There is no past
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research on grouping conclusion of messages on microblogging administrations like Twitter.
We exhibit the aftereffects of machine learning calculations for characterizing the slant of
Twitter messages utilizing inaccessible supervision. Our preparation information comprises of
Twitter messages with emojis, which are utilized as uproarious marks. This kind of preparing
information is plentifully accessible and can be gotten through computerized implies. We
demonstrate that machine learning calculations (Naive Bayes, Maximum Entropy, and SVM)
have precision over 80% when prepared with emoji information. This paper likewise depicts
the preprocessing steps required keeping in mind the end goal to accomplish high precision.
The fundamental commitment of this paper is utilizing tweets with emojis for far off
administered learning.
The fast development in Internet applications in tourism has prompt a huge measure of
individual surveys for travel-related data on the Web. These audits can show up in various
structures like BBS, online journals, Wiki or discussion sites. All the more significantly, the
data in these surveys is profitable to the two voyagers and professionals for different
comprehension and arranging forms [9]. A characteristic issue of the mind-boggling data on
the Internet, in any case, is data over-burdening as clients are just unfit to peruse all the
accessible data. Inquiry works in web search tools like Yahoo and Google can enable clients
to discover a portion of the surveys that they required about particular goals. The returned
pages from these web indexes are still past the visual limit of people. In this examination,
opinion characterization strategies were joined into the area of mining audits from travel
online journals. In particular, we looked at three regulated machine learning calculations of
Naïve Bayes, SVM and the character based N-gram demonstrate for feeling arrangement of
the audits on travel web journals for seven well known travel goals in the US and Europe.
Exact discoveries showed that the SVM and N-gram approaches outflanked the Naïve Bayes
approach, and that when preparing datasets had an extensive number of surveys, every one of
the three methodologies achieved exactness‟s of no less than 80%.
Sentiment mining [10] plans to utilize mechanized devices to recognize subjective data,
for example, assessments, mentalities, and emotions communicated in content. This paper
proposes a novel probabilistic displaying structure in light of Latent Dirichlet Allocation
(LDA), called joint supposition/point demonstrate (JST), which identifies assumption and
subject all the while from content. Not at all like other machine learning ways to deal with
feeling grouping which frequently require named corpora for classifier preparing, the
proposed JST demonstrate is completely unsupervised. The model has been assessed on the
motion picture survey dataset to group the audit opinion extremity and least earlier data have
additionally been investigated to additionally enhance the slant arrangement precision.
Preparatory tests have indicated promising outcomes accomplished by JST.
Keeping in mind the end goal to cure this inadequacy, this paper introduces an exact
investigation of notion arrangement on Chinese archives. Four component determination
techniques (MI, IG, CHI and DF) and five learning strategies (centroid classifier, K-closest
neighbor, winnow classifier, Naïve Bayes and SVM) are researched on a Chinese supposition
corpus with a size of 1021 records. The exploratory outcomes show that IG plays out the best
for nostalgic terms choice and SVM [11] displays the best execution for notion order.
Moreover, we found that feeling classifiers are extremely reliant on spaces or themes.
We show another technique for conclusion order in view of removing and investigating
evaluation gatherings, for example, ``very great'' or ``not horrendously clever''. An
examination amass is spoken to as an arrangement of property estimations in a few
undertaking free semantic scientific classifications, in light of Appraisal Theory. Semi-
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computerized [12] strategies were utilized to fabricate a vocabulary of assessing descriptive
words and their modifiers. We order motion picture surveys utilizing highlights in light of
these scientific classifications consolidated with standard ``bag-of-words'' elements, and
report cutting edge exactness of 90.2%. Also, we locate that a few sorts of examination have
all the earmarks of being huger for assessment arrangement than others.
We exhibit that it is conceivable to perform programmed opinion characterization in the
extremely loud area of client input information. We demonstrate that by utilizing vast
component vectors in mix with include decrease, we can prepare straight help vector
machines that accomplish high characterization precision [13] on information that present
grouping challenges notwithstanding for a human annotator. We additionally demonstrate
that, shockingly, the option of profound semantic investigation elements to an arrangement of
surface level word n-gram highlights contributes reliably to grouping exactness in this area.
This paper acquaints an approach with notion investigation which utilizes bolster vector
machines (SVMs) [9-14] to unite assorted wellsprings of conceivably relevant data, including
se veral positivity measures for expressions and descriptive words and, where accessible,
information of the theme of the content. Models utilizing the elements presented are
additionally joined with unigram models which have been appeared to be successful
previously (Pang et al., 2002) and lemmatized variants of the unigram models. Tests on film
survey information from Epinions.com exhibit that cross breed SVMs which consolidate
unigram-style include construct SVMs with those situated in light of genuine esteemed
idealness measures get predominant execution, delivering the best outcomes yet distributed
utilizing this information. Additionally tests utilizing a list of capabilities advanced with point
data on a littler dataset of music audits hand-commented on for subject are likewise detailed,
the consequences of which recommend that consolidating theme data into such models may
likewise yield change.
Dealers offering items on the Web regularly request that their clients survey the items that
they have obtained and the related administrations. As web based business is winding up
increasingly famous, the quantity of client surveys that an item gets develops quickly. For a
well-known item, the quantity of audits can be in hundreds or even thousands. This makes it
troublesome for a potential client to peruse them to settle on an educated choice on whether to
buy the item. It additionally makes it troublesome for the maker of the item to follow along
and to oversee client feelings. For the maker, there are extra troubles in light of the fact that
numerous dealer destinations may offer a similar item and the producer regularly creates
numerous sorts of items. In this examination, we mean to mine and to abridge all the client
surveys of an item. This rundown assignment is not quite the same as customary content
outline since we just mine the components of the item on which the clients have
communicated their assessments and whether the sentiments [3-15] are sure or negative. We
don't condense the surveys by choosing a subset or revise a portion of the first sentences from
the audits to catch the principle focuses as in the exemplary content outline. Our assignment is
performed in three stages: (1) mining item highlights that have been remarked on by clients;
(2) distinguishing feeling sentences in each survey and choosing whether every assessment
sentence is certain or negative; (3) outlining the outcomes. This paper proposes a few novel
procedures to play out these assignments. Our exploratory outcomes utilizing audits of
various items sold online show the viability of the procedures.
Bo Pang et al consider the issue of ordering records not by theme, but rather by general
supposition, e.g., deciding if a survey is certain or negative. Utilizing motion picture surveys
as information, we ﬁnd that standard machine learning methods deﬁnitively beat human-
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delivered baselines. Be that as it may, the three machine learning techniques we utilized [16]
(Naive Bayes, most extreme entropy classiﬁcation, and support vector machines) don't
execute also on conclusion classiﬁcation as on conventional theme based order. We finish up
by inspecting components that make the supposition classiﬁcation issue additionally difficult.
Method for assumption examination utilizing hadoop which will prepare the tremendous
measure of information on a hadoop bunch speedier progressively, Accuracy is observed to be
72.27 %. Utilization of Hadoop [17] guarantees the dispersed handling and it additionally
brings down the get to time. Snide remarks are the ones which are extremely hard to
distinguish. Tweets containing mocking remarks give precisely inverse outcomes inferable
from the outlook of the creator. These are practically difficult to track. Likewise relying upon
the setting in which a word is utilized, the understanding changes. For ex: "unusual" in
"flighty plot" in setting of a land plot is negative while "capricious plot" in setting of a film's
plot is certain.
Minqing Hu et al [18] discusses a recurrence based way to deal with recognizing the
components in item audits. They arrange the thing phrases by recurrence and after that have
diverse physically characterized settings to discover the elements (like lower cutoff, upper
cutoff and so forth. Despite the fact that they can accomplish a decent workable framework
with these strategies, their presumption that a component would dependably be a thing is not
generally genuine. There can be multi word highlights like "optical zoom", "hot shoe streak"
where one of the words is a modifier. They adopt a more all-encompassing strategy to the
issue and utilize the assessment (notion) words to discover occasional elements and they
played out the undertaking in three stages: (1) mining item highlights that have been remarked
on by clients; (2) recognizing feeling sentences in each survey and choosing whether every
supposition sentence is sure or negative; (3) abridging the outcomes
Alexander Pak et al discusses their attention on utilizing Twitter, the most well-known
microblogging [19] stage, for the assignment of notion investigation. They demonstrate to
consequently gather a corpus for assessment investigation and feeling mining purposes. They
perform phonetic investigation of the gathered corpus and clarify found wonders. Utilizing the
corpus, they construct a conclusion classifier that can decide positive, negative and
nonpartisan opinions for an archive. Test assessments demonstrate that their proposed systems
are effective and performs superior to already proposed techniques. In their exploration, they
worked with English, in any case, the proposed procedure can be utilized with some other
dialect
Efthymios Kouloumpis et al examines about the utility of etymological elements for
distinguishing the slant of Twitter messages. They assess the convenience of existing lexical
assets and additionally highlights that catch data about the casual and imaginative dialect
utilized as a part of microblogging. [19-20]They adopt a managed strategy to the issue, yet
use existing hashtags in the Twitter information for building preparing information. In this
paper, they investigate one technique for building such information: utilizing Twitter hashtags
(e.g., #bestfeeling, #epicfail, #news) to recognize positive, negative, and impartial tweets to
use for preparing three-way assessment classifiers.
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3. METHOD
3.1. Data Collection
The first step of this method is to collect the data on which sentimental analysis is performed
to help the user, here we scrap data from amazon.com which can be said as datasets. These
dataset will contain the metadata and review data in form of json data and review text is what
we need.
Sample Review:
{
"reviewerID": "A2SUAM1J3GNN3B",
"asin": "0000013714",
"reviewerName": "J. McDonald",
"helpful": [2, 3],
"reviewText": "I bought this for my husband who plays the piano. He is having a wonderful
time playing these old hymns. The music is at times hard to read because we think the book
was published for singing from more than playing from. Great purchase though!",
"overall": 5.0,
"summary": "Heavenly Highway Hymns",
"unixReviewTime": 1252800000,
"reviewTime": "09 13, 2009"
}
where
reviewerID - ID of the reviewer, e.g. A2SUAM1J3GNN3B
asin - ID of the product, e.g. 0000013714
reviewerName - name of the reviewer
helpful - helpfulness rating of the review, e.g. 2/3
reviewText - text of the review
overall - rating of the product
summary - summary of the review
unixReviewTime - time of the review (unix time)
reviewTime - time of the review (raw)
Product description structure :
– asin - ID of the product, e.g. 0000031852
– title - name of the product
– price - price in US dollars (at time of crawl)
– imUrl - url of the product image
– related - related products (also bought, also viewed, bought together, buy after viewing)
– salesRank - sales rank information
– brand - brand name – categories - list of categories the product belongs to

3.2. Training the System
The bag-of-words makes a unigram model of the text by counting the each occurrence of the
word and saving it for future use as features for text classifiers. After which we need to find
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the subjectivity score of each word which is added upon to calculate the total subjectivity
score of each text. This helps in the finding the sentiment i.e. positive word or negative word.
To determine this subjectivity we need to determine the class probability of each word present
in the bag-of-words.
Panda Dataframe can be used to find this value by utilizing it as data container (word in
rows and class in columns). By simply dividing all elements of each rows by the total
elements of that respective row we will get a Dataframe containing relative occurrences of
each word in each class which is nothing but class probability of each word. Let‟s assign class
1 to be of negative and class 5 to be of positive. The word which occur only once will have
100% class probability. Therefore it‟s better to determine some cut off value i.e. words which
occur less than the cut of value will not be included for calculation. 4 and 5 star reviews are
labeled to be positive while1 and 2 are negative and 3 as neutral. With this classification we
can determine with bag-of-words model whether a review is positive or negative with 60%
accuracy (expected).
But unigram doesn‟t take grammar, position and context into account which will reduce
the accuracy of the classification. Thus n-gram features is being included along where a
features may have 2 or 3 words. This may increase the combinations of the words
exponentially but still not all the combination makes sense so a small set of words which may
alter the context of the feature id defined as dataset. This dataset will be helpful in forming the
n-gram features. With this bag-of-words we can find the class of each word in the document
and by adding the score of each word we can classify whether the given word is positive or
negative.
By using Naïve Bayes model we take all the words present in the training dataset, the
word which has not been appeared in the training set Laplacian smoothing can be applied.
The training is done by iterating through all the training documents, a hash table can be built
with the relative occurrence of each word per class is constructed.

3.3. Algorithm Implemented
Fetching Real-time Tweets


Create an Twitter app for utilizing its API



Create access token and access token secret in the Twitter app dashboard



Authenticate using consumer key, consumer token secret, access token and access token secret



Provide the query to search and respective tweets count limit to search



Receive and store the tweets



Parse the tweets and remove links and other unwanted symbols form it



Classify the tweets using tweety polarity check for individual words



Calculate the tweet percentage for positive, negative, neutral classes



Print the results of it along with 5 positive and negative tweets

Parsing Amazon Data


Remove unwanted Json items



Store Rating and review posted by the user



Training using Amazon Dataset
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Strip the „\n‟ character (new line) at the end of each review



Add a (space) „ „ before and after :.,()[]:; - in order to avoid being wrongly interpreted



Split the sentences into tokens using spaces



Remove unwanted tokens like space, empty strings, punctuations, etc.



Remove Stop words (the, of, this, etc.)



Append the tokens for all reviews per class C



Increment N, number of words in the current training set



Store the relative occurrences of each word per class C as Vc in a hash table



Classify the new document (test set) by using Vc



For each reviews in the test set



For each token in the review



Find the class which has highest probability for the token from Vc



Calculate the sentiment for each review



Calculate the sentiment for entire test set

Figure 1 Naïve Bayes...”

3.4. Visualization of Extracted Sentiments
The user has to select the product for which the sentimental analysis has to be done. After
calculating the results it will be displayed to the user in various formats such as word cloud,
charts and graphs etc. In this paper the features identified is used to create a wordcloud using
PIL, Tkinter python libraries.

4. RESULTS
Once the tweets for the desired hashtag are collected and analyzed share of positive tweets,
negative tweets and neutral tweets square measure calculated and displayed. 5 reviews of
every category is additionally exhibited to the user. Once amazon knowledge is parsed and
Naïve mathematician classification algorithmic rule is enforced higher than eightieth of
accuracy over a category is measured. High option is additionally collected from the amazon
user review knowledge by victimization hadoop streaming framework that is useful in
formulating word cloud for the user.
Sentiment analysis is to classify the polarity of text in document or sentence whether or
not the opinion expressed is positive, negative, or neutral. The most advantage of
victimization Naïve mathematician is that it's simple to implement. We have a tendency to see
here that Naïve mathematician is found to relinquish accuracy that's around eighty.5% result
for this approach severally on the merchandise review dataset has been done. We have a
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tendency to see that for text files that square measure overlarge in size take far more
computation time. And conjointly word cloud is made with the options that has been extracted
victimization these knowledge. We have a tendency to see that for text files that square
measure overlarge in size take far more computation time. Automatic sentimental analysis is
incredibly helpful to spot and predict current and future trends. Until currently opinion at
feature level has been concerned however several limitations still exist which may be
additional concerned.
Table 1 Results
Dataset

Class Neg – F1
Score(1000 test
reviews)

The Martian
Fifty Shades of
Grey
Hunger games
Goldfinch
Gone Girl

0.83
0.94

Positive
Tweets
percentage
9.85
33.33

Negative
Tweets
Percentage
0
66.66

Neutral
Tweets
Percentage
90.14
0

0.43
0.88
0.90

28.95
21.43
3.03

13.15
11.42
0

57.89
67.14
96.97

5. CONCLUSIONS
The future scope of improvement are reviewing product primarily based opinions in multiple
languages, Coping with downside of mapping slangs, Coping with sardonic opinions.
Distinguishing comparative opinions and finding that among 2 product compared is best one
and Coping with anaphora resolution like what's really being observed within the opinion
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