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 ABSTRACT   Conceptual Sentiment investigation is a continuous research zone in the field of content mining. 
Individuals post their survey in type of unstructured information so sentiment extraction gives general assessment of 
audits so it does best occupation for client, individuals, association and so forth. The fundamental point of this paper is 
to discover approaches that produce yield with great exactness. This paper presents late updates on papers identified 
with order of assumption examination of actualized different methodologies and calculations. The primary commitment 
of this paper is to give thought regarding that watchful component determination and existing order methodologies can 
give better precision. 
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I.INTRODUCTION 
Sentiment analysis sometimes known as 

Opinion Mining or AI. It refers to the use of 
natural language processing, text analysis to 
identify extract, quantity and study affective 
states and subjective information. Sentiment 
analysis is widely applied to voice of the 
customer materials such as reviews and survey 
responses, online and social media, and 
healthcare materials for applications that range 
from marketing to customer service to clinical 
medicine. Sentimental analysis aim to determine 
the attitude of speaker, writer and respect to a 
document, interaction or event. In customer 
service and call center applications, sentiment 
analysis is a valuable tool for monitoring opinions 
and emotions among various customer segments, 
such as customers interacting with a certain 
group of representatives, during shifts, customers 
calling regarding a specific issue, product or 
service lines, and other distinct groups. Sentiment 
analysis may be fully automated, based entirely 
on human analysis, or some combination of the 
two. Companies and brands often utilize 
sentiment analysis to monitor brand reputation 
across social media platforms or across the web 
as a whole. User-generated reviews are of great 
practical use, because: 1) They have become an 
inevitable part of decision making process of 
consumers on product purchases, hotel bookings, 
etc. 2) They collectively form low-cost and 
efficient feedback channel, which helps 
businesses to keep track of their reputations and 
to improve the quality of their products and 
services. To support users in digesting the huge 
amount of raw review data, many sentiment 
analysis techniques have been developed for past 

years [1]. Sentiments and opinions can be 
analyzed at different levels of granularity. It is 
also known as the sentiment expressed in a 
whole piece of text, e.g., review document or 
sentence, overall sentiment. The task of analyzing 
overall sentiments of texts is typically formulated 
as classification problem. 
Analyzing aspect-level sentiment, where an 
aspect means a unique semantic facet of an entity 
commented on in text documents, and is typically 
represented as a high-level hidden cluster of 
semantically related keywords. Aspect-based 
sentiment analysis generally consists of two 
major tasks, one is to detect hidden semantic 
aspect from given texts, the other is to identify 
fine grained sentiments expressed towards the 
aspects. Machine learning technique is applied on 
Movie review dataset and proved that machine 
learning technique performs well than human 
generated result [2]. Text databases are 
increasing day by day due to large collection of 
information in from of electronic document so 
information retrieval is the process through 
which information is retrieved from large 
collection of textual database. Support vector 
machine, Maximum Entropy(MaxEnt) and naïve 
bayes classifiers are the most widely used 
algorithm in sentiment analysis. There are some 
issues in sentiment analysis, among them the 
major issue is classification accuracy so 
classification accuracy can be increased by 
choosing good preprocessing, feature selection 
and classification techniques. The main aim of 
this paper is to analyze existing method and find 
techniques that perform well in sentiment 
classification. 
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Figure 1: Sentiment Analysis Process Flow 

Sentiment analysis process is as showed in figure 
1. Customers post their review in comment, 
forum or blog. These reviews are in form of 
unstructured data so first unstructured dataset is 
converted into structured form then extracts 
features from structured review using feature 
selection method then classification technique is 
applied on extracted features to classify them into 
its sentiment polarity that is namely either 
positive or negative. Some researchers also have 
classified review as neutral category. 
 

II. RELATED WORK 
In authors built supervised models on standard 
n-gram text features to classify review documents 
into positive or negative sentiments. Moreover, to 
prevent a sentiment classifier from considering 
non-subjective sentences, In [3] authors used a 
subjectivity detector to filter out non-subjective 
sentences of each review, and then applied the 
classifier to resulting subjectivity extracts for 
sentiment prediction. A similar two-stage method 
was also proposed in [4] for document-level 
sentiment analysis. A variety of features 
(indicators) have been evaluated for overall 
sentiment classification tasks. To analyze overall 
sentiments of blog (and review) documents, In 
[5] authors incorporated background/prior 
lexical knowledge based on a pre-compiled 
sentiment lexicon into a supervised pooling 
multinomial text classification model. In [6] 
authors combined sentimental consistency and 
emotional contagion with supervised learning for 
sentiment classification in micro blogging. 
Unsupervised linguistic methods rely on 
developing syntactic rules or dependency 
patterns to cope with fine grained sentiment 
analysis problem. In [7] authors proposed a 
syntactic parsing based double propagation 
method for feature-specific sentiment analysis. 
Based on dependency grammar [8], the first 

defined eight syntactic rules, and employed the 
rules to recognize pair-wise word dependency for 
each review sentence. Then, given opinion word 
seeds, they iteratively extracted more opinion 
words and the related features, by relying on the 
identified syntactic dependency relations. They 
inferred the sentiment polarities on the features 
via a heuristic contextual evidence based method 
during the iterative extraction process. In 
[9]authors introduced a multiaspect sentiment 
model to analyze aspect-level sentiments from 
user generated reviews. The model assumption, 
i.e., individual aspect-related ratings are present 
in reviews, may lead to the limited use in reality, 
since a large number of online reviews are not 
annotated with the semantic aspects and aspect-
specific opinion ratings by online users. 
 

III. PROBLEM STATEMENT 
Given a product review containing multiple 
features and varied opinions, the objective is to 
extract expressions of opinion describing a target 
feature and classify it as positive or negative. The 
objectives can be summarized is: 
 Extract all the features from the given 

review  
In the absence of any prior information about the 
domain of the review (in the form of untagged or 
tagged data belonging to that domain), this will 
give a list of potential features in that review 
which needs to be pruned to obtain the exact 
features. Consider the review, “I wonder how can 
any people like Max, given its pathetic battery life, 
even though its multimedia features are not that 
bad.” Here, multimedia features and battery life 
are the exact features pertaining to the mobile 
domain. But without any prior domain 
information, we can use an approximate method 
to obtain a list of potential features that may 
include other noisy features as well, example 
people. So this list needs to be pruned to remove 
the noise and obtain the exact set of features.  
 Extract opinion words referring to the 

target feature  
The opinion words are not only Adjectives like 
hate, love but also consist of other POS categories 
like Nouns (terrorism), Verbs (terrify) and 
Adverbs (gratefully). A naïve method, like 
extracting the opinion words closest to the target 
feature, does not work so well when the sentence 
has multiple features and distributed emotions 
(as we will see later). In the example above, 
pathetic and not bad are the opinion expressions 
referring to battery life and multimedia features 
respectively.  



[ VOLUME 5  I  ISSUE 3  I  JULY– SEPT 2018]                                                    E ISSN  2348 –1269, PRINT ISSN 2349-5138 

 1706x       IJRAR- International Journal of Research and Analytical Reviews                                           Research Paper 

 Classify the extracted opinion words as 
positive or negative  

This step will mark pathetic as a negative opinion 
and not bad as a positive opinion. 
 

IV.DATASET 
To enable our comparative experiments, we 
compiled a dataset consisting of English video 
reviews using ExpoTv,1 which is a public website 
that provides consumer generated videos. 
Through this platform users collect unbiased 
video opinions of products organized in various 
categories. Our motivation to collect data from 
this site is the availability of user ratings. For 
each uploaded video, ExpoTv users provide a star 
rating for the product they are reviewing (one to 
five stars). We use this information to assign a 
sentiment label to each video: videos with four or 
five stars are labeled as positive, whereas videos 
with one or two stars are labeled as negative. To 
collect the data, we chose two product categories: 
fiction books and cellphones, which were 
previously used in sentiment analysis 
experiments on written text. We then collected 
the most recent uploaded reviews obtaining 250 
videos for fiction books and 150 for cellphones, 
with an average video length of two minutes. 
Transcriptions of the videos in these two 
collections were obtained using two approaches. 
First, we collected manual transcriptions by using 
crowdsourcing via the Amazon Mechanical Turk. 
Second, we used a speech recognition tool to 
generate automatic transcriptions. 
4.1. Manual Transcriptions  
We used the Amazon Mechanical Turk service, 
which is a crowdsourcing platform provided by 
Amazon.com. The platform has been heavily used 
in the past for tasks such as linguistic annotations 
[26], image labeling [27], translation evaluations 
[28], and speech transcriptions [29]. A HIT 
(Human Intelligence Task) was set up on 
Mechanical Turk, in which workers were 
provided specific instructions about how to 
transcribe a video. The guidelines specifically 
asked for complete, correctly spelled sentences, 
with punctuation included as needed. The 
workers were also asked to use filler words, such 
as “um,” “like,” “you know.” While spam is often 
an issue with tasks performed by workers on the 
Mechanical Turk website, we did not receive a 
significant amount of spam, perhaps due to the 
fact that this is a widespread task type, and there 
appears to be a skilled transcriber workforce on 
Mechanical Turk. Nonetheless, the transcriptions 
were manually verified for correctness. We first 
used simple criteria to accept/reject the 
transcriptions, such as transcription length (e.g., a 

transcription that has only one or two lines of 
text is clearly spam when the corresponding 
video has a length of 2 minutes). One of the 
authors then further verified the quality of the 
transcriptions by checking for the presence of 
randomly selected utterances from the spoken 
review inside the transcription. The reviews 
corresponding to those transcriptions that were 
rejected were returned to the site for another 
transcription. 
4.2. Automatic Transcriptions  
One of the main goals of this paper is to 
determine the role played by the quality of the 
transcriptions in the accuracy of a sentiment 
classifier. Thus, in addition to the manual 
transcriptions of the reviews, we also experiment 
with automatic transcriptions, with the aim of 
making the process of sentiment classification of 
reviews fully automatic. There are several speech 
recognition systems that are commercially or 
freely available online, such as the Dragon 
Naturally Speaking tool,2 or the CMU Sphinx 
toolkit.3 However, most of these tools require a 
training step, and we did not have a training set 
for our data. We thus opted to use the Google 
automatic speech recognition engine, which is a 
ready to use resource available through the 
Youtube API.4 We requested automatic 
transcriptions for our entire dataset, and we 
obtained captions in the SubRip text format. The 
API was unable to generate transcriptions for a 
few of our spoken reviews due to poor quality 
issues. Thus, after the transcription process, we 
ended up with a total of 236 and 142 
transcription files for the fictions books and the 
cellphones datasets respectively. Table 1 shows 
sample segments of manual and automatic 
transcriptions. Class distributions and average 
review length (in number of characters) for the 
two datasets are shown in Table 2. 

 
Table 2: Class distributions and average review 

length 
 

V. SENTIMENT ANALYSIS 
Our goal in this paper is to perform comparative 
analyses of sentiment classifiers that can be 
derived from the linguistic component of spoken 
reviews. We decided to focus on those features 
that were successfully used in the past for 
polarity classification [2, 30]. Specifically, we use: 
(1) unigram features obtained from a bag-of-
words representation, which are the features 
typically used by corpus-based methods; and (2) 
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lexicon features, indicating the appurtenance of a 
word to a semantic class defined in manually 
crafted lexicons, which are often used by 
knowledge-based methods. 
Unigrams.  
We use a bag-of-words representation of the 
transcriptions to derive unigram counts, which 
are then used as input features. First, we build a 
vocabulary consisting of all the words, including 
stop words, occurring in the transcriptions of the 
training set. We then remove those words that 
have a frequency below 10. The remaining words 
represent the unigram features, which are then 
associated with a value corresponding to the 
frequency of the unigram inside each review. 
Note that we also attempted to use higher order 
n-grams (bigrams and trigrams), but evaluations 
on a small development dataset did not show any 
improvements over the unigram model, and thus 
all the experiments are run using unigrams. 
Semantic Classes.  
We also derive and use coarse textual features, by 
using mappings between words and semantic 
classes. For each semantic class, we infer a 
feature indicating a raw count of the words 
belonging to that class. Specifically, we use the 
following three resources: Opinion Finder (OpF), 
which is a subjectivity and sentiment lexicon 
provided with the OpinionFinder distribution 
[10]; Linguistic Inquiry and Word Count (LIWC), 
which is a resource developed as a resource for 
psycholinguistic analysis [31]; and WordNet 
Affect (WA), which is an affective lexicon created 
starting with WordNet by annotating synsets 
with several emotions. 
 

VI.RESULTS 
Initial unigram results  
The classification accuracies resulting from using 
only unigrams as features are shown in line (1) of 
Figure 3. As a whole, the machine learning 
algorithms clearly surpass the random-choice 
baseline of 50%. They also handily beat our two 
human-selected-unigram baselines of 58% and 
64%, and, furthermore, perform well in 
comparison to the 69% baseline achieved via 
limited access to the test-data statistics, although 
the improvement in the case of SVMs is not so 
large. On the other hand, in topic-based 
classification, all three classifiers have been 
reported to use bagof-unigram features to 
achieve accuracies of 90% and above for 
particular categories (Joachims, 1998; Nigam et 
al., 1999)9 — and such results are for settings 
with more than two classes. This provides 
suggestive evidence that sentiment 

categorization is more difficult than topic 
classification, which corresponds to the intuitions 
of the text categorization expert mentioned 
above.10 Nonetheless, we still wanted to 
investigate ways to improve our sentiment 
categorization results; these experiments are 
reported below. 
Feature frequency vs. presence Recall that we 
represent each document d by a feature-count 
vector (n1(d), . . . , nm(d)). However, the 
definition of the 9 Joachims (1998) used 
stemming and stoplists; in some of their 
experiments, Nigam et al. (1999), like us, did not. 
We could not perform the natural experiment of 
attempting topic-based categorization on our 
data because the only obvious topics would be 
the film being reviewed; unfortunately, in our 
data, the maximum number of reviews per movie 
is 27, too small for meaningful results 
MaxEnt feature/class functions Fi,c only reflects 
the presence or absence of a feature, rather than 
directly incorporating feature frequency. In order 
to investigate whether reliance on frequency 
information could account for the higher 
accuracies of Naive Bayes and SVMs, we binarized 
the document vectors, setting ni(d) to 1 if and 
only feature fi appears in d, and reran Naive 
Bayes and SV Mlight on these new vectors. 
As can be seen from line (2) of Figure 3, better 
performance (much better performance for 
SVMs) is achieved by accounting only for feature 
presence, not feature frequency. Interestingly, 
this is in direct opposition to the observations of 
McCallum and Nigam (1998) with respect to 
Naive Bayes topic classification. We speculate 
that this indicates a difference between sentiment 
and topic categorization — perhaps due to topic 
being conveyed mostly by particular content 
words that tend to be repeated — but this 
remains to be verified. In any event, as a result of 
this finding, we did not incorporate frequency 
information into Naive Bayes and SVMs in any of 
the following experiments. 
Bigrams In addition to looking specifically for 
negation words in the context of a word, we also 
studied the use of bigrams to capture more 
context in general. Note that bigrams and 
unigrams are surely not conditionally 
independent, meaning that the feature set they 
comprise violates Naive Bayes’ conditional-
independence assumptions; on the other hand, 
recall that this does not imply that Naive Bayes 
will necessarily do poorly (Domingos and 
Pazzani, 1997). 
Line (3) of the results table shows that bigram 
information does not improve performance 
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beyond that of unigram presence, although 
adding in the bigrams does not seriously impact 
the results, even for Naive Bayes. This would not 
rule out the possibility that bigram presence is as 
equally useful a feature as unigram presence; in 
fact, Pedersen (2001) found that bigrams alone 
can be effective features for word sense 
disambiguation. However, comparing line (4) to 
line (2) shows that relying just on bigrams causes 
accuracy to decline by as much as 5.8 percentage 
points. Hence, if context is in fact important, as 
our intuitions suggest, bigrams are not effective 
at capturing it in our setting. 
Parts of speech We also experimented with 
appending POS tags to every word via Oliver 
Mason’s Qtag program.12 This serves as a crude 
form of word sense disambiguation (Wilks and 
Stevenson, 1998): for example, it would 
distinguish the different usages of “love” in “I love 
this movie” (indicating sentiment orientation) 
versus “This is a love story” (neutral with respect 
to sentiment). However, the effect of this 
information seems to be a wash: as depicted in 
line (5) of Figure 3, the accuracy improves 
slightly for Naive Bayes but declines for SVMs, 
and the performance of MaxEnt is unchanged. 
Since adjectives have been a focus of previous 
work in sentiment detection (Hatzivassiloglou 
and Wiebe, 2000; Turney, 2002)13, we looked at 
the performance of using adjectives alone. 
Intuitively, we might expect that adjectives carry 
a great deal of information regarding a 
document’s sentiment; indeed, the human-
produced lists from Section 4 contain almost no 
other parts of speech. Yet, the results, shown in 
line (6) of Figure 3, are relatively poor: the 2633 
adjectives provide less useful information than 
unigram presence. Indeed, line (7) shows that 
simply using the 2633 most frequent unigrams is 
a better choice, yielding performance comparable 
to that of using (the presence of) all 16165 (line 
(2)). This may imply that applying explicit 
feature-selection algorithms on unigrams could 
improve performance. 
Position An additional intuition we had was that 
the position of a word in the text might make a 
difference: movie reviews, in particular, might 
begin with an overall sentiment statement, 
proceed with a plot discussion, and conclude by 
summarizing the author’s views. As a rough 
approximation to determining this kind of 
structure, we tagged each word according to 
whether it appeared in the first quarter, last 
quarter, or middle half of the document14 . The 
results (line (8)) didn’t differ greatly from using 
unigrams alone, but more refined notions of 
position might be more successful. 

VII. DISCUSSION 
The results produced via machine learning 
techniques are quite good in comparison to the 
humangenerated baselines discussed in Section 4. 
In terms of relative performance, Naive Bayes 
tends to do the worst and SVMs tend to do the 
best, although the differences aren’t very large. 
On the other hand, we were not able to achieve 
accuracies on the sentiment classification 
problem comparable to those reported for 
standard topic-based categorization, despite the 
several different types of features we tried. 
Unigram presence information turned out to be 
the most effective; in fact, none of the alternative 
features we employed provided consistently 
better performance once unigram presence was 
incorporated. Interestingly, though, the 
superiority of presence information in 
comparison to frequency information in our 
setting contradicts previous observations made 
in topic-classification work (McCallum and 
Nigam, 1998). 
What accounts for these two differences — 
difficulty and types of information proving useful 
— between topic and sentiment classification, 
and how might we improve the latter? To answer 
these questions, we examined the data further. 
(All examples below are drawn from the full 
2053-document corpus.) As it turns out, a 
common phenomenon in the documents was a 
kind of “thwarted expectations” narrative, where 
the author sets up a deliberate contrast to earlier 
discussion: for example, “This film should be 
brilliant. It sounds like a great plot, the actors are 
first grade, and the supporting cast is good as 
well, and Stallone is attempting to deliver a good 
performance. However, it can’t hold up” or “I hate 
the Spice Girls. ...[3 things the author hates about 
them]... Why I saw this movie is a really, really, 
really long story, but I did, and one would think 
I’d despise every minute of it. But... Okay, I’m 
really ashamed of it, but I enjoyed it. I mean, I 
admit it’s a really awful movie ...the ninth floor of 
hell...The plot is such a mess that it’s terrible. But 
I loved it.” 15 In these examples, a human would 
easily detect the true sentiment of the review, but 
bag-of-features classifiers would presumably find 
these instances difficult, since there are many 
words indicative of the opposite sentiment to that 
of the entire review. Fundamentally, it seems that 
some form of discourse analysis is necessary 
(using more sophisticated tech niques than our 
positional feature mentioned above), or at least 
some way of determining the focus of each 
sentence, so that one can decide when the author 
is talking about the film itself. (Turney (2002) 
makes a similar point, noting that for reviews, 
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“the whole is not necessarily the sum of the 
parts”.) Furthermore, it seems likely that this 
thwarted-expectations rhetorical device will 
appear in many types of texts (e.g., editorials) 
devoted to expressing an overall opinion about 
some topic. Hence, we believe that an important 
next step is the identification of features 
indicating whether sentences are on-topic (which 
is a kind of co-reference problem); we look 
forward to addressing this challenge in future 
work. 
 

VIII. CONCLUSION 
Referred papers have generated review as either 
positive or negative using classification 
techniques for sentiment analysis which 
produces result with vary accuracy. So the use of 
careful feature selection, POS tagging using 
Stanford tagger, SentiWordNet dictionary and 
proper classification algorithm has generated 
improved result so accuracy can be improved by 
using such combination of technique. Support 
vector machine is most widely used classification 
algorithm for sentiment analysis so it can 
generate better result. SVM have many non linear 
kernel functions which are Radial basic function, 
Polynomial Function and sigmoid kernel. RBF 
kernel function of SVM has hyper parameter 
which are gamma γ and margin constant C so 
these hyper parameter can enhance the 
performance of sentiment analysis by modifying 
different value of (C,γ) and chooses best pair of 
(C,γ) which gives better accuracy. So performance 
can be increased by modifying these hyper 
parameter values and also can find good value for 
these parameters for particular dataset. 
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