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ABSTRACT

Sentiment Analysis could be a strategy for programmed extraction of data from the

assessment of others in regards to some unequivocal subject or downside. the idea of

Conclusion mining and Assumption Examination apparatus is to "process an assortment of

indexed lists for a given thing, creating a stock of item traits (quality, choices and so forth.)

and collecting assessment". anyway with the entry of your time extra eye catching

applications and advancements appeared during this space and at present its principle

objective is to frame PC ready to recognize and produce feelings like human. This paper

can endeavor to represent considerable authority in the crucial meanings of Supposition

Mining, investigation of phonetic assets required for Feeling Mining, barely any AI

methods on the possibility of their use and significance for the examination, investigation

of Notion characterizations and its various applications.

In this paper associate degree way to deal with feeling investigation is presented that

utilizations twitter dataset that is the preeminent standard microblogging stage for the

assignment of estimation examination. Using the hashtags from twitter dataset we tend to

fabricate an estimation classifier that may affirm unbiased, positive and negative

conclusion for a report. Test examination show this arranged systems region unit prudent

and performs higher than past arranged procedures.
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CHAPTER 1: INTRODUCTION

1.1Problem outline

Sentiment analysis is a term that alludes to the use of semantic correspondence process,

content examination, and etymology in order to set up the edge of a speaker or creator

toward a specific point. Essentially, it works out whether a book is communicating notions

that square measure positive, negative, or impartial. Notion examination is a sublime

gratitude to find anyway people, fundamentally clients, feel a few unequivocal theme,

item, or thought.

The starting point of slant examination are regularly determined to the Nineteen Fifties,

when conclusion investigation was fundamentally utilized on composed paper records.

Today, be that as it may, notion investigation is wide wont to mine abstract data from

content on the net, just as writings, tweets, web journals, online networking, news stories,

audits, and remarks. this should be possible utilizing a kind of totally various procedures,

just as IP, insights, and AI techniques.

So on unsettle the higher than challenge, we tend to style our system by removing

important expression which gives higher tf-idf (Salton and McGill, 1983) worth for given

expressions and managing WordNet (Mill operator et al.,1995).
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1.2 Motivation

During search of information investigation subjects and related theory papers on this I went

over here. An expanding Number of individuals are changing their perspective by following

online networking like twitter. The most contemporary subjects are featured on

twitter by utilizing hashtag. Also, most NLP methods depend on AI to get significance from

human dialects.

In this way I understand on the off chance that I can find the region of positive and negative

idea about a specific point it is simpler to take next choice.

1.2.1 Elements of our study

We studied “Natural language processing” for preprocess of given text datasets and topics

over the documents. WordNet for context collection and selection process of accurate

phrase.

1.2.2 Interest behind our research

Because of the readers who does not want to read full documents to know whether a topic

is negative or positive to the people worldwide, sentiment analysis can help them to know

about it easily. What people are expecting from a specific topic it will be easily known.

1.3 Research Questions
RQ1: What are the sentiment analysis algorithms existing in the current-state-of-art?

RQ2: How to figure out the most covering models for sentiment analysis?
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1.4 Research Objectives

➢ To present the sentiment analysis algorithms existing in the current-state-of-art.

➢ To figure out the most covering model for sentiment analysis.
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CHAPTER 2: BACKGROUND

2.1 Sentiment Analysis

Sentiment analysis alludes to the administration of estimations, feelings, and abstract content.

The feeling might be sketched out as a read of or point of view toward a situation or occasion.

It ordinarily includes numerous sorts of liberal emotions: bliss, delicacy, trouble, or longing.

One could plot the estimation names as an extremity (e.g., positive, impartial, and negative)

or numerous sorts of passionate inclination (e.g., furious, upbeat, dismal, pleased). The

meaning of supposition names can affect the consequence of the slant examination, along

these lines we need to plot the feeling marks thoroughly. It intends to comprehend the

viewpoint or assessment of a creator as to an exact point or objective.

The point of view may repeat his/her sentiment and investigation, his/her compelling

situation. The interest of supposition investigation is raised gratitude to build request of

breaking down and organizing concealed data that originates from the web-based social

networking inside the sort of unstructured information.

For the most part, assessment investigation plan to locate enthusiastic extremity of content -

in favored case - if content is certain, negative or nonpartisan.

There square measure to a great extent two types of feeling investigation techniques:

•lexicon-based

•machine learning
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Lexicon-based: Dictionary based for the most part ways store delineated rundown of positive

and negative words, with their valence. rule activity content to search out all far-popular

words, and just consolidates their individual outcomes. There might be a few expansions, to

incorporate some linguistic standards, similar to nullification or assumption modifier.

in order to perform conclusion examination by exploitation dictionary based for the most part

approach, an opinion vocabulary should be made.

These strategies square measure upheld call trees like k-Closest Neighbors (k-NN),

Restrictive Arbitrary Field (CRF), Covered up Andrei Markov Model (Gee), Single

Dimensional Classification(SDC),and requested negligible advancement (SMO), related with

procedures of assessment characterization.

Machine Learning Based: ML ways need explained information sets - rundown of writings

with conclusion physically perceived. In the event that we tend to take enormous amount of

such messages, and feed some AI rule (like neural systems or SVM) with them, it'll become

familiar with the best approach to recognize slant precisely. underneath this framework, there

square measure 2 sets, especially a preparation set and a test set.

Ordinarily the information set that is gathered from totally various sources and whose

conduct and yield esteems square measure far-celebrated to US falls into the class of

instructing informational indexes. In differentiation with this, the information sets whose

qualities or conduct square measure obscure to US square quantify known as investigate

informational indexes. AI approach has 3 classifications:

i) supervised;

ii) semi supervised; and

iii) unsupervised .



6 ©Daffodil International University

This methodology is equipped for mechanization and may deal with enormous amount of

data subsequently these square measure horrendously suitable for assessment investigation. in

this manner during this examination i'm going for AI approach for higher result.

2.2 Sentiment Analysis Algorithms

There are several algorithms for sentiment analysis. The top most popular ones include SVM ,

Naïve Bayes, Maximum Entropy Classifier.
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2.2.1 Support Vector Machine (SVM)

The first SVM algorithmic program was created by Vladimir N. Vapnik and Alexey Ya.

Chervonenkis in 1963. In 1992, Bernhard E. Boser, Isabelle M. Guyon and Vladimir N.

Vapnik prescribed how to frame nonlinear classifiers by applying the Part stunt to most

extreme edge hyperplanes. the present standard manifestation (delicate edge) was arranged by

Corinna Cortez and Vapnik in 1993 and imprinted in 1995.

A Support Vector Machine (SVM) is a regulated AI algorithmic program which will be

utilized for every characterization and relapse capacities. SVMs are a ton of normally utilized

in order issues and perse, this is frequently what we'll focus during this post.

SVM works alright on littler cleaner dataset. It offers a great deal of precision than elective

calculations. Furthermore, conjointly It is a ton of affordable because of it utilizes a set of

training focuses.

SVM is responsible for finding the decision limit to isolate entirely unexpected classes and

expand the edge. along these lines it works pleasant for conclusion examination as civilian

army has entirely unexpected classification like positive, negative and impartial.

2.2.2 Naïve mathematician Classifier (NB)

A naïve mathematician classifier could be a clear probabilistic classifier bolstered applying

hypothesis with tough (innocent) freedom assumptions.Bayes' hypothesis was named once

the Reverend Bayes (1702–61), UN office considered an approach to figure a conveyance for

the possibility parameter of a measurable dispersion

Kinds of Naïve Bayes Classifier:

Multinomial Naive Bayes:
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This is to a great extent utilized for record arrangement drawback, i.e whether a report has a

place with the class of sports, governmental issues, innovation and so forth. The

highlights/indicators used by the classifier ar the recurrence of the words blessing inside the

record.

Bernoulli Naïve Bayes:

This is much the same as the multinomial credulous mathematician anyway the indicators ar

Boolean factors. The parameters that we tend to use to anticipate the class variable take up

exclusively values agreed or no, for instance if a word occurs inside the content or not.

Gaussian Naive Bayes:

At the point when the indicators take up a constant worth and aren't unmistakable, we tend to

expect that these qualities ar inspected from an ordinary dissemination.

2.2.3 Maximum Entropy Classifier (ME):

The guideline of Maine was starting elucidated by E. T. Jaynes in 2 papers in 1957 any place

he focused on a characteristic correspondence between regular way of thinking and

information hypothesis. uncommonly, Jaynes offered a substitution and truly broad guideline

why the Gibbsian strategy of normal way of thinking works. He contended that the entropy of

normal way of thinking and furthermore the information entropy of information hypothesis ar

fundamentally steady issue. Therefore, characteristic way of thinking should be seen even as

a particular utilization of a general instrument of coherent thinking and information

hypothesis.

2.2.4 Logistic Regression Classifier (LR) :

Strategic relapse is considered a summed up direct model because of the outcome ceaselessly

relies upon the include of the information sources and parameters. Or on the other hand in
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elective words, the yield can't depend upon the product (or remainder, and so on.) of its

parameters! The objective of supply relapse is to appropriately anticipate the class of result

for singular cases exploitation the first miserly model. To achieve this objective, a model is

framed that highlights all indicator factors that ar supportive in anticipating the reaction

variable. supply relapse is another system obtained by AI from the area of measurements. it's

the go-to strategy for double classification varification (issues with 2 class esteems).

2.3 Reason for Using SVM in Our Research

There territory a few calculations to use for conclusion examination. with the exception of

my dataset SVM shows the best outcome. the most rule of Support vector machine is to see

straight separators inside the pursuit house which may best separate the different classes. As I

investigation on content information SVM is one among the best choices. because of content

information zone unit obviously fit to SVM attributable to the appropriated idea of content.

SVM is one among the principal practical and right equation than the contrary grouping

calculations.

As a rule terms Support Vector Machines zone unit horrendously goodworking once you

have Brobdingnagian assortment of shifted alternatives. For content characterization during a

sack of words model it works higher. SVMs will with proficiency play out a non-straight

order exploitation what's known as the piece stunt, verifiably mapping their contributions to

highdimensional component zones.

There are so many good terms of SVM. a number of them are-

• The horrendously idea of the arched improvement strategy guarantees secure

optimality. the appropriate response will undoubtedly be an overall least and not a

local least.
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• SVM is Partner in Nursing recipe that is proper for each directly and nonlinearly

distinguishable information (utilizing bit stunt). the sole issue to attempt to will be to

returned up with the regularization term, C.

• SVMs function admirably on small likewise as high dimensional information zones.

It works viably for high-dimensional datasets attributable to the very reality that the

nature of the training dataset in SVM is typically described by the amount of help

vectors rather than the spatial property. but all extraordinary instructing models

territory unit evacuated and furthermore the training is intermittent, we'll get

indistinguishable ideal isolating hyperplane.

• SVMs will work successfully on littler instructing knowledgesets as they don't have

certainty the entire information.

2.4 Uses of SVM

SVM is a directed AI calculation which can be utilized for order or relapse issues. It utilizes a

strategy called the bit stunt to change your information and afterward dependent on these

changes it finds an ideal limit between the potential yields.

The goal of the help vector machine calculation is to discover the hyperplane that has the

most extreme edge in a N-dimensional space(N — the quantity of highlights) that

unmistakably characterizes the information focuses.

Information focuses falling on either side of the hyperplane can be ascribed to various classes.

Additionally, the component of the hyperplane relies on the quantity of highlights. On the off
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chance that the quantity of info highlights is 2, at that point the hyperplane is only a line. In

the event that the quantity of information highlights is 3, at that point the hyperplane turns

into a two-dimensional plane.

Support vectors are information indicates that are nearer the hyperplane and impact the

position and direction of the hyperplane. Utilizing these help vectors, we amplify the edge of

the classifier. Erasing the help vectors will change the situation of the hyperplane. These are

the focuses that assist us with building our SVM.

2.4.1 Three impressive research using Support Vector Machine in recent years in our
aspect

Table 2. 1: Five Impressive Work Using SVM

No. Author Used Model Years Problem Domain

1 Nurulhuda

zainuddin et

al..,2014

SVM 2014 Sentiment analysis

2 Raisa Varghese et

al.,2013

SVM 2013 Aspect Based

Sentiment Analysis

3 Abd. Samad Hasan

Basariaet al.,2012

SVM 2012 Movie review
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2.4.1.1 Research 1

Sentiment Analysis using Support Vector Machine (2014)

In their examination, the dataset was utilized to prepare a supposition order model dependent

on Support Vector Machine(SVM). Here the calculation utilizes n-grams and distinctive

weighting plan as a contribution to the classifier.From the perceptions, it tends to be reasoned

that unigrams beat other n-grams models for both datasets while Paired Occurences (BO)and

TFIDF weighting plan assumes a significant job in removing highlights that are the most old

style for Taboada Corpus just as Ache Corpus. Subsequently the paper shows that by utilizing

highlight determination of chi-square will significantly advance the classification

consequence of exactness for both datasets.

2.4.1.2 Research 2

Aspect Based Sentiment Analysis using Support Vector Machine Classifier (2013)

The assessment investigation issue is an exploration zone in which numerous difficult issues

are to be tended to. In the work done here, the assignment of finding the viewpoints or

highlights of a specific item is done naturally. With sufficient managed preparing, solid

outcomes with a normal precision pace of 77.98% could be accomplished. The pre-preparing

steps are relatively difficult, due to the unstructured idea of regular language content. This is

a major issue to be considered and practically powerful arrangements can be given to tackle it.

In our work, we utilized the coreference resolver, reliance parsing and Sentiwordnet together

to create the planned outcomes.
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All in all, the client audits may contain proclamations that have suppositions about

viewpoints eventhough the perspective name may not be available in the sentence. Sentences

with mockeries may likewise show up. Such sentences need a second request translation by

the peruser separated from the simple significance passed on by the words in the sentence.

Such cases happen in survey writings, and it is incredibly difficult for a machine to separate

data from them. So in the present work done, such cases are not considered.

2.4.1.3 Research 3

Opinion Mining of Movie Review using Hybrid Method of Support Vector Machine and

Particle Swarm Optimization (2012)

This examination has demonstrated that PSO influence the exactness of SVM after the

hybridization of SVM-PSO. The best precision level that gives in this examination is 77%

and has been accomplished by SVM-PSO after information purifying. Then again, the

exactness

level of SVM-PSO still can be improved utilizing upgrades of SVM that may be utilizing

another mix or variety of SVM with other advancement technique.

This examination likewise has accomplished for opinion grouping utilizing SVM with a

correlation among n-grams (unigram, bigram and trigram) strategy and highlight weighting

(TF and TF-IDF). In future work the utilization of more blend of ngrams and highlight

weighting that gives a superior precision level than this investigation will be considered. The

work done in this exploration is just identified with grouping assessment into two of the

classes (paired order) that is a positive class and negative class. Later on improvement, a

multiclass of slant order, for example, positive, negative, nonpartisan, etc may be thought

about.
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CHAPTER 3: SYSTEMATIC MAPPING STUDY

3.1 Search Strategy

The exploration strategy tends to the pursuit string we express, the extent of the examination,

the time of search, the hunt technique, and the consideration/rejection criteria we place.

Pertinent has a wide inclusion of the best in class, the pursuit string ought to be cautiously

Decided.

3.1.1 Search String

I shaped the inquiry string following to the first objective and the exploration question what I

have set. The strings ought to be light, in order to acquire different outcomes and spread the

subjects correctly. I have utilized the OR Boolean administrators to interface the principal

terms and their counterparts. A definitive inquiry string is:

(“Sentiment Analysis” OR “Sentiment Orientation” OR “Opinion mining”) AND (“Twitter”

OR “Social Media”) AND (“Hashtag” OR “Hashtagging”)

In order to use the string formed with the AND/OR Boolean operators, I have used the

accessible advanced search in all database.



15 ©Daffodil International University

CHAPTER 4: RESEARCH EXPERIMENT

Figure 4 1: Proposed architecture

4.1 Text Preprocessing

Quantitative goals requests that we adjust our reports inside numerical information.

Permitting the explanation that word arrangement might be affected of with least expenses

for thought (see Grimmer and Stewart, 2013, for exchange) and a 'sack of words' depiction

utilized. Research is ordinary practice (some subset of) any progressively double

preprocessing (Denny et al., 2018) moves in developing the fitting report term grid. We

presently clarify these in scarcely any subtleties, since certain are the focal point of our

examination work.
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4.1.1 Tokenizing Content

Tokenization is the demonstration of separating an arrangement of strings into pieces, for

example, words, catchphrases, expressions, images and different components called tokens.

Tokens can be singular words, states or even entire sentences. During the time spent

tokenization, a few characters like accentuation marks are disposed of. Now and then division

is utilized to move to the order of a huge lump of content inside pieces more prominent than

words, while tokenization is held for the examination procedure which results especially in

words.

Tokenize process

4.1.2 Stop words Expelling

After complete tokenization, we have to evacuate stop words as in light of the fact that we

needn't bother with all words by any means.

Stop words (Denny et al., 2018) are mean a lot of regularly utilized words in any language.

When assembling the list, most motors are modified to expel certain words from any list

section. The rundown of words that are not to be included is known as a stop list. Stop words

are considered unimportant for looking through purposes since they happen much of the time

in the language for which the ordering motor has been tuned. So as to spare both reality, these

words are dropped at ordering time and afterward overlooked at search time. For instance, in

the event that we search any question as "how to create slant examination with hashtag", If

the internet searcher chooses to discover site pages that got the articles "how", "to" "create",

"supposition", "investigation", "with", "hashtag" the web index is attempting to get a great
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deal of additional pages that contain the articles "how", "to", "with" than pages that get data

around subject displaying and naming in light of the fact that the articles "how", "to" and

"with" are so consistently utilized in the English language. In this way, on the off chance that

we overlook these two articles, the internet searcher can truly concentrate on theme

demonstrating pages that get the watchwords: "create" "assessment" "examination"

"hashtag" – which would all the more almost raise pages that are really of intrigue. This is

only the fundamental worry for motivation stop words.

4.1.3 Stemming words

Stemming process

Stemming is the way toward diminishing intonation in words to their root structures, for

example, mapping a gathering of words to a similar stem regardless of whether the stem itself

is definitely not a legitimate word in the Language.. For instance, if the client questions the

plural custom of a word (works, working, worked), the internet searcher recognizes and

return fitting substance that relates the particular type of the root word (work).

4.2 Data Visualizing with WordCloud

Word Cloud is an information representation procedure utilized for speaking to content

information in which the size of each word shows its recurrence or significance. Noteworthy

printed information focuses can be featured utilizing a word cloud. Word mists (otherwise
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called content mists or label mists) work in a basic way: the more a particular word shows up

in a wellspring of printed information, (for example, a discourse, blog entry, or database), the

greater and bolder it shows up in the word cloud.

A word cloud is an assortment, or group, of words delineated in various sizes. The greater

and bolder the word shows up, the more regularly it's referenced inside a given book and the

more significant it is.

Figure 4.2: WordCloud Data

4.3 Extracting Hashtag Data

A hashtag is a one of a kind procedure for sorting messages. With regards to web-based

social networking, the hashtag is utilized to draw consideration, to compose, and to advance.

Hashtags got their beginning in Twitter as a method for making it simpler for individuals to
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discover, pursue, and add to a discussion. Presently a-days feeling investigation has become a

weapon to discover individuals' conclusion in a specific theme. As in this paper I was

chipping away at twitter information, hashtags are significant device to discover assessment

of individuals. Considering hashtag consistently improves opinion grouping.

Figure 4.3: Positive data

Figure 4.4: negative data
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4.4 Extracting Features from Cleaned Tweets

4.4.1 Bag of Words (BOW):

The pack of-words model is a method for speaking to content information when displaying

content with AI calculations. It is easy to comprehend and execute and has seen extraordinary

accomplishment in issues, for example, language displaying and record order.

A pack of-words is a portrayal of content that depicts the event of words inside a record. It

includes two things:

1. A vocabulary of known words.

2. A measure of the presence of known words.

For instance, if there are three sentence in an archive like " I am upbeat", " I am the best" and

"that was the period of stupidity" at that point BOW will plan the content as "I", "am", "glad",

"the", "best", "that", "was", "age", "of", "silliness" . after that it will make record vector for

each line independently. In the event that you need to see the vector for first sentence the

vector will resemble [1,1,1,0,0,0,0,0,0,0]

Furthermore, the subsequent archive will resemble [1,1,0,0,1,0,0,0,0,0]
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4.4.2 TF-IDF:

TF (Term Frequency) gauges the recurrence of a word in a record.

TF = (Number of time the word happens in the content) / (Complete number of words in

content)

IDF: IDF (Inverse Document Frequency) quantifies the position of the particular word for its

importance inside the content. Stop words which contain superfluous data, for example, "an",

"into" "and" convey less significance despite their event.

IDF = (All out number of reports/Number of records with word t in it)

In this manner, the TF-IDF is the result of TF and IDF:

TF-IDF = TF * IDF

4.3 Training SVMModel

I have partitioned the information into preparing and testing sets. Right now is an ideal

opportunity to prepare our SVM on the preparation information. Scikit-Learn contains the

svm library, which contains worked in classes for various SVM calculations. Since we will

play out a characterization task, we will utilize the help vector classifier class, which is
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composed as SVC in the Scikit-Learn's svm library. This class takes one parameter, which is

the portion type. This is significant. On account of a straightforward SVM we just set this

parameter as "direct" since basic SVMs can just characterize directly distinguishable

information. We will see non-direct portions in the following area.

The fit strategy for SVC class is called to prepare the calculation on the preparation

information, which is passed as a parameter to the fit technique. Execute the accompanying

code to prepare the calculation:

As clarified in Dumais and Chen (2000) and Ache et al (2002). Given a classification set, C =

{+1, −1} and two pre-classified preparing sets, i.e., a positive example set, Tr+ = ∑ = n I 1

(di , +1) and a negative example set, Tr - =∑ = n I 1 (di , −1), the SVM finds a hyperplane

that isolates the two sets with greatest edge (or the biggest conceivable good ways from the

two sets), as outlined in Fig. 1. At pre-handling step, each preparation test is changed over

into a genuine vector, xi that comprises of a lot of significant highlights speaking to the

related archive, di. Thus, Tr + =∑ = n I 1 (xi, +1) for the positive example set and Tr − =∑ =

n I 1 (xi, −1) for the negative example set. In such manner, for ci =+1, w · xi + b > 0, and for

ci = - 1, w · xi + b < 0. Thus, T +, T − {ci · (w · xi + b) ≥ 1} turns into an advancement issue

characterized as pursues:

limit (1/2) ||w||2 , subject to ci · (w · xi + b) ≥ 1. The outcome is a hyperplane that has the

biggest separation to xi from the two sides. The classification assignment would then be able

to be planned as finding which side of the hyperplane a test falls into.
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Figure 4.5: Support Vector Machine illustration

Confusion matrix, precision, recall, and F1 measures are the most usually utilized

measurements for characterization errands. Scikit-Learn's measurements library contains the

arrangement report and disarray lattice techniques, which can be promptly used to discover

the qualities for these significant measurements.
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Figure 4.6: Full process of model evaluation
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CHAPTER 5: RESULT ANALYSIS AND DISCUSSION

5.1 Recall, Precision, F-measure

I tried 9590 examples for estimation examination inquire about. There were 8808 True

positive, 82 False positive, 409 False negative and 290 True negative information.

A perplexity framework is required for our anticipated outcome investigation. So now we

will examine on precision, recall, and f-measure (Makhoul et al.,1999).

Disarray Lattice is an exhibition estimation for AI characterization. It is very valuable for

estimating Recall, Accuracy and Precision.

Table 5. 1: Confusion matrix classes and parameters

True Positives (TP)⇒ Translation: You anticipated positive and it's valid.

You anticipated that a man is visually impaired and he really is.
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True Negatives (TN)⇒ Elucidation: You anticipated negative and it's valid.

You anticipated that a man isn't hard of hearing and he really isn't.

False positives and b False negatives, those qualities happen when unique class denies with

the anticipated class.

False Positives (FP)⇒ Translation: You anticipated positive and it's bogus.

You anticipated that a lady is pregnant however she really isn't.

False Negatives (FN)⇒ Elucidation: You anticipated negative and it's False.

You anticipated that a lady isn't deaf hearing yet she really is.

Table 5. 2: Naïve-Bayes metrics
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Table 5. 3: Logistic regression metrics

Table 5. 5: SVM metrics

Presently by these four parameters, we can compute Recall, Precission and F1 score for our

expectation with SVM classifier.

Precision⇒
𝑇𝑃

𝑇𝑃+𝐹𝑃

So the term is actually looks like -
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𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
8808

8808+82

= 0.990 (5.1)

Recall⇒
𝑇𝑃

𝑇𝑃+𝐹𝑁

So the term actually looks like-

𝑅𝑒𝑐𝑎𝑙𝑙 =
8808

8808+409

= 0.956 (5.2)

F-Measure : The F measure (F1 score or F score) is a measure of a test's accuracy and is

defined as the weighted harmonic mean of the precision and recall of the test.

F-measure =
2(𝑟𝑒𝑐𝑎𝑙𝑙∗𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛)

𝑟𝑒𝑐𝑎𝑙𝑙+𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

=
2(0.990∗0.956)

0.990+0.956

= 97 (5.4)

So, accuracy of my proposed model is 96 percentage.

As I calculated precision, recall and f-measure with other algorithm, the result is-



29 ©Daffodil International University

Algorithm Precision Recall F-

measure

SVM 0.99 0.95 0.97

Naïve-Bayes 0.96 0.93 0.95

Logistic Regression 0.98 0.95 0.96

Support vector gave me highest value while Naïve-Bayes gave minimum value within these

three.
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CHAPTER 6: CONCLUSION
6.1 Our Contribution

Sentiment Analysis turns into the most significant source in basic leadership. Nearly

individuals rely upon it to accomplish the proficient item. In spite of the fact that, there are

countless people, who compose and readtwitter post day by day, the exploration in this field

finds insufficient till now. Since breaking down logical posts space is hard. It has exceptional

highlights and attributes impacts on the feeling extremity assessment. In this paper I

Demonstrated the best model to characterize negative and positive information using

hashtags on twitter information.

For assessing my proposed method I thought about four propelled AI calculations like SVM,

Innocent Bayes, Greatest Entropy and Strategic Relapse. What's more, I have the most

noteworthy exactness of SVM just as Strategic relapse. However, as a genuine order issue,

fmeasure is better measurement to assess my model. And afterward Bolster vector machine

gives the best f-measure than others. So I can say SVM got best outcome.

6.2 Future Works

In the near future, I intend to work on large dataset as support vector machine is not feasible

for large dataset. While working on this paper I found the trick for training SVMs on large

datasets is to approximate the optimization problem with a set of smaller subproblems. So

next, (M, 2013)I intend to apply this trick on my work.
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