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Abstract: Now-a-days people interest to spend their time in
social sites especially twittersto post lot of tweetsin every day. The
posted tweets are used by many users to get the knowledge about
the particular applications, products and other search engine
queries. With the help of the posted tweets, their emotions and
sentiments are derived which are used to get opinion about
particular event. Lot of traditional sentiment detection system that
has been developed but they failed to analyze huge volume of
tweets and online contents with temporal patterns were also
difficult to analyze. To overcome the above issues, the co-ranking
multi-modal natural language processing based sentiment
analysis system was developed to detect the emotions from the
posted tweets. Initially, tweets of different events are collected
from social sites which are processed by natural language
procedures such as Stemming, Lemmatization, Part-of-speech
tagging, word segmentation and parsing are applied to get the
words related to posted tweets for deriving the sentiments. From
the extracted emotions, co-ranking process is applied to get the
opinion effectively related to particular event. Then the efficiency
of the system is examined using experimental results and
discussions. Theintroduced system recognize the sentiments from
tweets with 98.80% of accuracy.

Keywords: Twitter, tweets, sentiment analysis, emotion,
co-ranking multi-modal natural language processing based
sentiment  analysis  system, stemming, Lemmatization,
Part-of-speech tagging, word segmentation and parsing

. INTRODUCTION

Sentiment analysis[1] isone of the most important thingsin
text mining and social site based communication. The text
mining concept utilizes various techniques to determine the
neutral, negative and positive comments from the list of
comments. Now-a-days most of the people utilize social sites
such as facebook, twitter, instagram and so on. Among the
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severa sites, twitter [2] is one of the common social sites to
convey their opinion about particular incident, political
thoughts, public actions in political problems and business
decision. There is lot of tools [3] such as revealed context,
engenuity, social mention, steam crab and meaning cloud are
used to examine the twitter comment and predict the
sentiment effective manner. In addition to this, python and R
[4] aso utilize the twitter dataset for predicting people
sentiments, emotion effectively. Even though these tools are
fail to detect the sentiment 100% of accuracy with specific
time. Along with this, these tools are sometimes creating
complexity while managing large volume twitter data. For
overcoming the above discussed issue, several earlier
detection techniques [5] such as Latent Dirichlet Allocation
(LDA),Latent Semantic Analysis (LSA), support vector
machine, naive Bayes, apriori, FP-growth, maximum entropy
approaches are used to predict the sentiment from twitter data.

This mentioned algorithm is utilized by several authors to
predict the sentiment from the twitter dataset. Few authors’
opinions are discussed in this part to get the knowledge, idea,
templates; thoughts are get to develop the effective sentiment
analysis system. (Shihab Elbagir et a., 2018) [6] developing
twitter sentiment analysis system by using scikit learn and
machine learning techniques. The twitter data is collected
from NLTK corpora which is examined successfully to
extract the various features. The extracted twitter features are
processed with the help of several classifiers such as SGD
classifier, bernoudlli NB, multinomial NB, linear SVC, SVC
and NuSV C approach. The discussed classifiersrecognize the
twitter sentiments up to 75% of accuracy compared to the
prediction tools. (Md Shad Akhtar et a., 2016) [7] Detecting
sentiments from twitter data using hybrid convolution neural
networks. Initially, twitter data is collected from websites
which are processed and several twitter features are derived.
From the derived features, optimized twitter data is selected
with the help of multi objective optimization approach. The
selected features are processed, trained using support vector
machine. The trained features are successfully helps to
recognize the sentiment word effectively. Then the efficiency
of the system is evaluated using English and Hindi twitter
dataset. Then the introduced system attains 77.16% of
accuracy while analyzing various twitter comments.

(Imane EI Alaoui et a., 2018)[8] Analyzed public opinion
from social data using effective sentiment analysis technique.
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Initially, the public opinion data is collected from large
social sites. The collected datais processed and user opinions
are derived based on the polarity and hashtag related contents
are derived from comment.

From the extracted information, various sentiments are
classified using adaptive analysis technique. During the
Excellency examination process, US 2016 election related
comments are taken to classify the positive, negative
comments effectively. (Ahmed Sulaiman et al.,2019)[9]
introducing the enhanced approach called convol ution neural
network for detecting sentiment from twitter data. The system
utilizes the semeval 2016 workshop related two twitter
database. After collecting data, effective features are derived
which are processed with the help of multi-layer convolution
network. The network successfully predicts the positive and
negative tweets. Then the efficiency of the system is
compared with the severa baseline models such as support
vector machine and naive Bayes. Among the various models,
deep learning based prediction process provides effective
result while predicting twitter sentiments.

According to the discussion, twitter sentiments are
predicted effectively by created automatic system. The
prediction accuracy and amount of data used in the research
work is still minimum. So, the system efficiency need to be
improved also large volume of data has to be utilized to
enhance overall sentiment prediction efficiency. For this
requirement, natural language processing tool [10] is used to
examine the each word in the tweet also it utilizes large
volume of data effectively. Then the introduced approach
uses different bench mark of dataset that perfectly recognize
the positive, neutral and negative comments successfully.
Finally, the discussed system is developed using python tool
and efficiency of the system is determined using different
performance metrics. Depending on the discussion, the rest of
the paper is arranged as follows, section | analyze the basic
introduction, different author opinion regarding sentiment
analysis has been discussed. Section Il discusses the
co-ranking multi-model natural language processing
approaches based sentiment analysis process, section |1l
evaluates the efficiency of co-ranking multi-modal natural
language processing approaches related sentiment analysis
and outcome of the work is discussed in section V.

I1. RANKINGMULTI-MODAL NATURAL
LANGUAGE PROCESSING APPROACHESBASED
SENTIMENT ANALYSISSYSTEM

In this section discusses about the detailed working process
of Co-Ranking Multi-Model Natural Language Processing
Approaches Based Sentiment Analysis Process. During the
analysis process, the system must be used large volume of
data because the traditional system has specific twitter dataset
[11]. According to the discussion, in this work large volume
of dataset [12] such as awesome twitter datais used to predict
the sentiment effectively. The captured data is processed by
different processing steps which are depicted in figure 1.

A. Twitter Data Set

The first step of the work is data collection, in this work
twitter datais gathered from awesome twitter dataset [13]. As
discussed earlier, the developed sentiment prediction system
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needs to utilize large amount of dataset. So, the utilized
awesome dataset consists of large volume of twitter data such
as movie twitting, chase tweets, ego tweets, new year
resolution tweets, crowd flower gender tweets, weather
sentiment tweets and so on. In addition to this, awesome
dataset consists of several user twitter datanamely, max plank

SENTIMENT

ANALYSIS Gathering twitter data from awesome

twitter dataset
(https://github.com/shaypal5/awesome
-twitter-data)

Removing special character, Hash tag, URL and unwanted
content from tweets

l

Applying natural language processing steps such as
stemming, tokenization and PoS tag

|

Compute sentiments applying multimodal co-ranking
algorithm

Figure 1. Co-Ranking Sentiment Analysis System
twitter data(1,755,925,520 tweets), social group tweets( 41m
tweets), higger tweets (456K tweets) and ego twitter (80k).
So, the collected tweets consists of almost both positive,
negative and neutral tweets which are analyzed using natural
language processing and co-ranking algorithm to predict the
sentiments effectively. From the collected twitter data [14],
several unwanted tweets information which need to be
eliminated for further processing. The sample tweets are
depicted in table | with relevant tweet id.

Table- |: Sample Tweets

11 | must think about positive..

12 | thanksto al the haters up in my face all day! 112-102

13 | thisweekend has sucked so far

14 | jb ustr showingin ustraliaany more!

15 | ok | it youwin.

16 | &lt;-------- Thisisthe way | fedl right now...

17 | awhhe man.... I’m completely useless rt now. Funny,
all | can do istwitter. http://myloc.me/27HX

18 | Feeling strangely fine. Now I’m gonna go listen to
some Semisonic to celebrate

19 HUGE roll of thunder just now...SO scary!!!!

20 | #1 just cut my beard off. It’s only been growing for
well over ayear. I’m gonna start it over.
@shaunamanu is happy in the meantime.

21 Very sad about Iran.

22 wompppp wompp

23 | You’rethe only onewho can see this cause no one else
isfollowing me thisisfor you because you’re pretty
awesome

24 | &It;---Sad level is 3. | waswriting amassive blog
tweet on Myspace and my comp shut down. Now it’s

al lost *laysin fetal position*
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25 | ... Headed to Hospitol : Had to pull out of the Golf

something !!! Yeah THAT !!

26 BoRInG ): whatswrong with him??  Please tell
me........ -/

B. Multi-Modal Natural Language Processing Based
Twitter Preprocessing

The next step of the work is multi-modal natural language
processing based sentiment tweets analysis. The detailed
structure of multi-model-based twitter sentiment analysis
processis shown in figure 2. During the analysis process, the
developed system not only analyze the text tweets but also
examines the multi-modal comments [15] such as images,
visual dataand so on.

Positive tweets T Negative tweets
Va

AR ethEe [ Create training dataset by
providing labels

ranking model
Comparing

ﬁ'
Tweets

User —

==l
=2 Extracting spectral, audio
and visual features

Applying Natural Language

Processing to remove
unwanted information

Figure 2: Sentiment analysis multi-modal Architecture
Diagram

For example, the twitter data [16] consists of several video
links, images for expressing their feeling in particular
situation. From the comment decision has been taken to
business discussion, political activity etc. First collect tweet
from above discussed dataset, which isanalyzed continuously
for eliminating the unwanted characters[17] from tweets. The
tweets consists of various symbols such as /,@, #, and URL
which are unwanted while predicting sentiment details. First
the URL needs to be removed from the gathered tweet, then
thetag of the tweet need to be eliminated. Thetagisidentified
using @ symbol. Then the # symbol must be removed from
the unwanted data. This process eliminates the unwanted
character from tweet successfully. Further the tweet is
analyzed continuously to performing stemming process [18]
which identifies the root word of the given tweet. The root
word is predicted by removing prefix, suffix, and infix from
the given tweet. Then the open NLP tool is applied to the
tokenization process that successfully segment the given
tweet into parts of speech (PoS), word boundary
segmentation, and entity extraction. The extracted words are
maintained in the table that used to predict the negative word
fromthe given tweet. If theword having the negative version,
then assign value as 0 and remaining neutral and positive
tweets are having value 1. Based on the above discussion, the
natural language processing based preprocessed sentiment
tweet is described as follows.

Sample tweet:
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#1 just cut my beard off. It's only been growing for well
over ayear. |'m gonnastart it over. @shaunamanu ishappy
in the meantime.

Removing unwanted character, URL, /,@ from tweet |
just cut my beard off. It's only been growing for well over a
year. |'m gonna start it over. is happy in the meantime.
NLP processing, stemming and PoS process
Growing-grow, cut, happy, time.

Happy having positive tweet and provide vector as 1.

Based on the discussion, the removed tweets are
maintained with root word for deriving the various features
from the tweets. More ever, the tweet having image, video as
the comment so different features are derived for predicting
sentiments effectively.

C. Sentiment tweetsrelated Feature Extraction

The third step of the work is deriving the feature [20]
from the preprocessed tweets. The features are extracted from
tweets based on the comma, interjection, words, question
mark, punctuations. These semantic features are examined
from the tweets, once, the tweet having any negative comment
it does not have any positive tweets. After identifying
semantic features, number of negative (NE) and positive (PO)
words are identified with its ratio that is estimated as follows.
FO-NE
PO+NE (1)

From the egn (1), emotional related word value is set as 0,
if the tweet does not contain any emotional tweet word. Then
the dlang of the tweet is estimated to determine the negative
tweets, and the analyzed tweets are grouped according to the
three classes such as positive(0) and negative (1) tweets,
neutral. From the derived classes, training set [21] is formed
becauseit is used to detect the sentiment related tweets easily.
If the tweets having any audio related comments, phonetic
property of the audio is computed. Then the spectral centroid
of the audio tweet is estimated as follows,

Inca Fln)x(n)

Enzo x(n) @)

Inegn (2), x(n) is denoted as the audio weighted frequency
value, nisthe number of binand f(n) is center frequency value
of audio. Then the spectral flux feature is extracted from the
audio signal comment. The spectral flux feature identifies the
power spectrum of the audio signal. For extracting the various
audio features, opensmile tool is used in this research work.
Further the visualization features are derived from the image
and video related comment [22]. Open face tool is used to
derive the facial expression and visualization features. Based
on the derived features, the label is provided to the tweet
which is treated as the training features. According to the
discussion, the formed training feature set is depicted in
tablell.

pone(t) =

centroid =

Depending on the table 11 value, the incoming new testing
tweets are examined to predict the sentiment effectively. Then
the twitter related emotions are derived with the help of
co-ranking algorithm that is discussed in the section D.
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D. Sentiment Classification using Co-ranking Algorithm

The last step of thiswork isto classification of sentiments
from the tweets which are done by applying co-ranking
algorithm [23]. The incoming new tweets are processed by
above discussed (section B) natural language processing
techniques. The NLP technique effectively removes the
unwanted characters from the tweets. Then the different
features are extracted which are in text format that is covert
into graph format. The extracted words are treated as node
and construct the graph for predicting the sentiment analysis.

Table- I1: Trained feature labeled tweets

Tweet Labeled
ID | Tweets Tweet
11 0 I must think about positive..
12 1 Thanks to all the haters up in my
face al day 112-102
13 0 this weekend has sucked so far
jbisnt showing in
14 0 Australiaanymore
15 0 ok thatsit you win.
16 0 Thisistheway i feel right now...
awhhe man.... I'm completely
17 0 useless rt now. Funny, al | can do
is twitter.
Feeling strangely fine. Now I'm
18 1 gonnago listen to some Semisonic
to celebrate
19 0 HUGE roll of thunder just now SO
scary
| just cut my beard off. It'sonly
been growing for well over ayear.
20 0 . : X i
I'm gonna start it over. ishappy in
the meantime.
21 0 Very sad about Iran.
22 0 wompppp wompp
Y ou're the only one who can see
this cause no one elseisfollowing
23 1 o ,
me thisisfor you because you're
pretty awesome
Sad level is 3. | waswriting a
o4 0 massive blog tweet on Myspace
and my comp shut down. Now it's
dl lost laysin fetal position
Headed to Hospitol : Had to pull
5 0 out of the Golf Tourny in 3rd place
| Think I Re-Ripped something
Yeah THAT
BoRinG whats wrong with him
26 0
Please tell me
can't be bothered. i wishi could
27 0 spend the rest of my life just sat
here and going to gigs. serioudly.
Feeling like shit right now. | really
want to sleep, but noo | have 3
28 0 .
hours of dancing and an art
assignment to finish.
29 1 goodbye exams, HELLO
ALCOHOL TONIGHT
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30 0 | didn't realize it was THAT deep.

Geez give agirl awarning at least
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Therelated semantic words are analyzed and formed as edges
for this purpose, senti wordnet is used for compute the word
polarity value each node or word. The computed sent word
allocates synset score to word as negativity, positivity and
objectivity. From the computed polarity value, highest value
is shown as bias and weights are determined between the
edges. The edge value having negative word, then the weight
value must be negative bias. According to the discussion
signature words are computed from tweets, then the nodes are
treated as word and form as the graph. Then the link between
the edges is computed using ranking model to construct entire
graph. The weights are computed according to the positive
and negative words. Then the graph coefficient value is
generate and computed as follows. First, graph opinion target
valueis estimated as follows.

(_"f“ =(1—p) x My, x Ci +pu x I,

3
Then the word opinion candidate value is computed
CHl = (1—p) x M x CF + u x I,
4)
cE.cr. -
Inegn(3and4) -0 +*t isrepresented asthe confidence of

opinion words and confidence of opinion target value,

association of weights denoted as M Eo andlo- ¢ represented
as prior confidence of opinion word and target candidates.
After computing the candidate value, negative and positive
score for every word.

S:ﬂy Z(—s}“'], if s%<0
(o _

Jeli

5=
i (o) (o) .
sj/ E.‘:J. , if

-"EHLP

=
s >0

®)

We give “-1” to si(0) if di’s label is “negative”, and “1” if
“positive”. So we obtain the initial sentiment score vector
S(0) for both domain data. This process is repeated and the
computed output value is compared with the training set to
predict the sentiment about the tweet is determined
effectively. According to the discussion the agorithm steps
are discussed as follows,
Algorithm for sentimental analysis
Step 1: Collect the twitter data from dataset
Step 2: Removing unwanted content from tweets using natural
language processing techniques.
Step 3:Different type of features are need to be extracted from
the tweets.
i) ldentifying positive, negative features and their ratio is
computed as follows,
PO — NE
PO + NE

ii audio phonetic property is applied to extract the
audio based feature using above spectral centroid.
Znzo f)x(n)

n=0x(1)

iii Then spectral flux features are extracted from the audio

signal power spectrum.

pone(t) =

centroid =
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iv opensmiletool is applied to get the facial expression
features from the video or image tweets.
Step 4: Arrange the feature and form the training feature set
and label feature (O for positive and 1 for negative).
Step 5: New incoming features are classified by applying co
ranking algorithm, which form the graph while classifying the
sentiments.
Step 6: The extracted features are compared with training set
to recognize the sentiments from tweets.
Step 7: Repeat the process for every new incoming tweets.

Then the efficiency of the system is evaluated using the
experimental analysiswhich is discussed in section 111.

I11. RESULTSAND DISCUSSION
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process, twitter data is collected from the awesome twitter
dataset and the system is developed using the Python. The
python based developed system utilizes the discussed
(section I1) discussed procedure. The successfully multimodal
natural language processing based unwanted character
elimination process improves the overall sentiment analysis
process. During this process, 70% of twitter data is uses as
training and 30% if datais uses as testing data which helpsto
determine the excellence of the system. The twitter sentiment
analysis system efficiency [24] is determined using different
parameter such as precision, recall, accuracy, f-score and
ROC metrics. The co-ranking multimodal prediction system
successfully selects the sentiment using training value. The
efficiency of the system is analyzed using precision metrics
that is computed as follows.

Trus positive

The excellence of Co-Ranking Multi-Model Natural Precision = ———— - —
N positive + false positive (6)
Language Processing Approaches (CRMMNLP) Based
Sentiment Analysis is discussed in this section. During this
Tablelll: Precision
Methods Number of Tweets
1000 1500 2000 2500 3000 | 3500 4000 4500 5000 5500
CRMMNLP 98.78 | 98.83 | 98.84 98.76 | 98.97 | 99.03 | 98.93 98.76 98.84 98.09
LDA 97.24 | 97.32 | 97.53 9798 | 97.12 | 97.35 | 97.52 97.65 97.34 97.41
LSA 96.87 | 96.53 | 96.62 96.78 | 96.83 | 96.29 | 96.37 96.45 96.53 96.86
FP-Growth 95.78 | 95.67 | 95.81 95.84 | 95.67 | 95.03 | 95.82 95.48 95.72 95.92
Apriori 9419 | 94.83 | 94.76 9464 | 9497 | 94.71 | 94.91 94.83 94.79 94.83
Eqgn (6), the successful prediction of right sentiment feature —=— CRMMINLF
which is measured using true positive and predicting negative o ] - T i Srown
tweets. The incorrect prediction of positive and negative - TN
sentiment tweets is measured using false positive value. The 98 1 - .
CRMMNLP based obtained precision value is depicted in £.] = N -~
table 11 2 e
The table 11l demonstrates that the precision value of ool ——— - I
Co-Ranking Multi-Model Natural Language Processing oo ] - v
Approaches (CRMMNLP) compared with different twitter Pt e S
data sentiment analysis process such as linear discriminate 01— — — — — it
analysis (LDA) [25], Latent Semantic Analysis (LSA) [26], Number of twests
Figure2: CRMMNLP-Precision value
TablelV: Recall
Methods Number of Tweets
1000 1500 | 2000 2500 3000 | 3500 4000 4500 5000 5500
CRMMNLP 97.368 | 97.65 | 97.87 97.95 | 9743 | 97.89 | 97.63 97.85 97.84 97.68
LDA 96.45 | 96.76 | 96.83 96.47 | 96.95 | 96.82 | 96.65 96.37 96.18 96.27
LSA 9536 | 95.12 | 95.38 9552 | 9547 | 9568 | 95.79 95.39 95.69 95.12
FP-Growth 94.57 | 9459 | 94.67 94.87 | 94.38 | 94.76 | 94.60 94.72 94.75 94.14
Apriori 9321 | 9367 | 93.76 93.80 | 93.65 | 93.6 93.96 93.58 93.89 93.18

Fp-growth [27] and apriori [28]. The discussed methods are
effectively identified and select the sentiments from twitter
data effectively. The introduced CRMMNLP method selects
the right sentiment data from large volume of data using
effective construction of graph effectively. Then the obtained
result is shown in figure 2.
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The figure 2 demonstrates that the Co-Ranking Multi-Model
Natural Language Processing Approaches (CRMMNLP)
precision value on the awesome twitter data.
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According to the graphical analysis, CRMMNLP method
attains higher precision value (98.78%) compared to other
sentiment prediction methods such adlinear discriminate
analysis (LDA) (97.44%), Latent Semantic Analysis
(LSA)(96.61%), Fp-growth (95.67%) and apriori (94.74%).

Along with the prediction value, recall of the sentiment
prediction system is determined which is computed as
follows.

Recall =

Trueg Positive

True Positive + False Negative (7)

In above egn (7) effectively detected negative tweets from

collection of tweets are named astrue negative and incorrectly

recognition of positive and negative tweets are named asfalse

negative. According to the analysis computed recall value of
different tweets are depicted intable V.

ThetableV demonstrates that recall value Co-Ranking
Multi-Model Natural Language Processing Approaches
(CRMMNLP) compared with different twitter data sentiment
analysis process such as linear discriminate analysis (LDA),
Latent Semantic Analysis (LSA), Fp-growth and apriori. The
effective removal of unwanted data helps to predict the
particular sentiment relevant data that used to build the graph
with accurate manner. The effective construction of graph
helps to analyze huge volume of data effectively. Then the
related graphical representation of recall is depicted in
figure 3.

98 9 - f-’"'\\ —

97

a6 4

Recall (%)
»
>

95 o

94 -
Ty )

- \
93 b

T T T T T J
1000 2000 2000 4000 5000 6000
Number of tweets

Figure 3: CRMMNL P-Recall

The figure 3demonstrates that the Co-Ranking
Multi-Model Natural Language Processing Approaches
(CRMMNLP) recall value on the awesome twitter data.
According to the graphical analysis, CRMMNLP method
attains higher recall value (97.71%) compared to other
sentiment prediction methods such aslinear discriminate
analysis (LDA) (96.57%), Latent Semantic Analysis
(LSA)(95.45%), Fp-growth (94.60%) and apriori (93.63%).
The successful prediction of positive and negative sentiments,
the precision and recall value isimproved. From the analysis
overall efficiency of the system is determined using f-score
value which is computed using egn (8).

recizion.recall
F —score =2 E—7 "7 (8)
precision+recall

Based on the egn (8), f-score value is computed and
depicted in table V

TableV F-Score

Num.
CRMM FP- .
of NLP LDA LSA Growth Apriori
tweets
1000 | 98.074 | 96.845 | 96.115 | 95.175 | 93.7
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1500 | 9824 | 97.04 | 95.825 | 95.13 | 94.25
2000 | 98.355 | 97.18 96 9524 | 94.26
2500 | 98.355 | 97.225 | 96.15 | 95.355 | 94.22
3000 982 | 97035 | 96.15 | 95.025 | 94.31
3500 | 98.46 | 97.085 | 95.985 | 94.895 | 94.155
4000 | 98.28 | 97.085 | 96.08 95.21 | 94435
4500 | 98.305 | 97.01 | 95.92 951 | 94.205
5000 | 9834 | 96.76 | 96.11 | 95.235 | 94.34
5500 | 97.885 | 96.84 | 95.99 95.03 | 94.005

The effective extraction of tweets semantic features, audio
and visualization features used to determine the word class
whether it belongs to positive or negative one. Along with
this, the co-ranking model effectively compute the candidate
rank value of entire words present in the tweets successfully
that used to improve overall sentiment prediction which is
depicted intable 5. The analysis clearly tellsthat Co-Ranking
Multi-Model Natural Language Processing Approaches
(CRMMNLP) approach attains high f-score value compared
with different twitter data sentiment analysis process such as
linear discriminate analysis (LDA), Latent Semantic Analysis
(LSA), Fp-growth and apriori. Then the related graphical
representation of f-score value is shown in figure 4.

“m_CRUMNLP
- LD A
99 4

98 o

a7

96

F-score(%)

o5 vy . P S

94 o

T T T T T 1
1000 2000 3000 4000 5000 6000

number of tweets

Figure 4:F-Score

The figure 4 demonstrates that the Co-Ranking
Multi-Model Natural Language Processing Approaches
(CRMMNLP) f-score value on the awesome twitter data.
According to the graphical analysis, CRMMNLP method
attains higher f-score value (98.24%) compared to other
sentiment prediction methods such as linear discriminate
anaysis (LDA) (97.01%), Latent Semantic Anaysis
(LSA)(96.03%), Fp-growth (95.13%) and apriori (94.18%).
The successful prediction of positive and negative sentiments,
enhance prediction accuracy. According to the analysis,
CRMMNLP method got effective accuracy on both testing
and training process. Then the overall accuracy isdepicted in
table 6.

Table VI: Sentiment prediction overall accuracy

1066 & Sciences Publication

Sentiment prediction overall accuracy
Methods Training Testing Entire
Efficiency Efficiency Efficiency
CRMMNLP 98.57 99.04 98.805
LDA 97.86 97.84 97.85
LSA 96.35 96.18 96.265
FP-Growth 95.67 95.71 95.69
Apriori 94.28 94.45 94.365
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Table VI demonstrates the Co-Ranking Multi-Model
Natural Language Processing Approaches (CRMMNLP)
based sentiment analysis overall accuracy (testing and
training). Asusal CRMMNLP method attains maximum
accuracy compared to other methods. Then the resultant
accuracy is shown in figure 5.

The figure 5 demonstrates that the Co-Ranking
Multi-Model Natural Language Processing Approaches
(CRMMNLP) overall accuracy on the awesome twitter data.
According to the graphical analysiss, CRMMNLP method
attains maximum accuracy (98.80%) compared to other
sentiment prediction methods such aslinear discriminate
analysis (LDA) (97.85%), Latent Semantic Analysis
(LSA)(96.26%), Fp-growth (95.69%) and apriori (94.36%).
Along with this, receiver operating characteristic curve
(ROC) is analyzed to get the exact accuracy of CRMMNLP
method based sentiment analysis process.
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Figure5: Sentiment Prediction Overall Accuracy

Then the ROC value is computed using false positive rate
which is measured using egn (9).

False positive

False positive rate = — . (9)
falsze positive+trues negative

Based on the computation obtained ROC vaueis shown in
figure 6.

1o Receiver operating characteristic
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Figure6: CRMMNLP-ROC curve

Thus the figure 6 depicted that the Co-Ranking Multi-Model
Natural Language Processing Approaches (CRMMNLP)
successfully recognize sentiments from tweets with accurate
manner compared to traditional prediction methods.

IV. CONCLUSION

Thus the paper anadyze the Co-Ranking Multi-Model
Natural Language Processing Approaches (CRMMNLP)
based sentiment prediction system. Then introduced system
ability to handle the large volume of twitter dataset. So, the
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twitter data is collected from awesome twitter dataset which
consists of severa tweets. The collected information is
processed by multi modal based natural language processing
approach which effectively eiminates the unwanted
characters from the given tweets. After that stemming
operation is applied to get the root word of the tweet and the
relevant features are extracted. The extracted features polarity
valueis computed to identify the negative and positive classes
of words which are used to predict the sentiment about
specific test tweets. Finally, incoming new tweets words are
identified to form the graph which is done by using co-ranking
model computation process. The polarity value is used to
compare with the training table to classify the sentiments
about tweets. Then the described system is developed using
python tool and system ensures the highest prediction
accuracy (98.8%) compared to other methods. In future the
sentiment prediction system is improved using the optimized
meachine learning techniques.
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