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ABSTRACT

In the last decade, opinion mining and sentiment analysis have been the subject of fascinating interdis-
ciplinary research. Alongside the evolution of social media networks, the sheer volume of social media
text available for sentiment analysis has increased multi-fold, leading to a formidable corpus. Sentiment
analysis of tweets have been carried out to gauge public opinion on breaking news, various policies,
legislations, personalities and social movements. Fuzzy logic has been used in the sentiment analysis of
twitter data, whereas neutrosophy which factors in the concept of indeterminacy has not been used to
analyse tweets. In this paper, the concept of multi refined neutrosophic set (MRNS) with two positive,
three indeterminate and two negative memberships is proposed. Single valued neutrosophic set (SVNS),
triple refined indeterminate neutrosophic set (TRINS) and MRNS have been used in the sentiment anal-
ysis of tweets on ten different topics. Eight of these topics chosen for sentiment analysis are related to
Indian scenario and two topics to international scenario. A comparative analysis of the methods show
that the approach with MRNS provides better refinement to the indeterminacy present in the data.

Neutrosophic logic

Indeterminacy

Single valued neutrosophic set (SVNS)
Refined neutrosophic sets

Multi refined neutrosophic set (MRNS)
Triple refined indeterminate neutrosophic
set (TRINS)
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1. Introduction

The evolution of public opinion as an influential force in the
political sphere can be dated back to French revolution in 17" cen-
tury [1]. The analysis of public opinion began in the 20" century.
Opinion mining is aresearch domain that has seen speedy evolution
in the preceding decade. In a contemporary trend mostly sentiment
analysis is carried out on social media texts from Twitter and Face-
book. Arecent review paper on sentiment analysis states that more
than 7000 research papers have been published on this topic and
that modern sentiment analysis has established a 50-fold growth in
over ten years (2005 to 2016) [2]. Conventional sentiment analysis
does not deal with a neutral or an indeterminate opinion, it merely
gives an overall opinion as positive or negative.

Fuzzy theory has been helpful in improving sentiment analysis
techniques on twitter data [3]. Fuzzy set theory [4] that permits
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soft partition of sets, is stretched to Intuitionistic Fuzzy Set (A-IFS),
in which a membership and a non-membership degree is allotted
to every single constituent element [5], whereas in neutrosophic
set, an indeterminacy membership is represented independently,
together with truth membership and falsity membership to sepa-
rately represent indeterminate, unpredictable, vague and uncertain
information from the real world [6]. It simplifies from a philosoph-
ical point of view the idea of several sets, and its functions; T4(x),
I4(x), and F4(x) and the functions are real standard or non-standard
subsets for any object x in the universal space of points or objects.

Wang et al. [7] presented a single valued neutrosophic set
(SVNS), to achieve an improved solution to the problem of apply-
ing neutrosophy in real world scientific and engineering problems.
Neutrosophy and neutrosophic logic have found manifold applica-
tions in real world practical problems like image processing [8-10],
decision-making [11-18], social network analysis [19] and social
issues [20,21] etc.

In double valued neutrosophic set (DVNS) [22,23], an indetermi-
nacy membership of the neutrosophic set has been characterised
into two memberships to enable more accuracy in the indeter-
minacy present. Distance measure, cross entropy measure, dice
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measure, and clustering algorithm of DVNS was introduced and
studied in [22,24]. The indeterminacy notion was separated into
three, as indeterminacy inclined towards truth, indeterminacy and
indeterminacy inclined towards false memberships in triple refined
indeterminate neutrosophic set (TRINS), to improve the accuracy
and precision of the uncertain data and to adapt it to the Likert’s
scale which is a habitually used psychometric scale. It was utilized
for personality testing and classification [25]. TRINS was refined
recently with positive, positive indeterminate, indeterminate, neg-
ative indeterminate and negative memberships, to give the finest
conceivable mapping of the Likert scaling. This was defined as inde-
terminate likert scaling [26,27].

To capture the indeterminacy present in sentiment analysis of
tweets, neutrosophy is used. Multi refined neutrosophic set (MRNS)
with 2 positive, 3 indeterminate and 2 negative memberships is
introduced and utilized for sentiment analysis. These seven mem-
berships aid in capturing the polarity with better accuracy.

Section one is preliminary in nature. The rest of the paper is
planned as follows: Section two presents some elementary con-
cepts about sentiment analysis and different neutrosophic sets
like SVNS, DVNS, TRINS and refined neutrosophic sets. In section
three MRNS with 3 indeterminate memberships is defined and
its properties are discussed. Section four discusses the limitation
and problems with normal sentiment analysis and provides justi-
fication for using indeterminacy in sentiment analysis. In section
five, sentiment analysis using neutrosophy is proposed. In the next
section sentiment analysis of tweets of eight domestic and two
international issues using three neutrosophic sets namely SVNS,
TRINS and MRNS is carried out. Evaluations and discussions of these
different models are analyzed in section seven. A sample topic from
SemEval 2017 is taken for comparative analysis of our models.
Results and further probable studies in this direction are provided
in the last section.

2. Basic concepts
2.1. Sentiment Analysis

News articles, blogs, film reviews and social media information
have been investigated extensively to comprehend public opinion.
Typically, tweets are scrutinized and classified as positive, neutral
or negative; this methodology is carried out to discover how society
is feeling about a specific trending topic. Usually keyword-based
tools are used to classify data (mostly social media posts, news,
reviews, etc.) as positive or neutral or negative.

With the increase in data available online from early 2000, mod-
ern sentiment analysis started to take shape in mid-2000s. It has
resulted in various concepts like web product reviews [28], predic-
tion of financial markets [29], reactions to terrorist attacks [30] and
multi-lingual support [31].

Sentiment analysis overlaps or relies heavily on information and
knowledge management, data mining, text mining, web mining,
natural language processing (NLP) and computational linguistics.
Recently work is being carried out in evolving from humble polar-
ity detection to complex gradations of emotions and distinguishing
negative emotions such as anger from grief [32] and figurative lan-
guage [33].

Irony detection [34-36] has a huge impact on sentiment anal-
ysis, since they write the opposite of what they feel. Recent deep
learning based approaches like transfer learning have been applied
in irony detection [37], aspect-based sentiment analysis using
attentive long short-term memory (LSTM) [38], word vectors rep-
resentations for sentiment analysis [39] and capsule networks for
sentiment classification [40]. Other deep learning techniques used
in sentiment analysis are reviewed in [41,42].

Fuzzy theory has been used for sentiment analysis in [3,43].
Fuzzy theory captures the positive and negative of the topic but
fails to address the indeterminacy present. To address the indeter-
minacy present, the concept of neutrosophy in the form of SVNS,
TRINS and MRNS are used to analyse the twitter data. Recently in
[44] sentiment analysis of tweets about #MeToo movement, each
tweet was analysed and represented as SVNS.

The discussion about the tools and methodology used for sen-
timent analysis in this paper are carried out in later sections. We
briefly describe the notion of neutrosophy, SVNS and TRINS in the
following subsection.

2.2. Neutrosophy, SVNS and TRINS

Neutrosophy, studies an opinion or sentiment, “A” and its rela-
tion to its opposite sentiment, “anti-A” and not A, “non-A”, and as
neither “A” nor “anti-A”.

Definition 1. Let X be a space of points (objects) with generic
elements x in X. The set A in X is characterized by three func-
tions Tx(x) truth membership, I4(x) indeterminacy membership,
and F4(x) falsity membership. For each x € X, Ta(x), Ia(x), Fa(x) € [O,
1] and 0 < Ty(x)+14(x)+F4(x) < 3. Single valued neutrosophic set
(SVNS) A is represented by A= {(x, Ta(x), [4(x), Fa(x)) | x € X}.

The refined neutrosophic set [45] is defined as follows:

Definition 2. The truth T is divided into several types of truths:
Ty, Ty, ..., Tp, and I into various indeterminacies: Iy, I, .. ., Ir,and F
into various falsities: Fy, Fo, ..., Fs, where all p, r, s > 1 are integers,
and p+r+s=n.

Definition 3. A triple refined indeterminate neutrosophic set
(TRINS) A in X, as given above is characterized by positive Ps(x),
positive indeterminate Ips(x), indeterminate I4(x), negative inde-
terminate Iys(x) and negative N4(x) membership functions. Each
has a weight wy, € [0, 5] associated with it. For each x € X, there
are

PA(X), Ipa(x), 1a(X), Ina(x), Na(x) € [0, 1], with weights wj'(Pa(x)),
wi(Ipa(x)), wi(Ia(x)), wit (Ina(x)), W (Na(x)) € [0, 5],

and 0 < Pa(x) +Ipa(x) +Ia(x) + Ina(x) + Na(x) < 5.

Therefore, TRINS A can be represented by

A={{x, Pa(x), Ipa(x), 1a(x), INa(x), Na(x)) | x € X}.

The different properties and set theoretic operators like commu-
tativity, idempotency, distributivity, associativity, absorption and
the DeMorgan’s Laws have been defined over TRINS [25]. As future
research it is proposed to map the middle 3 terms of TRINS to neu-
trosophic triplets [46] and then they can be automatically mapped
to neutrosophic duplets [47,48] in case of the indeterminacy lean-
ing towards false is zero.

Neutrosophy has been applied to several different fields rang-
ing from medical diagnosis [49,50] image processing [51], decision
making [52,53], personnel selection [54], supply chain manage-
ment [55,56], internet of things [57], psychology [25,58] and social
science [21,59], but has not been used in sentiment analysis, until
recently in [44].

3. Multi refined neutrosophic set (MRNS)

In the newly proposed Multi refined neutrosophic set (MRNS),
the concept of positive (truth) is divided into two memberships,
as strong positive and positive, similarly the concept of negative
(false) is divided into two memberships as strong negative and
negative. Also the indeterminate membership is divided into three
memberships as positive indeterminate, indeterminate and nega-
tive indeterminate. This division helps in increasing the accuracy
and precision in data analysis and fits the multipoint likert scale
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kind of structure where there are different degrees of acceptance.
This refined neutrosophic set is defined as MRNS.

Definition 4. A multi refined neutrosophic set (MRNS) A in X
is characterized by strong positive SP4(x), positive P4(x), positive
indeterminate Pls(x), indeterminate I4(x), negative indeterminate
NI, (x), negative N4(x)and strong negative SN4(x) membership func-
tions. Each has a weight wy; € [0, 7] associated with it. For each
x € X, there are

SPa(x), Pa(X), PIa(X), Ia(x), NI4(x), Na(x), SNa(x) € [0, 1],

and 0 <SP4(x) + Pa(x)+ Pla(x)+ I4(x)+ Nlg(x)+ Na(x)+ SNa(x) <7.
Therefore, a MRNS A can be represented by

A={(x, SPa(x), Pa(x), PI4(X), 14(x), NI4(x), Na(X), SNa(x)) | X € X}.

To illustrate the applications of MRNS in a real world problem,
consider parameters like work satisfaction, occupational stress and
role of technology that are commonly used to measure work-life
balance. The evaluation of work-life balance is used to illustrate
set-theoretic operations on MRNSs.

Example 1. Let WL = [wq, wy, w3] where wy is work satisfaction,
w,, is occupational stress and ws is role of technology. The values of
wy, wy and ws are in [0, 1]. They are obtained using a questionnaire
answered by an anonymous working women. A is a MRNS of WL

6 Ng(x)=min(N4(x), Np(x))
7 SNg(x)=min(SNa(x), SNp(x)) for all x in X.

Definition 9. The intersection of A and B is a MRNS F, denoted as
F=AnNB, whose seven membership functions are related to those of
A and B by the following

1 SPg(x)=min(SPa(x), SPg(x))

2 Pp(x)=min(Pa(x), Pg(x))

3 PIg(x)=min(Pl4(x), Plg(x))

4 Ip(x)=min(Ia(x), Ig(x))

5 NIg(x)=min(NI4(x), NIg(x))

6 NF(x)=max(Na(x), Np(x))

7 SNg(x)=max(SNa(x), SNg(x)) for all x € X.

Theorem 1. AN B is the largest MRNS contained in both A and B.

Proof. It is straightforward from the definition of intersection
operator. O

Definition 10. The difference D, written as D=A B, whose seven
membership functions are related to those of A and B by

1 SPp(x)=min(SP4(x), SNp(x))

3 PIp(x)=min(Pl4(x), 1 — Plg(x))

defined by
A = (0.3,0.2,0.1,0.2,0.1,0.2, 0.5) /w,
+(0.4,0.1,0.1,0.1,0.2,0.2,0.3)/w;, + (0.5,0.2,0.2,0.1, 0, 0.1, 0.1) /w2. Pp(x) = min(P4(x), Np(x))
B is a MRNS of WL defined by
B=(0.4,0.2,0.1,0.2,0.2,0.1, 0.2) /w, +

4 Ip(x)=min(Ia(x), 1 —Ip(x))

(0.2,0.2,0,0.1,0.1,0.2,0.4) /w5 + (0.4, 0.2,0.1,0.1,0.1, 0.2, 0.3) /w35 NIp(x)=min(NI4(x), 1 — NIg(x))

Definition 5. The complement c(A) of A is defined as

1 SP¢(a)(X)=SNa(x)

2 Pya )( )=Na(x)

3 PIC(A)(X) =1 —PIA(X)

4 Ioa)(x)=1—14(x)

5 NIC(A)(X) =1- NIA(X)
Neay(x)=Pa(x)

7 SN¢(ay(x)=SPa(x) for all x in X.

Definition 6. A is contained in B, that is A C B, if and only if

1 SP4(x) < SPg(x)

2 P4(x) < Pg(x)

3 PI,(x) < Plg(x)

4 I4(x) <Ip(x)

5 NI(x) < NIp(x)

6 Na(x)= Np(x)

7 SN4(x)>SNp(x) for all x in X.

Note that by the definition of containment relation, X is a par-
tially ordered set and not a totally ordered set.

For example, consider the MRNS A and B as mentioned in Exam-
ple 1, then A is not contained in B and vice versa.

Definition 7. Two MRNS A and B are equal, thatis A=B, if and only
if ACBand BCA.

Definition8. The unionofAandBisaMRNSG,denotedasG=AUB,
whose seven membership functions are related to those of A and B
by the following

1 SPg(x)=max(SPa(x), SPg(x))
2 Pg(x)=max(Pa(x), Pg(x))

3 Plg(x)=max(Pl4(x), Plg(x))
4 Ig(x)=max(Ix(x), Ip(x))

5 Nig(x)=max(NI4(x), NIg(x))

6 Np(x)=max(Na(x), Pg(x))
7 SNp(x)=max(SN4(x), SPg(x)) for all x in X.

Two operators positive favourite (A) and negative favourite (v)
are defined to remove the indeterminacy in the MRNSs and trans-
form it into intuitionistic fuzzy sets or paraconsistent sets. Similarly
a MRNS can be transformed into a SVNS by applying the indetermi-
nacy neutral (V) operator that combines the indeterminacy values
of the MRNS.

Definition 11. The positive favourite of A represented as B=AA,
whose membership functions are related to those of A by

1 Tp(x)=min(SP4(x)+ Pa(x)+Pl4(x), 1)
2 Fp(x)=Na(x)

Definition 12. The negative favourite of A, represented as B=V A,
whose membership functions are related to those of A by

1 Tp(x)=Pa(x)
2 Fg(x)=min(SN4(x)+Na(x)+NI4(x), 1)

Definition 13. The indeterminacy neutral of a MRNS A, written as
B=V A, whose membership functions are related to those of A by

1 Tp(x)=min(SP4(x) + Pa(x), 1)
2 Ig(x) = min(Ply(x) + [4(x) + NI4(x), 1)
3 Fp(x)=min(SNa(x)+Na(x), 1)

The set theoretic operators like commutativity, associativity,
distributivity, idempotency, absorption, involution and De Mor-
gan’s Laws are similar to the ones defined on SVNS. MRNS satisfies
most of the properties of classical set, fuzzy set, intuitionistic fuzzy
set and SVNS. Similar to fuzzy set, IFS set, SVNS, DVNS and TRINS,
MRNS does not satisfy the principle of middle exclude.
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4. Justification for applying indeterminacy

In opinion mining and sentiment analysis, the major division
of opinion is done in terms of positive, neutral and negative opin-
ion. Mostly Likert scaling based questionnaires are used for opinion
mining. Even if Likert scaling is used in gauging the opinion of the
user, the user is forced to select the most dominant choice. Gen-
erally, a person has feelings which actually vary from “strongly
agree” to “strongly disagree”, and which are indefinite in nature,
mostly a mixture of feelings. A little disagreement might force
the opinion from “strongly agree” to “agree”; whereas a different
person might still choose to go ahead with the dominant opin-
ion of “strongly agree” ignoring the little disagreement. A different
respondent might mark the option “neither agree nor disagree” due
to a little disagreement.

Evidently people respond differently to experiences and issues
(political, economic or social in nature) while answering the ques-
tions. The questionnaire based on Likert scale will fail to capture the
feelings accurately. The respondent generally goes with the domi-
nant choice or the choice which he feels at that time or the choice
which may be only a shade dominant than the other choice, thereby
the degree of the memberships with other choices is completely
lost. Only a measure of coarse ordinal scale with closed format is
used by Likert method [60].

Similarly, when opinion mining is carried out on a specific topic
to gauge the public reaction; only positive, neutral or negative cat-
egorization is done. Every person will have opinion that has various
degrees of different memberships and the analysis needs to go with
the dominant choice. The innumerable degrees and choices has to
be captured accurately with greater precision; in fact, in a sensitive,
accurate and realistic way and not in an approximate way. This will
eventually aid in better understanding of people opinion or public
or customers.

There is actually a lot of difference between someone who
is undecided and someone who is taking a neutral stance, in a
MRNS, there can be a separate option for undecided, since equal
amount of agreement and disagreement can be represented in
degree of weak agreement and degree of weak disagreement, indi-
vidually.

Consider the seven point Likert scale, the various options given
will be strongly disagree, disagree, weakly disagree, neither agree
or disagree, weakly agree, agree and strongly agree. They will
get mapped in MRNS; independently and appropriately under the
seven heads.

Take a typical situation were the researchers must ascertain the
public opinion about a political party. Usually they will project
as positive or neutral or negative opinion. If the same is ascer-
tained by making use of MRNS, the results obtained will be very
accurate and clearly show the different degrees of strong negative,
negative, indeterminate negative, indeterminate, indeterminate
positive, positive and strong positive memberships.

5. Sentiment analysis using neutrosophy

Commonly sentiment analysis is done on tweets to classify the
tweet as positive or neutral or negative. The typical scenario in
which sentiment analysis of tweets is carried out is to discover
how people are feeling about a specific trending topic. It is well
known that there are many shades of agreement, disagreement
and neutrality and there is indeterminacy involved in that neutral-
ity. Two tweets which are classified as positive need not exactly
have the same amount of positivity in them. One of them might be
very strongly positive, whereas the other might be a little positive
and have a lot of uncertainty or indeterminacy in it. This newly pro-
posed method of analyzing using neutrosophic sets will give greater

Table 1
Case study and data collection time line

Case study Date of data collection
Farm loan wavier (FL) 28-12-2018
Onion price (OP) 29-12-2018
Foreign trips of PM (FT) 29-12-2018
Women reservation bill (WB) 29-12-2018
Triple talaq bill (TT) 29-12-2018
POCSO act (PA) 29-12-2018
UP mob violence (UP) 30-12-2018
Trump wall (TW) 30-12-2018
Yellow vests protest (YV) 30-12-2018
#Metoo movement (MM) 30-12-2018

complexity but the accuracy in prediction of the tweet’s polarity is
better.

5.1. Tools and methodology

A Twitter application programming interface (API) was created
and consumer key, consumer secret, access token and access token
secret were generated for obtaining tweets. Python language was
used for data analysis of the collected tweets. Tweets were fetched
from Twitter using tweepy python client. TextBlob is a Python
library that helps in processing textual data. It provides a simple
API for NLP. In our study, TextBlob was utilized for sentiment anal-
ysis. The sentiment property of TextBlob returns a tuple named
Sentiment. It is of the form Sentiment(polarity, subjectivity), it
returns two properties, polarity, and subjectivity. The polarity score
is a float value in the range [— 1.0, 1.0], where 1 means positive
statement and —1 means a negative statement. Let p(x) denote the
polarity score of the tweet. A part of the tweets extracted and used
for analysis is available at [61].

5.2. Pre-processing of the Twitter data

The presence of mention, numbers, special characters, stop-
words, hashtags, links and other jargon decreases the efficiency
of the model and hence the tweets were cleaned. Several python
libraries like pandas, numpy, matplotlib, BeautifulSoup and Word-
PunctTokenizer were used for cleaning. The cleaned tweet was
saved as.CSV file and later used for analysis, using TextBlob.

The methodology of using different neutrosophic sets are dis-
cussed below:

5.3. Using SVNS

The normal classification of tweets as positive or negative or
neutral is generally carried out. This classification is represented
as SVNS. If the polarity calculated is greater than 0, i.e., p(x) < (0,
1], it is mapped to positive membership, if polarity is less than 0;
p(x) € [-1,0), it is mapped as negative membership, and if polarity
is 0 it is mapped to indeterminate membership.

In the considered scenario of farm loan (denoted by FL), from the
analysis it was obtained that, 41.90% was positive, 43.8% was inde-
terminate and 14.30% was negative as given in Table 2. Tweets are
classified as neutral, when the classifier is not able to decide on the
polarity of the tweet, that is when it is indeterminate. The aggre-
gated result is normalized before it is converted to a neutrosophic
set representation. The result of the analysis carried out is repre-
sented as SVNS is FLgyns = (0.419, 0.438, 0.143). It is clearly seen that
positive membership and indeterminate membership have a very
small difference.
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Table 2
Case 1: Farm loan waiver (FL) and Case 2: Onion prices (OP)
SVNS TRINS MRNS SVNS TRINS MRNS
SP 0.048 0.026 SP 0.025 0.012
P 0.419 0311 0.164 P 0.253 0.228 0.036
Pl 0.229 PI 0.205
[ 0.438 0.438 0.438 I 0.664 0.664 0.664
NI 0.111 NI 0.059
N 0.143 0.136 0.025 N 0.082 0.076 0.017
SN 0.007 0.007 SN 0.006 0.006

5.4. Using TRINS

The classification can be made more precise by dividing the
positive polarity tweets into two different classifications and the
negative polarity into two different classifications. The classifica-
tion is strong positive, positive, indeterminate, negative and strong
negative. If polarity of the tweet is from 1 to 0.5, i.e., p(x) € (0.5,
1], it is classified as strong positive, if p(x) € (0, 0.5] is from 0.5 to
greater than 0, it is classified as positive, if p(x) € (0) is mapped to
indeterminate, less than 0 to —0.5 i.e., p(x) € [-0.5, 0), it is classi-
fied as negative, greater than —0.5 to —1 i.e., p(x) € [-1, —0.5) is
classified as strong negative. The data given is normalised and it is
represented as TRINS is FLrg;ns = (0.048, 0.371, 0.438, 0.136, 0.007),
in the case study of farm loan.

5.5. Using MRNS

The classification is made even more precise by dividing the
positive polarity tweets and the negative polarity tweets into three
different classification. The classification scheme that is introduced
is strong positive, positive, positive indeterminate, indeterminate,
negative indeterminate, negative, strong negative. If polarity of the
tweet is from +1 to greater than 0.6; p(x) € (0.6, 1], it is classified
as strong positive, from 0.6 to greater than 0.3; p(x) < (0.3, 0.6] it
is classified as positive, from 0.3 to greater than 0; p(x) < (0, 0.3]
it is mapped as positive indeterminate, if p(x) € (0); it is mapped
to indeterminate, less than O to —0.3, p(x) € [-0.3, 0) it is classified
as negative indeterminate, lesser than —0.3 to —0.6; p(x) € [-0.6,
—0.3) it is mapped as negative, less than —0.6 to —1; p(x) € [-1,
—0.6) it is classified as strong negative. According to this classifica-
tion the results obtained is normalized and represented as MRNS
is FLyrns = (0.026, 0.164, 0.229, 0.438, 0.111, 0.025, 0.007).

The analysis of each individual case scenario is carried out in
next section.

6. Sample case scenarios

Utilizing the twitter API created for this purpose, 1000 tweets
were obtained for each case under consideration. Preprocessing
of the tweets were carried out to remove links and emojis, after
which sentiment analysis was done. For each case study a back-
ground is provided and then analysis of tweets is discussed. The
topic with abbreviation and the period of data collection is tabu-
lated in Table 1. All tweets collected were in English language and
from across the world, despite some topics being related only to
some geographic location. The 10 topics selected were trending
topics at the time of data collection, since we needed at least 1000
tweets about the topic.

The analysis result of each case study is given in the form of
tables were the following abbreviations are used. In the first col-
umn, SP refers to strong positive membership value, P is positive
membership value, Pl is positive indeterminate membership value,
[ is indeterminate membership value, NI is negative indetermi-
nate membership value, N is negative membership value and SN
is strong negative membership value. Along the header row, SVNS

stands for single valued neutrosophic set, TRINS is triple refined
indeterminate neutrosophic set and MRNS is used for multi refined
neutrosophic set.

6.1. Case 1: Farm loan wavier by government

Introduction: Agriculture remains to be the primary source of
livelihood for nearly more than half of India’s population. The coun-
try is dependent on farmers, the systematic failures of the state
and center government to address their issues, pushes farmers to
protest regularly and in recent years many farmers have committed
suicide. Farmers have marched in Delhi and Mumbai cities to high-
light the reality of their deprivation and anger. This is due to lack
of compensation from drought and natural disasters like cyclone
etc., crop insurance scheme failures, and the deficit created due to
prices decreasing below the minimum support prices and so on.
These losses are estimated to be around thousands of crores every
year.

Most leaders of major Indian political parties have pledged their
support to the farmers issue. In late 2018, the first step taken
by three newly formed state governments (Rajasthan, Madhya
Pradesh and Chhattisgarh) was a farm loan waiver. This has under-
standably started a debate about the usefulness of loan waiver since
it is only an element of immediate relief. Farm loans and wavier
have been a topic that has invoked mixed responses from people.
Here tweets were collected about farm loan for analysis using the
search term “farm loan wavier”.

Analysis: While applying SVNS for analysis, the result obtained
is FLsyns =(0.419, 0.438,0.143). The indeterminate and positive
membership values have little difference; hence the opinion
is indeterminate and positive opinion. Next TRINS was used
for analysing the same set of tweets, the result obtained is
FLrrins = (0.048, 0.311, 0.438, 0.136, 0.007), which also implies an
indeterminate and positive opinion. When MRNS was applied
a change in the scenario is seen. The resultant obtained is
FLyrns = (0.026, 0.164, 0.229, 0.438, 0.111, 0.025, 0.007); most of
the positive is indeterminate positive, even the negative opinion is
mostly indeterminate negative. It is seen that the public are unde-
cided about farm loan wavier. The resultant of each neutrosophic
representation is given in Table 2.

6.2. Case 2: Decrease in onion price

Introduction: The last weeks of December 2018 saw steep drops
in the prices of onions and potatoes in India, it crashed as much
as 86 percent. Both are staple food for the India’s huge popula-
tion, such a steep decrease has badly hit the rural economy in large
states. Onion price hit alow of Re.1 per kilogram, while it cost nearly
Rs.8 to produce one kilogram. These kind of unsteady market prices
cause more distress to farmers. This also does not benefit the urban
population because there are too many middlemen between the
farmer and customer. The search term “onion price” was used to
collect 1000 tweets for analysis.

Analysis: In SVNS representation the result obtained is
OPsyns = (0.253, 0.664, 0.082). It is indeterminate, even though the
steep decrease in onion price, has affected the farmers adversely.
While using TRINS it is observed that OPrg;ns = (0.025, 0.228, 0.664,
0.076, 0.006); it indicates that people neither have a strong neg-
ative or strong positive opinion about the price decrease, but it is
in general more positive than negative. MRNS was used to analyse
the same dataset of tweets. The resultant is OPyrys = (0.012, 0.036,
0.205, 0.664, 0.059, 0.017, 0.006) as given in Table 2. It shows that
even most of the positive opinion was tending towards indeter-
minacy. Hence, the indeterminate positive has the second highest
value. People who are twitter users are unaffected by the steep drop
in price which affects farmers unfavorably. More so the affected
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Table 3 Table 4
Case 3: Women reservation bill and Case 4: Triple talaq bill Case 5: POCSO act death penalty and Case 6: MeToo movement
SVNS TRINS MRNS SVNS TRINS MRNS SVNS TRINS MRNS SVNS TRINS MRNS

SP 0.005 0.004 SP 0.152 0.149 SP 0.001 0.001 SP 0.04 0.014
P 0.084 0.079 0.038 P 0315 0.163 0.109 P 0.909 0.899 0.863 P 0.562 0.522 0.375
Pl 0.042 PI 0.057 PI 0.036 PI 0.173
[ 0.165 0.165 0.165 I 0.538 0.538 0.538 I 0.038 0.038 0.038 I 0.291 0.291 0.291
NI 0.019 NI 0.110 NI 0.052 NI 0.086
N 0.751 0.750 0.731 N 0.146 0.145 0.035 N 0.053 0.053 0.001 N 0.147 0.132 0.046
SN 0.001 0.001 SN 0.001 0.001 SN 0 0 SN 0.015 0.015

farmers are not the tweeters; so only this opinion of tweeter clearly
reflects the situation is indeterminable.

6.3. Case 3: Women reservation bill

Introduction: The women reservation bill (108 amendment to
the constitution of India) is a lapsed bill in the parliament of India
that was proposed in 2008. It proposed to amend the constitution
of India to reserve for women 33% of all seats in the lok sabha (lower
house of parliament of India), and in all state legislative assemblies,
in rotational basis. With the 2019 general elections in a few months’
time, the demand for the bill in the parliament has been gathering
support. The bill has been around for nearly ten years and the people
have mixed opinion. The term “women reservation bill” was used
to query and collect 1000 tweets for analysis.

Analysis: Sentiment analysis was carried out on women reser-
vation bill using SVNS. The resultant is WBsyys=(0.084, 0.165,
0.751); it clearly shows that the general public (that are on twit-
ter) are against the bill. Even when TRINS is applied, the resultant
WBgiNs = (0.005, 0.079, 0.165, 0.750, 0.001), shows the same sen-
timent with the value of 0.750 for negative and 0.001 for strong
negative. When MRNS is applied for analysis, the resultant obtained
is WBprns = (0.004,0.038,0.042,0.165,0.019,0.731,0.001), it shows
ameagre amount of negative indeterminate (0.019), decreasing the
value of negative membership. It is clearly seen that most people
are openly against the bill. The results are tabulated in Table 3.

6.4. Case 4: Triple talaq bill

Introduction: From 2011 census, it is known that 2.37 million
women across India have identified themselves as “separated”,
though it is not known if these women voluntarily separated from
their husbands or were abandoned or worse sent away. The vast
majority (1.9 million) are hindu women, and nearly 0.28 million
were “separated” muslim women. It is known that India‘s family
laws permit for divorce, but they also allow husbands to leave a
marriage without the divorce formalities. The salient features of
the triple talaq bill states that any declaration of talaq by a muslim
man upon his wife shall be void and illegal, shall be punished with
an imprisonment term and are liable to fine. The custom of triple
talaq is both harsh and unjust, muslim women have crusaded long
to get free of it. Despite the law, men can choose to walk out of
the marriage without saying talaq and they go free without pun-
ishment. The bill does not address the issue of non-muslim women
who are abandoned by their husbands and provide punishment for
those people who are equally guilty of abandonment. The keyword
“triple talaq bill” was used for collecting 1000 tweets for analysis.

Analysis: Using SVNS, the resultant obtained is TTsyys = (0.315,
0.538, 0.146), it clearly shows that the general public have not
made up their mind, they are undecided, and the second leading
opinion was positive. Even when TRINS is applied, the resultant
TTrins = (0.152, 0.163, 0.538, 0.145,0.001), shows the absence of a
strong negative, whereas the positive sentiment is divided with the
value of 0.152 for positive and 0.163 for strong positive. When the
newly constructed MRNS is applied, the resultant is TTygns = (0.149,

0.109, 0.057, 0.538, 0.110, 0.035,0.001), a meagre amount of pos-
itive indeterminate (0.019) and negative indeterminate (0.110)
comes into picture, increasing the indeterminacy of the opinion.
It is clearly seen that mostly people are undecided about the bill.
The resultants are given in Table 3.

6.5. Case 5: Protection of children from sexual offences (POCSO)
act death penalty amendment

Introduction: The Indian cabinet has approved amendments to
the protection of children from sexual offences (POCSO) act in
December 2018, to give more stringent punishment for commit-
ting sexual crimes against children. To discourage the current trend
of child sexual abuse to act as a warning, it has been amended
to provide death penalty in case of aggravated penetrative sexual
assault on a child as option of stringent punishment. The search
term “POCSO Act” was used for collecting the tweets for analysis.

Analysis: When sentimental analysis was carried out using SVNS,
we obtained PAgyns = (0.909,0.038,0.053), where a 90% majority felt
itbe agood move as given in Table 4. When the analysis was carried
out with TRINS, we obtained PArgys = (0.001, 0.899, 0.038, 0.053, 0),
it was clearly seen that no one felt strongly negative about it. Peo-
ple have a positive opinion about the law. Only a meagre amount of
people had a negative opinion. Lastly, MRNS was used for analysing
the same set of tweets. The result obtained was PAygns = (0.001,
0.863, 0.036, 0.038, 0.052, 0.001, 0). We are clearly able to capture
that even the meagre negative is negative indeterminate; implying
that people who are not sure about the amendments in the act, but
they have some indeterminate negative opinion. Hence, we con-
clude that the negative opinion is also an indeterminate negative
making up the overall opinion to be a positive opinion.

6.6. Case 6: #Metoo movement

Introduction: In past year the “#MeToo” movement was started
against sexual harassment and assault and has gather a lot of atten-
tion and created several controversies. The term “MeToo” was used
to extractrelated tweets for analysis, the term is ambiguous and can
also lead to tweets unconnected to the movement.

Analysis: Theresult of the analysis is given in Table 4. Using SVNS,
we obtained MMgyys = (0.559, 0.291, 0.144), where a majority have a
positive opinion. While using TRINS, we obtained MM7gns = (0.04,
0.519, 0.291, 0.13, 0.014), it was clearly seen that the opinion is
positive. Only a meagre amount of people had a negative opin-
ion. Lastly, MRNS was used for analysis. The result obtained was
MMygns = (0.013,0.374,0.172,0.291,0.085, 0.045, 0.014). We could
clearly capture that even the negative is mostly negative indetermi-
nate opinion. The overall opinion happens to be a positive opinion.

6.7. Case 7: Foreign trips of prime minister

Introduction: Over Rs. 2,021 crores (from June 2014) was spent
on chartered flights, aircraft maintenance and hot-line facilities for
the Indian Prime Minister Narendra Modi’s visits to foreign coun-
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Table 5 Table 6
Case 7: Foreign trip and Case 8: UP mob violence Case 9: Trump wall shutdown and Case 10: Yellow vests protest
SVNS TRINS MRNS SVNS TRINS MRNS SVNS TRINS MRNS SVNS TRINS MRNS

SP 0.001 0.001 SP 0 0 SP 0.030 0.020 SP 0 0
P 0.474 0.473 0.003 P 0.104 0.104 0.013 P 0.188 0.158 0.046 P 0.018 0.018 0
Pl 0.470 PI 0.091 PI 0.122 PI 0.018
[ 0.123 0.123 0.123 I 0.223 0.223 0.223 I 0.581 0.581 0.581 I 0319 0319 0.319
NI 0.180 NI 0.434 NI 0.199 NI 0.654
N 0.403 0.399 0.219 N 0.673 0.670 0.236 N 0.231 0.224 0.025 N 0.663 0.662 0.008
SN 0.004 0.004 SN 0.003 0.003 SN 0.007 0.007 SN 0.001 0.001

tries. The numerous visits of the PM have been a topic of debate.
The search term used for extracting tweets is “Foreign trip”.

Analysis: Here 1000 tweets were analysed using SVNS, the resul-
tant obtained is FTsyns = (0.474, 0.123, 0.403). It shows an overall
positive opinion about the amount spent on foreign visits by the
PM, the negative opinion is also prevalent among the public as the
positive membership and negative membership values have very
little difference. When TRINS is used for analysis, FTgns = (0.001,
0.473, 0.123, 0.399, 0.004) is the resultant. Despite an overall posi-
tive opinion; it is seen that very few had a strong positive opinion,
but more people had a strong negative opinion about the trips.
While using MRNS we arrive at a clearer picture where the resul-
tantis FTygrns = (0.001, 0.003,0.470,0.180,0.219,0.004). Most of the
positive opinion is indeterminate positive and not actually positive;
whereas most of the negative is negative. People are undecided
about PM’s foreign visits, and more people have a decisive negative
opinion than a positive opinion about the visit. It can be clearly seen
that MRNS provides a better realistic picture of the actual sentiment
of public opinion.

6.8. Case 8: Uttar Pradesh mob violence

Introduction: In Uttar Pradesh (India), a police constable was
stoned to death in Ghazipur district, the head constable’s death is
the second such incident in a month. A police inspector was killed
in Bulandshahr when he tried to stop a mob from keeping cattle
carcasses to block traffic. While reacting to such horrific incidents,
BJP MP Udit Raj called it an isolated incident and refused to admit
law and order lapse saying that such incidents can happenin a huge
state like UP. Nearly 1000 tweets were collected using the term “UP
mob violence”, they were used for analysis.

Analysis: While using SVNS, we obtained UPsyys = (0.104, 0.223,
0.673); itshows that the public opinion was a negative one, whereas
while using TRINS; UPgns = (0, 0.104, 0.223, 0.67,0.003); it was
found that no one had a strong positive opinion and very lit-
tle population had a positive opinion, the majority was negative.
When analysis was further carried out using MRNS, the result was
UPprns = (0, 0.013, 0.091,0.223, 0.434, 0.236,0.003); most of the
positive also turns out to be indeterminate positive. It is clearly
seen that much of the negative opinion is negative indeterminate.
The overall major opinion was indeterminate in nature. MRNS high-
lights the indeterminacy involved in this case accurately, whereas
SVNS failed to capture the data with this amount of accuracy as
shown in Table 5.

6.9. Case 9: Trump wall shutdown

Introduction: A critical feature of the standoff that has led US
President Trump in 2018 to partially shut down the government
is for funding of billions of dollars to build wall on the US-Mexico
border.

Analysis: The result of the analysis is given in Table 6. While
using SVNS for analysis it is seen that majority have an inde-
terminate opinion about the wall and related forced shut down
of government. The resultant obtained is TWsyns = (0.186, 0.581,

0.229); it is also noted that the difference between positive and
negative is minimal. While TRINS was used for analysis, the resul-
tant is TWqgns = (0.03, 0.156, 0.581, 0.223, 0.006); it is seen from
the membership values that not many people felt strongly nega-
tive about it, but people felt strongly positive about it. When MRNS
was used to analyze the same set of tweets, the resultant obtained is
TWirns = (0.02,0.045,0.121, 0.581,0.199, 0.024, 0.006); it is clearly
seen that majority fell into indeterminate, positive indeterminate
and negative indeterminate membership intervals. Meagre value
is associated with positive or negative membership. This clearly
proves that people neither hold a positive nor negative opinion
that is they are not able to make up their mind.

6.10. Case 10: Yellow vests protest

Introduction: The yellow vests movement is a populist political
movement from grass roots for economic justice which started in
France in 2018. Regular mass demonstrations against the French
government began on 17 November 2018. The movement is moti-
vated by high fuel prices and high cost of living and together with
the burden on the working and middle classes due to government’s
tax reforms. The protests had turned violent and tear gas was used
on the protesters. The tweets taken for analysis are right after this
news broke out.

Analysis: The majority opinion about yellow vests protest and
the police action was negative in nature when analysis with SVNS
was carried out, the resultant SVNS was YVgyns=(0.018, 0.319,
0.663). When TRINS is used, the resultant TRINS is YVgns = (O,
0.018, 0.319, 0.662, 0.001); it is seen that there is a meagre strong
negative and no strong positive. When MRNS is used the resultant
obtained is YVjgns = (0, 0, 0.018, 0.319, 0.654, 0.008, 0.001); it is
clearly seen that most people had a negative indeterminate opin-
ion. MRNS provides a clear result about the indeterminacy involved
and is tabulated in Table 6.

7. Comparison and discussions

Till date neutrosophy has not been used for sentiment analysis
of twitter data. A brief comparison of conventional, fuzzy and neu-
trosophic sentiment analysis is illustrated by Table 7 to highlight
the results of our study.

If fuzzy set theory based sentiment analysis givenin[3]is carried
on the same set of tweets, only positive and negative member-
ships will get mapped, indeterminacy concept will not be dealt
with, hence there will be information loss, and results will not
be accurate. Henceforth it is clear that when splitting of these
three memberships is done, better accuracy is achieved. There is an
increased complexity in handling seven memberships when MRNS
is taken, but better accuracy is achieved.

A comprehensive tabulation of all the ten topics is given in
Table 8 with respect to fuzzy sentiment analysis, analysis using
SVNS, TRINS, and MRNS. It is evident from Table 8 each of the case
studies given above, that MRNS gives more accurate results than
TRINS or SVNS or fuzzy.
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Table 7
Comparison of different sentiment analysis approaches

Normal sentiment analysis

Fuzzy sentiment analysis

Neutrosophic sentiment analysis

Percentage of positive sentiment

Major overall sentiment

Percentage of negative sentiment

Proportion of positive sentiment
Proportion of indeterminate sentiment
Proportion of negative sentiment

Table 8
Neutrosophic representation of each case study
Type of NS Positive Neutral Negative
Case 1: Farm loan Wavier
Fuzzy 0.857 0.143
SVNS 0.419 0.438 0.143
TRINS 0.048 0.371 0.438 0.136 0.007
MRNS 0.026 0.164 0.229 0.438 0.111 0.255 0.007
Case 2: Onion Price
Fuzzy 0.917 0.083
SVNS 0.253 0.664 0.083
TRINS 0.026 0.228 0.664 0.076 0.006
MRNS 0.012 0.037 0.205 0.664 0.059 0.017 0.006
Case 3: Women Reservation Bill
Fuzzy 0.249 0.751
SVNS 0.084 0.165 0.751
TRINS 0.005 0.079 0.165 0.750 0.001
MRNS 0.004 0.038 0.042 0.165 0.019 0.731 0.001
Case 4: Triple Talaq Bill
Fuzzy 0.854 0.146
SVNS 0.316 0.538 0.146
TRINS 0.153 0.163 0.538 0.145 0.001
MRNS 0.149 0.11 0.057 0.538 0.11 0.035 0.001
Case 5: POCSO Act Death Penalty
Fuzzy 0.947 0.053
SVNS 0.909 0.038 0.053
TRINS 0.01 0.899 0.038 0.053 0
MRNS 0.01 0.863 0.036 0.038 0.052 0.001 0
Case 6: #Me too Movement
Fuzzy 0.853 0.147
SVNS 0.562 0.291 0.147
TRINS 0.04 0.522 0.291 0.132 0.015
MRNS 0.014 0.375 0.173 0.291 0.086 0.046 0.015
Case 7: Foreign Trip PM
Fuzzy 0.597 0.403
SVNS 0.474 0.123 0.403
TRINS 0.001 0.473 0.123 0.399 0.004
MRNS 0.001 0.003 0470 0.123 0.180 0.219 0.004
Case 8: UP Mob Violence
Fuzzy 0.327 0.673
SVNS 0.104 0.223 0.673
TRINS 0 0.104 0.223 0.670 0.003
MRNS 0 0.013 0.091 0.223 0.434 0.236 0.003
Case 9: Trump Wall Shutdown
Fuzzy 0.769 0.231
SVNS 0.188 0.581 0.231
TRINS 0.03 0.158 0.581 0.224 0.007
MRNS 0.02 0.046 0.122 0.581 0.199 0.025 0.007
Case 10: Yellow Vest Protest
Fuzzy 0.337 0.663
SVNS 0.018 0.319 0.663
TRINS 0 0.018 0.319 0.662 0.001
MRNS 0 0 0.018 0.319 0.654 0.008 0.001

To further enhance the results and enable comparison, inde-
terminacy neutral operator (Definition 13) was used on MRNS to
convert it to SVNS kind of representation. The comparison of fuzzy,
SVNS and indeterminate neutral of MRNS is given in Table 9, it is
seen in several cases that a positive opinion or a negative opinion
is actually indeterminate in nature. Also in some cases a positive
opinion turns out to indeterminate positive and a negative opinion
has an edge over positive opinion.

It is clearly seen in case of “foreign trips of PM” and “Me
too”, the overall positive opinion turns out to be indetermi-
nate in nature when analysed with MRNS. Similarly the overall

negative opinion of “yellow vest protest” and “UP mob vio-
lence” turns out to be indeterminate opinion with analysed with
MRNS. In case of “farm loan wavier” the opinion changes from
positive to negative, and in case of "Trump wall”, the opinion
changes from more negative to more positive when analysed
with MRNS. In the other cases, like “Women reservation bill”,
“triple talaq bill”, “POSCO act” and “onion price”, the opinion
obtained with SVNS and TRINS is confirmed using MRNS for analy-
sis. The trendy that is predicted by fuzzy is sometimes not exactly
accurate, mostly when indeterminacy happens to be the actual
trend.
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Table 9 Table 10
Comparison between Fuzzy, SVNS and Indeterminate neutral of MRNS Case study of Amazon with SemEval 2017
Case no Fuzzy SVNS Indeterminate neutral MRNS Values Positive Neutral Negative
1 Positive Indeterminate; (0.19,0.778, 0.263) Original 0.05 0.52 0.27 0.15 0.01
More positive Indeterminate Values
than negative more negative than positive TRINS 0.06 0.47 0.28 0.16 0.03
2 Positive Indeterminate (0.048, 0.928, 0.023) MRNS 006 003 044 0.28 013  0.06 0
more positive Indeterminate;
than negative meagre negative and positive
3 Negative Negative (0.042, 0.226, 0.732) . . . .
Negative; The TRINS values are obtained by polarity classification and
N . negligible positive tweet quantification of the tweets in the dataset. The values
4 Positive Indeterminate (0-258,0.705, 0.03) obtained are (0.06, 0.47, 0.28, 0.16, 0.03). There is a slight varia-
more positive Indeterminate; i h -ed to th ted val . by th t
than negative more positive than negative ion when compared to the expected values given by the experts.
5 Positive Positive (0.873,0.126, 0.001) The same data set was used for analysis using MRNS and the follow-
Positive; no negative ing was obtained (0.06, 0.03, 0.44, 0.28, 0.13, 0.06, 0) on a 7-point
6 Positive Positive (0.387,0.548, 0.059) scale. This cannot be compared with the expected values of the
Indeterminate SemEval dataset, since they are in different point scale, but it is
more positive than negative . . . . .
7 Positive Positive (0.004, 0.773, 0.223) pertinent to mention .that the 7—p01n_t scale gives more detailed
Indeterminate accuracy to the analysis. For example, it can be seen that none had
more negative than positive astrongly negative opinion about Amazon, this is not captured with
8 Negative Negative (0.014, 0.743, 0.239) TRINS
Indeterminate . . . . .
more negative than positive Since SemEval-2017 dataset is an mteregtmg, 1mp0r.tant and
9 Positive Indeterminate (0.065, 0.802, 0.03) bench-marked dataset to work on, a detailed analysis of the
more negative Indeterminate; SemEval 2017 dataset using neutrosophy will be carried out soon.
than positive more positive than negative It shall be a separate analysis on its own along with creation
10 Negative Negative (0, 0.991, 0.009)

Indeterminate; negligible
negative and no positive

7.1. Working on SemEval2017 Task 4 dataset

Recently, SemEval-2017 Task 4 [62], the sentiment analysis in
Twitter task was conducted for the fifth year. Several tasks are given
to the participating teams. It includes identifying the overall senti-
ment of the tweet, sentiment towards a topic with classification on
a two point and on a five-point ordinal scale. The five-point scale
used was strongly positive, weakly positive, neutral, weakly neg-
ative, and strongly negative. This five-point scale is similar to the
TRINS concept in neutrosophy.

SemEval-2017 Task 4: Sentiment analysis in twitter is an impor-
tant benchmark in sentiment analysis of twitter data. The various
subtasks associated with it are subtasks A, B, C, D and E. Subtask A is
about message polarity classification, subtasks B-C are about topic
based message polarity classification into two-point and five-point
scale and subtasks D-E are tweet quantification into two-point and
five-point scale.

Our model using neutrosophy is closely related with polar-
ity classification and tweet quantification (Subtask E), it works
on three-point scale (SVNS), five-point scale (TRINS) and seven
point scale (MRNS). An in-depth analysis of using neutrosophy on
SemEval 2017 dataset will be done later for all the 5 subtasks of
task 4, since almost all participating teams had made use of several
machine learning algorithms. Our existing model is not making use
of any machine learning algorithm and hence is at disadvantage
for complete comparison with the baselines and benchmarks set
by them. The possible comparative analysis can be carried out on
five-point scale (TRINS) as subtask E of tweet quantification is on
a five-point scale. For illustrative purpose we have worked with
just one topic from SemEval-2017 dataset. We have dealt with 100
tweets related to the topic “Amazon” from the SemEval-2017 train-
ing dataset. The original values are taken from the polarity value
given in the dataset, it is mapped to the percentage of -2, — 1, 0,
1, 2 present in the polarity column. The values obtained for sub-
task E in case of topic “Amazon” using TRINS is tabulated below in
Table 10.

of appropriate machine learning and natural language processing
algorithms which make use of neutrosophy. This exciting and inno-
vative study will be taken up in future. For further study, we are
planning to work on datasets from [33-35], combined together
with appropriate NLP and machine learning algorithms that are
based on neutrosophy.

8. Results and future study

Both conventional and fuzzy sentiment analysis fail to capture
the indeterminacy and neutrality that is present in the content.
To handle the indeterminacy, neutrosophy is used for analysis of
tweets. In this paper, a new concept called MRNS with two positive
memberships, three indeterminate memberships and two negative
memberships is defined. Its properties and various operators are
discussed. For the purposes of this research work, ten subjects (data
sets) which are political or social in nature were taken for sentiment
analysis and for each case study, 1000 tweets were collected and
used for analysis. The collection was carried out through a specif-
ically created twitter API, through which tweets were extracted,
programming was carried out using Python and necessary libraries
for NLP. It is the first time that refined neutrosophic sets have
been used for sentiment analysis of tweets. Three neutrosophic sets
namely SVNS, TRINS and MRNS were used to analyse the tweets. In
each case, it was clearly seen that MRNS gives a better and accurate
result when compared to SVNS or TRINS. An illustrative compari-
son with one topic from SemEval-2017 was also done with TRINS
and MRNS. From the discussions and comparisons carried out, it is
seen that when MRNS is used the best accuracy was obtained in
sentiment analysis.
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