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Abstract
The availability of the content on the web has increased enormously in the last decade.
Many reviews are written by the users on the e-commerce websites for the products they
buy. These reviews are read by customers who are interested in buying those products.
Sometimes, these reviews are in thousands which makes it difficult to read them.
Customers also want to search reviews based on their preferred aspects to make a buying
decision. In this paper, a novel approach for Multi-Criteria Decision Making (MCDM)
for multi-aspect based personalized ranking of the products is proposed. It characteristi-
cally uses customer preferences as one of the inputs for decision-making. Opinions on
various aspects are extracted using Aspect-Based Sentiment Analysis (ABSA) which
becomes the second input to the framework which uses Plithogenic sets. This model
uniquely incorporating varying customer preferences by mapping them to plithogenic
degree of contradictions and modelling linguistic uncertainties in online reviews to create
a personalized ranking of products using plithogenic aggregation. It has been shown
empirically that our approach outperforms the existing MCDM approaches namely
TOPSIS (Technique for Order Preference by Similarity to Ideal Solution) and WSM
(Weighted Sum Model) and some of the state-of-the-art methods.

Keywords Aspect-based sentiment analysis .MCDM . Plithogenic sets . Product ranking

1 Introduction

With the advancement of the web and e-commerce, the amount of content generated by the
users online has increased multi-fold in the last decade. This content is also referred to as user-
generated content or UGC [29]. UGC can be in the form of photos, videos, text, etc. Users post
a lot of content on social media websites like Facebook, Twitter. With the help of Natural
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Language Processing (NLP) techniques, this data has been used in the past to predict outcomes
in sports encounters [43], e-learning [38], movie reviews [37], transportation [5], spam
analysis [10], stock trends [22], etc. With the improvements in artificial intelligence and deep
learning techniques for image processing [14, 52, 53], the opinions and sentiments in
multimedia content can be mined to make better product recommendations. Apart from this,
with the advent of e-commerce platforms, users post a lot of content in the form of product
reviews, hotel reviews, movie reviews, etc. These reviews can be used to extract meaningful
opinions and these opinions can further be used for better product sales [24], hotels recom-
mendation [6], etc. NLP is a branch of computer science which deals with extracting the
meaning of a sentence, finding sentiment, classifying text, performing social media analysis,
topic modelling and predictive analysis, etc. Sentiment Analysis is a part of NLP which deals
with subjectivity analysis and sentiment classification. Subjectivity analysis is classifying a
sentence or part of a sentence as either subjective or objective. An objective word or a sentence
has information that is factual in nature, and thus is low in opinion and views, whereas a
subjective sentence contains the user’s opinion and views thus has a sentiment value. These
opinions and views have been mined to extract sentiments being echoed by the user [17, 32].

While buying a product, a customer generally wants to know about how the product ranks
on various aspects. Different customers are interested in different aspects of a product. A
customer looking for a gaming phone is interested in the RAM and graphics of the phone,
while for another customer looks, camera or some other aspect might be the only important
attribute. This brings forward a unique problem in making a buying decision. Customers need
to find reviews on aspects of a product in which they are interested. Online reviews, given by
other users are in hundreds or sometimes even in thousands and hence it becomes burdensome
to read through them and find the reviews on aspects they are interested in. A customer might
be interested in more than one aspect of the product e.g. while selecting a hotel, a customer
might be interested in the location, sleep quality, and service considered together. This brings
forward another problem in decision making, a user needs a solution that gives a consolidated
view of a product (hotel in our case) on the aspects which are selected by the user. Figure 1
illustrates these two problems faced by the customers for the hotel selection. As illustrated,
customer 1 wants good service, value for money, and better sleep quality while selecting a
hotel whereas customer 2 gives more emphasis on the location and cleanliness of the hotel. To
select a hotel, customer needs to find user reviews for their preferred aspects and then decide
on those multiple aspects.

Fig. 1 Problems faced by the user for the hotel selection
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Sentiment analysis has been widely used for product rankings, one of the popular ap-
proaches for sentiment-based product ranking relies on extracting features from reviews and
matching those features with customer profiles to provide rankings [35]. Some other ap-
proaches rely on providing product recommendations based on reviews from like-minded
users [19, 40]. While few others try to model customer preferences in terms of static weights,
rather than considering changing preferences from one customer to another [54]. All these
techniques either ignore or assume customers’ preferences for various aspects of a product to
make personalized recommendations. The linguistic uncertainty in textual reviews is not
considered in all earlier works. The linguistic opinions expressed by the users in online
reviews are characteristically uncertain and not crisp. While few works try to capture this
uncertainty by proposing a distance-based utility function to convert linguistic terms like
“good”, “bad” etc. to numerical values [16]. But it has been shown in earlier works that
plithogenic sets better capture textual subjectivity than many of the other techniques [34]. This
paper proposes a novel method to solve the above deficiencies by incorporating varying
customers’ preferences and plithogenic based linguistic opinion modelling to provide
rankings.

The main contributions of our paper are:

1. We propose a plithogenic sets-based MCDM method that models changing customer
preferences. The proposed system is capable of giving varying recommendations, as per
customers’ provided aspect preferences.

2. The proposed method models linguistic opinion in a better way while solving MCDM
problems using ABSA. The linguistic opinion is converted to aggregate sentiment ratings,
which are mapped to the degree of appurtenance for the multi-attribute plithogenic set.

To best of our knowledge, this paper is first to incorporate both varying customers’ preferences
and capturing linguistic uncertainty. The proposed model accepts the customers’ liking for
aspects and user reviews to give a personalized hotel ranking to each user. ABSA is used to
find aspects from textual reviews of the hotel, further, we find sentiments expressed on these
aspects. Figure 2 illustrates the proposed solution to this problem. The model is validated by
creating a hotel ranking system. A comparison of the proposed method is shown with other

Fig. 2 Proposed solution for the problem
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MCDM techniques and two similar ABSA-based outranking methods. It is proved empirically
that our technique outperforms these techniques.

The rest of the paper is divided into the following sections: Section 2 describes briefly the
related work. Section 3 provides an introduction to plithogenic sets. Section 4 gives a detailed
description of the proposed methodology. Section 5 shows the set of experiments that were
conducted based on the proposed methodology. Section 6 presents the comparison of proposed
model with other techniques. Section 7 outlines the conclusion and future scope of this work.

2 Related work

2.1 Sentiment analysis

Sentiment analysis or finding sentiments of text has developed into a mature branch of
computer science. Sentiment analysis can be done at the following levels: sentence level,
document level, and aspect level [26]. Various studies have proven applications of sentiment
analysis to different fields. Some authors studied how the sentiment of tweets on a game varied
as the match results changed [45]. They showed a direct correlation between tweet sentiments
and match states. Sentiment analysis of Facebook posts was done, and its results were used in
e-learning content recommendations [33]. In some studies, authors did Aspect-Based Senti-
ment Analysis (ABSA) on mobile reviews to find aspects and what sentiments were expressed
on these aspects to generate the opinionated summary of the reviews in a graphical form [12].
Some studies have shown how product recommendations can be done using ABSA, an
integrated approach of using feature level sentiments of reviews on a product, to make a
critiquing interface for recommender system is proposed [9]. Similarly, an application of
sentiment analysis has been shown in the field of crime prediction [4].

ABSA has been widely studied in the literature for finding aspects and analyzing senti-
ments on these aspects. Some authors have used machine learning-based approaches (both
supervised and unsupervised) to find aspects from the text. LDA was used to find reviews on
specific aspects from the hotel and restaurant reviews provided by different users [44]. The
other prominent way of ABSA is the syntactic technique. The authors used syntactic tech-
niques to find aspects and showed how the grammatical structure of a sentence can be used to
find aspects and achieved a precision of around 75% [51]. Haider et al. [13] studied what role
is played by different forms of adverbs in the sentiment classification of tweets. They used
syntactic techniques to extract adverbs and then obtained their sentiment scores through
SentiWordNet to classify tweets into positive, negative, or neutral. The work uses syntactic
techniques for Aspect extraction (AE) and feeds the knowledge extracted from the AE step to
the ABSA step thus improving the accuracy [30]. Sentence syntactic knowledge was used to
augment the CNN model to achieve higher accuracy [25]. Lexicon-based approaches were
also used for sentiment classification and achieved results with improved accuracy [15, 31].

2.2 Sentiment analysis with MCDM

Many researchers have proposed aspect-based ranking models using Multi-criteria decision-
making (MCDM) approaches. TOPSIS combined with AHP was used to make recommenda-
tions of smartphones based on features extracted using the Term Frequency (TF) approach
[20], but the authors did not consider the relative importance of aspects for different customers.
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Intuitionistic fuzzy set theory along with the Intuitionistic Fuzzy Weighted Averaging (IFWA)
operator was used by authors to rank alternative products, but they did not emphasize the
importance of weightage for different aspects [27]. Some authors calculated aspect weights
using aspect frequency and attention degree, but this does not necessarily cater to all users,
since different users have different preferences [50]. Page rank algorithm along with sentiment
analysis was used for ranking of the products [48]. This was further improved by assigning
weight to each review based on the date it was posted to calculate the age and number of votes
given to that review [49]. The impact of undetermined weights was studied for ABSA [11].
They created a directed graph model for combining the sentiment score of textual reviews with
the ratings of aspects. Page Rank method was also improved for obtaining the ranking of
products by calculating the value of a node, which is the final score of a product. A comparison
of alternative products can effectively be done using the directed graph which in turn can
improve the ranking accuracy [21]. Some researchers have used intuitionistic fuzzy methods
for ranking products using online data, the interval-valued intuitionistic fuzzy TOPSIS method
was used for product ranking [28], they used intuitionistic fuzzy numbers to represent each
product performance by considering their features. Also, the ranking of products of online
textual reviews was obtained by aggregating the interval type 2 fuzzy numbers [8]. Ranking of
aspects is done from the textual reviews which signify the important aspects of the product
[46]. Reviewers’ opinions are found using textual reviews from B2C websites, but preferences
are not taken into consideration [23]. In all the above works the customer’s aspect preferences
are either not considered or a static aspect preference is considered to represent all the
customers. In real-world scenarios, people have varied preferences for aspects and hence all
the above works fail to model varying customer preferences. In recent times, some authors [16]
proposed an approach that considers some order of varying customer preferences to feed into
the ELECTRE MCDMmodel but the author falls short of creating a generic model which can
be used for various types of preferences, further the author models linguistic subjectivity by
creating a simplistic position based function. In [54], the author proposes ABSA based
decision aid model which uses the number of times an aspect is being referred to as in reviews
as customers’ preferences, this is based on assumption that important aspects are the most
talked about aspects in the online reviews. While this assumption is not completely wrong but
still it fails to create a generic model, which can be used in all types of use cases.

In this paper, we use syntactic techniques augmented with domain knowledge for ABSA.
We deal with linguistic uncertainty by modelling it using plithogenic sets. Further, we propose
a novel approach to solve the problem of capturing varying users’ preferences in MCDM. The
detailed methodology is explained in section 4.

3 Introduction to Plithogenic sets

Plithogenic sets were introduced by Samarandache [41] and are defined as a generalization of
crisp, fuzzy, intuitionistic fuzzy, and neutrosophic sets. The plithogenic sets are characterized
by the degree of appurtenance or belongingness of an element of a set and the degree of
contradiction between various values of an attribute with the dominant attribute. In the past,
some studies have been done to show the usage of plithogenic sets for weight assignment in
the existing MCDM techniques. Plithogenic aggregation operator is used in finding the
aggregate value of subjective weights and weights obtained from the CRITIC method [1].
These weights were then used in TOPSIS to find the ranks of various alternatives in the field of
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supply chain management. Similarly, some other MCDM techniques with plithogenic sets
were used to assign weightage for various available alternatives [2, 3].

3.1 Single attribute and multi-attribute plithogenic sets

In a single attribute plithogenic set, only one attribute or property is taken into consideration.
For example, in a class of students, if only the height of students (single property) is considered
then it will be a single attribute plithogenic set. It is defined as:

s p; r; a; cð Þ ð1Þ
Where,

s a set or collection of items
p a property (or attribute) of the elements in a set s
r a range of values that p can take
a the degree of appurtenance of an element x of a set, to set s
c the degree of contradiction between various values of r

Similarly, if a plithogenic set is characterized by multiple attributes, then it is called a multi-
attribute plithogenic set. In the previous example, if we also consider the weight of students
along with height then it will be a multi-attribute plithogenic set.

Multi-attribute plithogenic sets can be defined as:

s p1; r1; a1; c1;; p2; r2; a2; c2;………; pm; rm; am; cm;
� � ð2Þ

Where,

s a set or collection of items
p1, p2,…. . , pm properties of a multi attribute plithogenic set
r1, r2,…. . , rm a range of values that p1, p2,…. . , pm can take
a1, a2,…. . , am the degree of appurtenance
c1, c2,…. . , cm the degree of contradiction
m number of attributes

3.2 Dominant attribute value

Out of all the values of an attribute represented by r, a value may be considered as a dominant
value. This value is defined as a value that is most important in a range of values. It may
however be noted that the dominant attribute value might not exist in all the scenarios or it may
be difficult to define the dominant attribute value in many cases.

3.3 Degree of appurtenance

It is defined as a degree of belongingness or non- belongingness of an element x to a
plithogenic set p.
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The appurtenance takes the following values based on the set in consideration:

1. Crisp set: Complete membership (defined by 1), complete non-membership (defined by 0)
[47]

2. Fuzzy set: Fuzzy membership of x to set S [0, 1] [47]
3. Intuitionistic Fuzzy set: Fuzzy membership and non-membership [7]
4. Neutrosophic set: Fuzzy membership, non-membership, and indeterminacy [39]

3.4 Degree of contradiction

The degree of contradiction is defined as a value by which various values of an attribute
contradict each other. The degree of contradiction is defined by the following axioms:

cv1v1 ¼ 0 ð3Þ

cv1v2 ¼ cv2v1 ð4Þ
Let us consider a set of people s, and property under consideration is the weight. If we assume
that this property can take the following values:

w≡ fat; normal; thinf g ð5Þ
Based on Eq. (3) and (4), the degree of contradiction between these values will be defined as:

cfat;fat ¼ 0 ð6Þ

cfat;normal ¼ 0:5 ð7Þ

cfat;thin ¼ 1 ð8Þ
Value “fat” has zero contradiction with itself, whereas it is in complete contradiction with thin.
Further the contradiction of fat with normal and normal with thin will be 0.5 indicating that
these values have some contradiction amongst each other but are not pole apart.

3.5 Plithogenic aggregation operations

Plithogenic aggregation operators Plithogenic AND (intersection) & Plithogenic OR (union)
are defined as a linear combination of fuzzy tnorm and fuzzy tconorm [42].

AND 1−cv1v2½ � � tnorm a1; a2ð Þ þ cv1v2 � tconorm a1; a2ð Þ ð9Þ

OR 1−cv1v2½ � � tconorm a1; a2ð Þ þ cv1v2 � tnorm a1; a2ð Þ ð10Þ
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3.6 Multi-attribute plithogenic sets aggregation operations

The multi-attribute plithogenic sets are an extension of single attribute plithogenic sets where
the number of attributes in consideration is greater than one. For a multi-attribute plithogenic
set with three attributes (a, b, c), the plithogenic intersection (AND) and plithogenic union
(OR) is defined as:

x1 ak; bl ; cmð Þ∧x2 ak; bl ; cmð Þ ¼
1−cad ;ak
� �� tnorm a1; a2ð Þ þ cad ;ak � tconorm a1; a2ð Þ; 1≤k≤ra
1−cbd ;bl
� �� tnorm b1; b2ð Þ þ cbd ;bl � tconorm b1; b2ð Þ; 1≤k≤rb
1−ccdcm½ � � tnorm c1; c2ð Þ þ ccdcm � tconorm c1; c2ð Þ; 1≤m≤rc

8>><
>>:

ð11Þ

x1 ak; bl ; cmð Þ∨x2 ak; bl ; cmð Þ ¼

1−cad ;ak
� �� tconorm a1; a2ð Þ þ cad ;ak � tnorm a1; a2ð Þ; 1≤k≤ra
1−cbd ;bl
� �� tconorm b1; b2ð Þ þ cbd ;bl � tnorm b1; b2ð Þ; 1≤ l≤rb
1−ccdcm½ � � tconorm c1; c2ð Þ þ ccdcm � tnorm c1; c2ð Þ; 1≤m≤rc

8>>>><
>>>>:

ð12Þ

Where,

cad;ak is the degree of contradiction between the dominant value of a and other values for a
cbd;bl is the degree of contradiction between the dominant value of b and other values for b
ccd;cm is the degree of contradiction between the dominant value of c and other values for c
ra is a range of values for a
rb is a range of values for b
rc is a range of values for c

4 Proposed methodology

Our proposed methodology can be divided into three units. First, Review Processing Unit
(RPU), second, Customer Preference Processing Unit (CPPU), and third, Personalized Rank-
ing Unit (PRU). In RPU, ABSA is done on textual reviews of hotels to extract aspects and their
associated opinions. The CPPU processes customers’ preferences. Both of these unit form
input to the PRU. The PRU is the module for doing MCDM using customer preferences and
hotels’ sentiment ratings. Figure 3 shows the proposed framework. This section is further
subdivided into the following sections: Section 4.1 provides the details of the dataset which is
being used for the approach. Section 4.2 shows how reviews are processed in RPU. Section 4.3
explains how CPPU represents customer preferences to plithogenic sets. Finally, Section 4.4
describes the PRU giving a detailed demonstration of the proposed approach using two hotels
from the dataset.
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4.1 Dataset

The dataset for demonstration of the proposed framework was obtained from TripAdvisor1.
The dataset was in the form of JSON files, with one file for each hotel. This file has the
following information about the hotel:

& Hotel’s identification information, which consists of TripAdvisor hotel’s Id, hotel’s name,
hotel’s address, and hotel’s website information

Fig. 3 Proposed Framework
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& Star ratings, the data consist of star rating on different aspects like location, value for money,
sleep quality, etc. and an overall star rating is also available for the hotel. In this paper, we utilize
these star ratings to create a baseline, to benchmark the performance of our ranking method

& Textual reviews are the reviews that users have posted on TripAdvisor for the hotel

We created a data crawler to extract all hotels in a given location. This was necessary since the
comparison of hotels in the same location is generally required by the customers. Then star
ratings and textual reviews are extracted for these hotels for data processing. For our
experiments, we selected hotels in Seattle, the dataset consisted of 247 hotels in Seattle.

We selected a subset of these hotels based on TripAdvisor rankings for these hotels. Out of
these 247 hotels present in the dataset, only 117 had rankings available on TripAdvisor.
Further, we describe how we use these rankings to create a second baseline for performance
evaluation. From these 117 hotels, we tried to include hotels with high, medium, and low
rankings in our selection. Finally, we selected 20 hotels for comparisons and concept demon-
strations. The selected hotels can be seen in Table 1, along with TripAdvisor ranks and the
number of user reviews available on each hotel in the dataset.

4.2 Reviews processing unit (RPU)

This unit is used for extracting the sentiments from the textual reviews on hotels given by
users. Data is cleaned by the removal of stop words followed by stemming and lemmatization.
Data is POS tagged using Stanford Part-of-Speech Tagger and dependency parsing is done
using Stanford dependency parser. Aspects are extracted from the reviews and domain
knowledge-based aspect mapping is done to the aspect categories, e.g. the aspect category
service is constituted of various aspects like manager behavior, room service, check-in process,
welcome experience, etc. The aspect category “Location” covers words such as area, place,

Table 1 Selected list of hotels in Seattle

Hotel Id Hotel Name Hotel Location Zip Code TripAdvisor
Ranks

Number
of reviews

100504 Hotel Monaco Seattle Seattle 98101 17 422
100505 Warwick Seattle Hotel Seattle 98121 52 298
100506 Hotel Seattle Seattle 98101 114 48
100507 Inn at the Market Seattle 98101 1 527
100508 Kings Inn Seattle 98121 106 52
100509 Ace Hotel Seattle 98121 46 97
100527 Crowne Plaza Seattle Downtown Area Seattle 98101 49 272
100537 Inn at Queen Anne Seattle 98102 88 121
100538 Inn at Virginia Mason Seattle 98104 81 30
100540 MarQueen Hotel Seattle 98109 69 128
100542 Mayflower Park Seattle 98101 13 409
100544 Moore Hotel Seattle 98101 65 291
100547 Executive Hotel Pacific Seattle 98104 70 307
100554 Renaissance Seattle Hotel Seattle 98104 60 313
100560 Hilton Seattle Seattle 98101 78 124
100561 Quality Inn & Suites Seattle Seattle 98109 96 149
100562 Sheraton Seattle Hotel Seattle 98101 16 700
100564 Sixth Avenue Inn Seattle 98121 76 218
100565 Hotel Andra Seattle 98121 9 365
100567 The Edgewater Hotel Seattle Seattle 98121 53 522
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location, distance, locality, venue, neighbourhood, address, vicinity, etc. A similar set was
created for “Value for money” containing elements like price, value, dollar, charge, cost, rate,
amount, fare, tariff, worth, etc. Similar mappings are created for other aspect categories namely
“Room Quality” and “Sleep Quality”. Further, opinion extraction is done to obtain opinion
words. The opinion words are used to find sentiment polarity and strength using
SentiWordNet. Aggregated normalized sentiment ratings are found on the above-mentioned
aspect categories using all reviews given by reviewers on a particular hotel. These aggregated
normalized ratings are mapped to the degree of appurtenance for the multi-attribute plithogenic
set. This way we can convert linguistic uncertain opinions to numerical values for further
evaluation in the model. For experiments, we created our model to work for three aspects
namely service (denoted by ser), room quality (denoted by room), and value for money
(denoted by val), but this model can be further extrapolated to any number of aspects. The
aggregated hotel sentiments ratings based on three aspects can be defined as:

hrating ¼ ser; room; valð Þ ð13Þ

4.3 Customer preference processing unit (CPPU)

In this module, the customer preferences for aspects are taken as input. The preferences may
vary from customer to customer. For illustration purposes, the customer preferences cpref based
on the three aspects as discussed in the above section can be defined as:

cpref ser; room; valð Þ ð14Þ
For a customer desiring high preference of aspects service, room and low preference of aspect
value for money, the cpref will be defined as:

cpref ser; room; valueð Þ ¼ high; high; lowf g ð15Þ
As stated in the previous sections, the degree of contradiction is defined as the contradiction of
each element of a set with the dominant attribute of that set. To calculate the degree of
contradiction, the range r for each aspect is defined by three values,

r ¼ high;medium; lowf g ð16Þ
The “high” is considered a dominant preference and is assigned the value of 1. The corre-
sponding contradiction values can be calculated based on user preferences. For aspect “room”
customer’s preference is high (considered as 1), degree of contradiction with dominant
preference as per Eq. (3) will be:

croomdroomcust ¼ c1;1 ¼ 0 ð17Þ
Similarly, for “service”

cservicedservicecust ¼ c1;1 ¼ 0 ð18Þ
For “value of money”, user preference is low (which indicates that the customer is not
concerned with the cost), so the degree of contradiction will be:

cvalued;valuecust ¼ c1;0 ¼ 1 ð19Þ
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The higher degree of contradiction with dominant preference indicates that this aspect does not
hold high importance for the user. Whereas the lower degree of contradiction with dominant
preference indicates higher importance of an aspect for the user.

4.4 Personalized ranking unit (PRU)

PRU accepts two inputs, first hotel’s aggregated sentiment ratings obtained from RPU and the
second customers’ preferences obtained from CPPU. To find personalized multi aspect-based
ranking, we have used multi-attribute plithogenic sets aggregation between customer’s pref-
erences and hotels aggregated sentiment ratings. The main advantage of this methodology is
that it considers customers’ preferences to create the preference matrix whereas the other
methods like TOPSIS and WSM give no importance to customers’ preferences for aspects.
These methods just consider experts’ opinions to create the preference matrix and hence give
the same recommendations to all the customers irrespective of their preferences. Accordingly,
Eq. (11) can be transformed as.

cpref ser; room; valð Þ∧hrating ser; room; valð Þ

¼
1−cserd;serhotel
� �� tnorm sercust; serhotelð Þ þ cserd;serhotel � tconorm sercust; serhotelð Þ

1−croomd;roomhotel

� �� tnorm roomcust; roomhotelð Þ þ croomd;roomhotel � tconorm roomcust; roomhotelð Þ
1−cvald;valhotel

i
� tnorm valcust; valhotelð Þ þ cvald;valhotel � tconorm valcust; valhotelð Þ

8><
>:

ð20Þ

Where values for tnormand tconorm are calculated as:

tnorm sercustserhotelð Þ ¼ sercust∧serhotel ¼ sercust � serhotel ð21Þ

tconorm sercust; serhotelð Þ ¼ sercust∨serhotel ¼ sercust þ serhotel−sercust � serhotel ð22Þ
For calculation purposes, the customer’s preferences are assigned the following values, high
preference is assigned value 1, medium preference is assigned value 0.5 and low preference is
assigned value 0.1. The values obtained from the above equation are fed into the preference
matrix for this hotel. Similarly, the customers’ preferences are aggregated with other hotels’
ratings to complete the preference matrix for all available alternatives. Further, to rank the
alternatives we calculate the aggregate preference score of each alternative using the eq. (23).

pi ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑n

j¼1c
2
j

q
ð23Þ

Where pi the preference score for ith alternative and cj is the jth criterion.
To show our concept, we will be demonstrating it on data obtained from two hotels in

Seattle i.e. Hotel Inn at the Market and Hotel Seattle. Table 2 shows aggregated sentiment
scores obtained from section RPU for three aspects namely room, service, and value for
money. All these three criteria are beneficial and therefore high values for these are desired.
Using the customer’s preferences from CPPU the preference matrix is created in PRU. Table 3
shows the preference matrix obtained for the two alternatives and three criteria.
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The aggregated preference scores for the above given two hotel alternatives are shown in
the last column of Table 3. The results obtained show that the hotel “Hotel Inn at the Market”
is better suited to the user’s preferences as compared to the “Hotel Seattle”.

5 Experiments and results

We conducted a series of experiments in Spyder IDE, using python 3.7 to show how our
method changes hotel recommendations based on different customers’ preferences. The
simulation of our model was done for three customers with different aspect preferences which
are shown in three cases.

Case 1 For customer 1 with preferences : cpref ser; room; valð Þ ¼ high; high; lowf g
Here, the customer has selected three aspects namely service (denoted by ser), room quality
(denoted by room), and value for money (denoted by val). His preferences for these aspects are
high, high, and low respectively. Firstly, the aggregate sentiment scores were found through
RPU. Then, the ranking of hotels is done using PRU. Table 4 shows the aggregate sentiment
scores and aggregate preference scores obtained based on customers’ preferences. The results
are arranged in descending order of ranking recommendations for the customer with the
highest-ranked hotel on the top.

Case 2 For customer 2 with preference : cpref room; ser; locð Þ ¼ medium;medium; highf g
Here customer’s preferences are medium, medium, and high for the aspects room, service, and
location respectively. The aggregated sentiment scores and ranking of hotels are done using
the same methods as mentioned in case 1. Table 5 shows the aggregate sentiment scores and
the aggregate preference scores obtained based on customer 2 preferences. The results are
arranged in descending order of aggregated preference scores, so hotels are suited to users’
preferences in the same order.

Case 3 For Customer 3 with preference : cpref room; ser; locð Þ ¼ medium; high; highf g
This customer is using the same aspects (room, service & location) as in case 2 but with
different preferences. The similar method to cases 1 and 2 is adopted for finding the aggregate

Table 2 Aggregate sentiment scores

Hotel Name Hotel Id Room Service Value for money

Hotel Inn at the Market 100507 0.6073 0.6580 0.6472
Hotel Seattle 100506 0.4648 0.5948 0.5031

Table 3 Preference matrix for two alternatives and three criteria

Criteria/Aspects Aggregated preference scores

Alternatives Room Service Value for money

100507 0.64 0.69 0.68 1.12
100506 0.46 0.59 0.55 0.94
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Table 4 Ranking Results in descending order for customer 1 preferences cpref(ser, room, val) = {high, high,
low}

Aggregate sentiment scores for aspects

Hotel Id Room Service Value for money Aggregate preference scores

100538 0.6294 0.6677 0.6487 1.1444
100507 0.6073 0.6580 0.6472 1.1258
100561 0.5217 0.6321 0.7313 1.1165
100540 0.5686 0.6471 0.6744 1.1144
100542 0.5503 0.6505 0.6733 1.1065
100527 0.5996 0.6396 0.6237 1.0982
100564 0.5587 0.6445 0.6516 1.0949
100562 0.6099 0.6402 0.5830 1.0827
100565 0.5639 0.6412 0.6230 1.0797
100505 0.5649 0.6391 0.6145 1.0743
100554 0.5949 0.6573 0.5514 1.0684
100544 0.5612 0.6043 0.6393 1.0659
100504 0.5888 0.6386 0.5630 1.0596
100547 0.4960 0.6549 0.6049 1.0441
100567 0.5890 0.6554 0.5067 1.0420
100560 0.5325 0.6516 0.5654 1.0387
100537 0.5090 0.5871 0.6351 1.0271
100509 0.5542 0.6134 0.5236 1.0049
100506 0.4648 0.5948 0.5031 0.9356
100508 0.4692 0.4912 0.5875 0.9257

Table 5 Ranking results in descending order for customer 2 preferences cpref(room, ser, loc) = {medium,
medium, high}

Aggregate sentiment scores for aspects

Hotel Id Room Service Location Aggregate preference score

100565 0.5639 0.6412 0.7231 1.0637
100527 0.5996 0.6396 0.6870 1.0483
100504 0.5888 0.6386 0.6905 1.0475
100507 0.6073 0.6580 0.6702 1.0444
100542 0.5503 0.6505 0.6950 1.0439
100562 0.6099 0.6402 0.6677 1.0387
100567 0.5890 0.6554 0.6478 1.0247
100505 0.5649 0.6391 0.6581 1.0203
100564 0.5587 0.6445 0.6559 1.0188
100509 0.5542 0.6134 0.6707 1.0186
100547 0.4960 0.6549 0.6741 1.0178
100554 0.5949 0.6573 0.6326 1.0172
100544 0.5612 0.6043 0.6531 1.0064
100540 0.5686 0.6471 0.6301 1.0057
100538 0.6294 0.6677 0.5848 1.0009
100560 0.5325 0.6516 0.6189 0.9905
100561 0.5217 0.6321 0.6107 0.9769
100537 0.5090 0.5871 0.6154 0.9637
100506 0.4648 0.5948 0.5377 0.9064
100508 0.4692 0.4912 0.4697 0.8373
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sentiment scores and hotel rankings. Table 6 shows the aggregate sentiment scores and
aggregate preference scores obtained. The results are arranged in descending order of aggre-
gated preference scores, so hotels are suited to users’ preferences in the same order.

From case 2 to case 3, the preference of aspect service is changed from medium to high.
The first hotel rank is the same in both cases. In case 2 the hotel with id 100,527 is rated higher
than the hotel with id 100,507, whereas in case 3 hotel with id 100,507 is rated higher. This is
so because, if the user’s preference is near to the dominant criterion, our algorithm gives more
preference to that attribute. In the first case, the location is near to the dominant value
(contradiction is 0), so preference is given to this attribute. In the second case, service, and
location both attributes are near to the dominant value (contradiction is 0 for both) so a
combination of these two attributes is given more preference.

Also, it should be noted from the results that if a preference for an attribute is rated medium
or low by the user, our algorithm does not recommend hotels that are rated low for these
attributes, which we believe is the right thing to do. If a user gives preference as low or
medium, it simply means that these attributes are of medium or low importance to the user and
not that he wants to filter out hotels with the scores as medium or low for these attributes. A
user would still desire to have filtering based on high scores for these criteria.

To better visualize our results, 3D graphs with a heat map were created which are shown in
Figs. 4, 5 and 6 for all three cases respectively. In Fig. 4, the x, y, and z coordinates depict the
aggregate sentiment ratings for the criteria room, service, and value for money. In Figs. 5 and
6, the coordinates depict the aggregate sentiment ratings for the criteria room, service, and
location. Each point in all the figures represents a hotel. The hotels are colour mapped based on

Table 6 Ranking Results in descending order for customer 3 with preferences cpref(room, ser, loc) = {medium,
high, high}

Aggregate sentiment scores for aspects

Hotel Id Room Service Location Aggregate preference score

100565 0.5639 0.6412 0.7231 1.1031
100507 0.6073 0.6580 0.6702 1.0902
100527 0.5996 0.6396 0.6870 1.0878
100542 0.5503 0.6505 0.6950 1.0872
100504 0.5888 0.6386 0.6905 1.0868
100562 0.6099 0.6402 0.6677 1.0788
100567 0.5890 0.6554 0.6478 1.0704
100554 0.5949 0.6573 0.6326 1.0640
100547 0.4960 0.6549 0.6741 1.0636
100564 0.5587 0.6445 0.6559 1.0611
100505 0.5649 0.6391 0.6581 1.0607
100538 0.6294 0.6677 0.5848 1.0520
100509 0.5542 0.6134 0.6707 1.0507
100540 0.5686 0.6471 0.6301 1.0494
100560 0.5325 0.6516 0.6189 1.0364
100544 0.5612 0.6043 0.6531 1.0360
100561 0.5217 0.6321 0.6107 1.0166
100537 0.5090 0.5871 0.6154 0.9889
100506 0.4648 0.5948 0.5377 0.9358
100508 0.4692 0.4912 0.4697 0.8348
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the preference scores obtained from our approach. The hotels with lighter colours depict high
scores (high ranking) and hotels with dark shades depict low scores (low rankings).

6 Performance evaluation and comparison

Performance evaluation of the proposed framework is done by comparing it with two existing
MCDM techniques, TOPSIS and WSM, and two latest state-of-the-art methods. Two well-
established standard bivariate rank correlation comparison statistical methods, namely the

Fig. 4 3D plot with a heat map for hotel ranking based on customer 1 preference
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Kendall’s tau rank correlation method, and the Pearson’s r correlation method were used to
compare the efficacy of our model with respect to the above-said methods.

6.1 Performance evaluation measures

Kendall’s tau Rank Correlation method is used to find ordinal relation between two monotonic
measured quantities [18]. Kendall’s coefficient τ is a measure of the correlation between two
quantities. Kendall’s tau coefficient ranges between 0 and 1, with 0 denoting no correlation
and 1 denoting complete correlation. Mathematically, Kendell coefficient τ is defined as:

Fig. 5 3D plot with a heat map for hotel ranking based on customer 2 preference
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τ ¼ nc−nd
n n−1ð Þ=2 ð24Þ

Where,

nc stands for the number of concordant pairs
nd stands for the number of discordant pairs

Pearson’s correlation coefficient ρ is used to find the bivariate correlation between two
variables [36]. It is defined as the covariance between two variables divided by the standard

Fig. 6 3D plot with a heat map for hotel ranking based on customer 3 preference
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deviation. The value of this Pearson’s correlation coefficient ranges between −1 and 1. 1
indicates a complete positive correlation whereas −1 indicates a complete negative correlation.
0 indicates no correlation between the datasets.

Mathematically, Pearson’s r coefficient ρ is defined as:

ρ a; bð Þ ¼ cov a; bð Þ
σaσb

ð25Þ

Where,

cov(a, b) is the covariance between a and b,
σa is the standard deviation of a
σb is the standard deviation of b

6.2 Comparison with existing MCDM techniques

To compare the results of our technique we have used two baseline rankings. First, based on
the hotels ranks on TripAdvisor. All hotels in a location listed on TripAdvisor have an
associated rank based on users’ reviews. The ranks for hotels selected by us can be seen in
Table 1. Relative TripAdvisor ranks are obtained for the hotels. These ranks were used to
create the first baseline for comparison. The second baseline for comparison was created using
the star rating given by the users. As described in section 4.1, our datasets consist of star
ratings given by users on various aspects. Ranks based on aggregated normalized star ratings
for the aspects selected by the customer were used to create a second baseline for result
validation and performance analysis. The last two columns of Table 7 show the two baseline
rankings for these hotels.

The MCDM techniques TOPSIS and WSM are simulated on the same dataset for compar-
ison with the proposed methodology. Out of the two selected techniques for comparison, the
first approach, TOPSIS is a distance-based approach, and the second, WSM is a weight-based
approach. Table 7 shows the comparison results between the proposed methodology and these
two techniques. These results are shown for customer preferences, cpref(room, ser, loc) =
{medium, medium, high}. Here, column 2 shows the ranks obtained for this user from our
approach. The corresponding preference scores can be referred from Table 5. Columns 3 and 4
show the TOPSIS performance scores and rankings. Columns 5 and 6 show the WSM
preference scores and the hotel rankings.

Using these two correlation methods we find ranking correlation coefficient between
ranking obtained from our approach with the two baselines described above. Further, to
compare our results with other MCDM techniques we find rankings using TOPSIS and
WSM and compare them with baselines.

The statistical methods (Kendall’s Tau and Pearson’s r) are applied to the proposed approach,
TOPSIS, and WSM by considering the two baselines. Table 8 shows the correlation results
obtained between the techniques and TripAdvisor baseline ranks (first baseline). It can be seen that
the proposed method has achieved a 76.84% correlation under Kendall’s tau and a 91.58%
correlation under Pearson’s r. TOPSIS and WSM have achieved 75.79% and 69.47% correlation
under Kendall’s tau respectively, 69.47% and 85.86% correlation under Pearson’s r. Table 9
shows the correlation results obtained between the techniques and ranks based on the star rating
(second baseline). It is seen that the proposed method has achieved a 61.05% correlation under

Multimedia Tools and Applications



Kendall’s tau and a 76.99% correlation under Pearson’s r. TOPSIS and WSM have achieved
57.89% and 55.79% correlation under Kendall’s tau respectively. Also, both these techniques
have achieved 74.29% and 72.93% correlation under Pearson’s r. Figures 7 and 8 show viz. a viz.
comparison for the proposed method, TOPSIS, WSMwith the two baselines. This shows that our
proposed approach outperforms both TOPSIS andWSM.We were able to achieve a ranking that
was more strongly related to both the baselines as compared to the existing techniques. TOPSIS
and WSM are designed to work on the basis of experts’ views and do not take any inputs for
customers’ preferences. The improvement in results can be attributed to our model’s unique
design, which inherently incorporates customers’ preferences while making recommendations.

6.3 Comparison with state-of-the-art methods

We compared the proposed model with two latest state-of-the-art methods namely Sentiment
Analysis based Multi-person Multi-criteria Decision Making (SA-MpMcDM) methodology
[54] and SentiRank [16]. In the former method, the authors proposed a model to rank
alternatives using users’ reviews and numerical ratings. Static customer preferences were
considered by assigning weights to aspects based on the number of times they were referred
in the reviews. In SentiRank method, authors presented an approach to combine user

Table 8 Bivariate correlation results with TripAdvisor ranking

Technique Kendall tau Pearson’s r

Proposed method 0.7684 0.9158
TOPSIS 0.7579 0.8857
WSM 0.6947 0.8586

Table 7 Result comparison of the proposed technique with TOPSIS and WSM

Hotel id Proposed
method
ranking

TOPSIS
Performance
scores (pi)

TOPSIS
rankings

WSM
Preference
scores awsmi

� �
WSM
rankings

Relative
TripAdvisor
ranks

Star ratings-
based ranks

100565 1 0.8463 2 1.3256 1 2 4
100527 2 0.8490 1 1.3066 2 7 9
100504 3 0.8433 3 1.3043 3 5 3
100507 4 0.8135 4 1.3028 4 1 1
100542 5 0.7287 8 1.2955 5 3 2
100562 6 0.8014 5 1.2576 10 4 6
100567 7 0.7145 10 1.2701 7 9 10
100505 8 0.7262 9 1.2602 8 8 12
100564 9 0.7927 6 1.2928 6 14 13
100509 10 0.7312 7 1.2545 11 6 7
100547 11 0.6706 13 1.2496 12 13 17
100554 12 0.6885 12 1.2588 9 10 14
100544 13 0.6899 11 1.2358 14 11 11
100540 14 0.6534 14 1.2380 13 12 5
100538 15 0.5797 16 1.2334 15 16 8
100560 16 0.5854 15 1.2110 16 15 15
100561 17 0.5430 17 1.1877 17 18 18
100537 18 0.5199 18 1.1635 18 17 16
100506 19 0.2796 19 1.0676 19 20 19
100508 20 0.0110 20 0.9500 20 19 20
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preferences with other customers reviews and use ELECTRE-III to rank alternatives. In both
these works, the dataset was obtained from TripAdvisor restaurant reviews. In SA-MpMcDM
the ranking of 4 restaurants in the city of London was done whereas in SentiRank the authors
used 22 restaurants from the city of Tarragona in Spain. We used the same dataset to compare
the performance of our methodology with the above-said techniques.

6.3.1 Comparison with SA-MpMcDM

In SA-MpMcDM, authors used six restaurants aspects: Food, Service, Drinks, Ambience,
Location, and Restaurant. The sentiment ratings on the first five aspects were extracted from
textual reviews whereas the ratings on the Restaurant aspect were taken from the overall
numerical rating of the restaurant. They assigned following weights to these aspects wfood =
0.387, wservice = 0.125, wdrinks = 0.03, wambience = 0.111 wlocation = 0.041 and wrestaurant =
0.306. For comparison with our model: 1) We merged the food and drinks aspects as they are
similar, accordingly we simulated our proposed method with five aspects: Food, Service,
Ambience, Location, and Restaurant. 2) In our model we do not consider numerical ratings for
the Restaurant aspect, so instead we used overall aggregated sentiments ratings of textual
reviews for the restaurant. 3) Further, the above-mentioned weights were mapped to the
following user preferences based on relative weights assigned to them by authors in their work:

cpref Food; Service;Ambience;Location;Restaurantð Þ ¼ high;medium;medium; low; highf g

Fig. 7 Bivariate correlation results with TripAdvisor baseline

Table 9 Bivariate correlation results with ranking based on star ratings

Technique Kendall tau Pearson’s r

Proposed method 0.6105 0.7699
TOPSIS 0.5789 0.7429
WSM 0.5579 0.7293
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For their study authors had used reviews from 6 users which had posted reviews for all four
restaurants, but for our methodology, we used all the available reviews posted by users in the
English language for these four restaurants. Rankings obtained from our methodology and SA-
MpMcDM are shown in Table 10. We considered TripAdvisor rankings as baseline to find
ranking correlations and benchmarking of the performance.

6.3.2 Comparison with SentiRank

In SentiRank, the authors demonstrated their method for two cases. They used the following
aspects for both the cases: Price, Food, Service, and Distance. These aspects were mapped to
the following aspects in our simulation: Value for money, Food, Service, and Location. We
created customers’ preferences for our model based on the aspect requirements described by
the authors in their work. e.g. in the first case, for the “Distance” aspect the requirement is
given as: “the distance to the city center must be as small as possible” so we translated this to
the “Location” aspect being “high” since it is a mandatory requirement. In the second case, the
“Distance” aspect preference is given as: “restaurants in the city center are preferred”. This is
translated to “medium” since this is just a preference and not a stringent requirement. Similar
translations are done for all the aspects to formulate the following customer preferences:

Table 10 Result comparison of the proposed technique with SA-MpMcDM

Restaurant Preference Score
(proposed method)

Proposed method ranking SA-MpMcDM ranking TripAdvisor
ranking (baseline)

Oxo Tower 1.492 1 2 1
J. Sheekey 1.474 2 1 2
Wolseley 1.468 3 3 3
Ivy 1.444 4 4 4

Fig. 8 Bivariate correlation results with star rating baseline

Multimedia Tools and Applications



Customer preference for case 1:

c1pref Value for money; Food; Service and Locationð Þ ¼ high; high; low; highf g
Customer preference for case 2:

c2pref Value for money; Food; Service and Locationð Þ ¼ low; high; low;mediumf g

In their work, authors had considered 22 restaurants, but for many of the restaurants, the
textual reviews in the English language were either not present or were few in number. For our
study, we considered eight restaurants from the list which had at least 30 reviews in English.
The rest of the restaurants were removed since they had very few reviews in English. Table 11
shows the restaurants used and ranking outcomes for our approach and SentiRank. The
baseline for result comparison was created using star ratings given by users on the aspects
used in these cases.

Using Kendall’s tau and Pearson’s r bivariate correlations were found with baselines as
described in earlier comparisons. Table 12 shows the correlations obtained. It can be seen from
the table that the proposed method performs better than SA-MpMcDM when simulated with
TripAdvisor Restaurants dataset from the city of London. For the restaurant’s dataset from
Spain: For case 1, the proposed method and SentiRank show similar Kendall’s tau correlation,
the proposed method is slightly better (0.52 for proposed method vs 0.51 for SentRank). But
SentiRank shows a better Pearson’s r correlation with baseline as compared to our proposed
method. For case 2, the proposed method performed better than SentiRank, showing better
Kendall’s tau and Pearson’s r correlation coefficients with the baseline. The proposed meth-
odology has been designed to incorporate customers’ preferences and models linguistic
uncertainty in a better way than these existing techniques. The SA-MpMcDM presents no
way to model customers’ preferences in decision aid whereas SentiRank does use customer
preferences but fails to adequately capture linguistic uncertainty. It is can be seen from the
table that the proposed methodology gives better results as compared to these methods.

Figures 9 and 10 show viz. a viz. comparison for the proposed method with SA-MpMcDM
and SentiRank using Kendall’s tau and Pearson’s r correlation coefficients. As depicted in
these figures, we were able to make better ranking predictions for users as compared to these
methods.

Table 11 Result comparison of the proposed technique with SentiRank

Restaurant Preference
Score
Case 1

Proposed
method
ranking
for case 1

SentiRank
ranking
case 1

Preference
Score
case 2

Proposed
method
ranking
for case 2

SentiRank
ranking
case 2

Star ratings-
based ranks

Tarakon 1.554 1 3 1.603 1 6 2
ELIAN Cafe 1.494 2 1 1.554 2 3 1
Arcs 1.472 3 2 1.541 4 2 3
AQ 1.470 4 4 1.553 3 4 3
Barquet 1.464 5 1 1.534 5 3 4
Les Coques 1.463 6 5 1.531 6 5 6
Sadoll 1.449 7 1 1.525 7 1 2
Ca L Eulalia 1.42 8 6 1.511 8 7 5
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7 Conclusion and future scope

This paper presents a novel approach for MCDM, which acts as a decision support system for
e-commerce-based product ranking and recommendations. The model presents a unique way
to incorporate customers’ preferences in the decision-making process. We have addressed two
important problems for product rankings, first incorporating the user’s preferences for making
personalized suggestions, and second, using multiple aspects together to create personalized
rankings. The proposed method overcomes two important limitations in existing decision
support systems. First, it provides a way to incorporate customers’ preferences in decision aid
and make varying recommendations based on them. Second, it uses a unique model to deal
with linguistic uncertainty found in text using plithogenic sets in multi-criterion decision aid
systems. It was shown through experiments how our model created appropriate recommen-
dations for various users.

The efficacy of the model is established by conducting an empirical study. The model is
compared with two MCDM techniques, TOPSIS and WSM as well as two latest state-of-the-
art methods, SA-MpMcDM and SentiRank. The model performance is demonstrated on two
different e-commerce categories namely, Hotel selection and Restaurant selection. In both the
categories, the system performs convincingly well and outperforms other techniques.

In the future, we propose to extend this study to other e-commerce product categories. This
model can be improved by including textual and NLP capabilities for better capturing users’
preferences. While creating this model numerical ratings provided by the users were not taken

Fig. 9 Comparison of proposed method and other techniques using Kendall’s Tau correlation

Table 12 Bivariate correlation comparison results of the proposed method with SA-MpMcDM and SentiRank

Dataset Technique Kendall tau Pearson’s r

TripAdvisor London Restaurants Proposed method 1.00 1.00
SA-MpMcDM 0.67 0.8

TripAdvisor Spain Restaurants Proposed method - case 1 0.52 0.63
SentiRank - case 1 0.51 0.71
Proposed method - case 2 0.51 0.62
SentiRank - case 2 0.33 0.47
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into consideration, it needs to be seen how these ratings impact system performance. To further
improve the accuracy of our model, we will be exploring other deep learning and machine
learning techniques to accomplish ABSA.
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