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Abstract

Online services such as Amazon, Tripadvisor, Ebay, etc., allow users to express sentiments about different
products or services. Not only that, in some cases it is also possible to express sentiments about the different
features characterizing those products or services. Most users express sentiments about individual features by
using numerical values, which sometimes do not allow users to reflect properly what they are meaning and
therefore they are misleading. To overcome this key issue and make users’ opinions in online services more
comprehensive, a new methodology for representing sentiments using linguistic term sets instead of numerical
values is presented. In addition, this methodology will allow to implement importance degrees on the different
features characterizing users’ opinions. From both sentiments and importance of the features, the most impor-
tant opinions for each user is derived via an aggregation step based on the Type-1 Ordered Weighted Averaging
(T1IOWA) operator, which is able to aggregate the corresponding fuzzy set representations of linguistic terms.
Furthermore, the final output of the TIOWA based-search process can easily be interpreted by users because
it is always of the same type (fuzzy) and defined in the same domain of the original fuzzy linguistic labels. A
case study is presented where the TIOWA operator methodology is used to assess different opinions according
to different user profiles.

Keywords: Sentiment Analysis, Feature opinion aggregation, Linguistic Model, TIOWA aggregation operator

1. Introduction

Retrieving information containing opinions towards different products is recently becoming a real need of
many users on the Internet. Many notable online platforms like Amazorﬂ or Ebayﬂ allow users to express
sentiments about their products and, as Tripadvisorﬂ does, about the features of those products. However,
when a user is looking for some information about a specific product, usually the only filtering mechanism
offered is the simple selection of those opinions sharing the same overall rating. Therefore, in practice, users
who are only interested in specific features of a product cannot find good or bad products regarding those specific
features. For example, when a user is searching for a hotel, most websites available on the Internet may rank

hotels according to the overall rating given by past clients. This mechanism is quite rigid because it does not
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allow a user to rank hotels according to his/her preferences, which may be expressed via individual particular
features describing the hotel (see Figure[l]) such as: cleanliness, service, value, etc. In addition, the importance
of each of these features may be different for each user, therefore, a mechanism to express personalized user’s
needs is required.

In addition, some of these online platforms (websites) allow their users to rate the final service/product
in a different way to the individual features describing such service/product. Indeed, a user can write that a
hotel has a bad rating for individual features like cleanliness, service, value, etc., but provides a positive overall
rating, which could lead to the provision by users of fake or incoherent opinions. Moreover, the mechanism
for rating products or services on these platforms is usually numeric valued based, and many users may not
feel comfortable with when scoring features. Many users may find quite different the rating of the battery of a
mobile phone with a 2 stars than with the linguistic expression “really bad”. Linguistic assessments are more
intuitive, informative and understandable than numeric ones. For instance, looking at the TripAdvisor entry
opinion on a hotel reproduced below in Fig. [I| one may conclude that the user is not reflecting adequately with
stars with the elaborated description provided. The adjective “pretty standard” does not appear to match high

values of 4 and 5 stars.

“Comfortable hotel in central location™

(@}@X@EXE) Reviewed 1 week ago

My second time at The Belmont. This time for a family birthday. Booking
was really easy and ongoing communication excellent. We had 5 rooms
on a busy weekend and all of us were very happy, Comfortable rooms
and the hotel is in a central, but quiet location of the City, right on the
lovely New Walk which is pedestrian only. Breakfast was pretty
standard, but that's to be expected. A lovely stay

Room Tip: Rooms are themed - we had the Space Room.
See more room tips
Stayed July 2017, travelled with family

@@®@@O Value Cleanliness

Service

Figure 1: Opinion from TripAdvisor

This paper proposes a new methodology that allows users to interact in a more intuitive way while expressing
their opinions and that is also capable of filtering the most relevant opinions according to their needs. This
mechanism is based on the modelling of needs and sentiments via fuzzy variables, as a tool for representing
linguistic information. The proposal also presents a mechanism to aggregate the sentiments of all the available
features of a product/service to automatically generate its final overall score, releasing the user from doing
it, so that it more reliable and consistent with respect to the individual sentiments expressed about each of
the assessed features. To the best of our knowledge, little work can be found on mechanisms for personalized

opinions search. As a consequence, the main contributions of this article are:

(i) Design of a fuzzy based mechanism to compute preferences and sentiments expression via linguistic values
instead of numerical values;

(ii) Implementation of a fuzzy based aggregation mechanism to compute overall scores depending on individual
facet linguistic sentiments that adapts to the user preferences; and

(iii) Put forward real scenarios in which the two former contributions may work successfully.

The remainder of this work is organized as follows: Section 2 briefly reviews the most relevant literature on

Sentiment Analysis and Aggregation research for the present paper. Section 3 presents examples of different
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opinions that motive the proposal put forward in this article, which is fully detailed in section 4. Section 5 shows
some examples applying the methodology previously described. Finally, section 6 points out some conclusions

and future research work.

2. State of the Art

2.1. Sentiment Analysis

Interest in Sentiment analysis, also known as Opinion Mining, has been growing steadily in the last years,
mainly because of its great number of applications and the scientific challenges it poses. Its main purpose is
the analysis of people’s sentiments (opinions, attitudes, emotions, etc.) regarding topics, products, individuals,
organizations, and services. Sentiment Analysis is closely related to other fields such as Artificial Intelligence
(AI), Information Retrieval (IR) an Natural Language Processing (NLP). Indeed, NLP is very important for
Sentiment Analysis because many aspects, such as Word Sense Disambiguation [I] among others, can determine
whether it is possible to detect whether opinions are available or not. One of the main aspects that NLP has
to deal with is the different levels of analysis. This is key because different types of tasks and texts are to be
tackled [2] depending on whether the target of the study is a whole text or document, one or several linked
sentences, or one or several entities or features of those entities. Hence, there is three distinct levels of analysis
in Sentiment Analysis: (i) the document level, (ii) the sentence level and (iii) the entity/feature level.

At the document level, a document is considered an opinion on an entity or on a feature of an entity, and
the task at this level is called document-level sentiment classification [3, [, B @] [7, 8, @]. Nevertheless, when
a document contains several sentences related to different features or entities, then the sentence level is more
appropriate, and the task at this level is called subjectivity classification to distinguish sentences expressing
factual information from those sentences expressing subjective views and opinions [10] [T}, 12} 13, [14]. Finally,
if more precise information is required, then the entity/feature level is applied, which is the finest-grained level
because it targets whether the opinion holder expresses a positive or negative opinion. This latter level is
possibly the most complex as well because it is necessary to extract with high precision among other: dates
or time spans, the different features and entities to be opinionated along with their relationships, the opinion
holders and their characteristics. Thus, this level tasks are closely related to feature-based opinion mining and
opinion summarization [I5] [16] 17, [18]. The inclusion of other factors different to text such as users influence
and trust [19] 20] would make possible to classify sentiments from communities extracted from social networks
[21], or such as video and/or audio features would lead to multimodal sentiment aggregations [10].

Sentiment Analysis is a very broad field and it encompasses, among other, the following different subareas:
sentiment classification, subjectivity classification, opinion retrieval, sarcasm and irony, emotions [22| 23, 24].
In particular, this work is closely related to opinion summarization, also known as opinion aggregation, and it
especially focuses on extracting the main features of an entity shared within a single or a multi-document and
the sentiments with regard to them [25]. Single-document summarization consists in analyzing internal facts
present within a document, for example, changes in the sentiment orientation throughout the document or links
between the different entities/features found in the document by showing those pieces of texts in the document
that better describe them. On the other hand, in multi-document summarization the different sentences that
express sentiments related to the detected entities or features are grouped and/or ordered. The final summary

might be presented as a graphic or a text showing the main features/entities and quantifying the sentiment with
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regard to each one by, for example, aggregating intensities of sentiments or counting the number of positive
or negative sentences [26] 27]. According to [2§], in opinion summarization, the aggregation of the different

elements of an opinion requires to carry out several phases as depicted in figure [2|
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Figure 2: Architecture of product review aggregation [28]

In the literature, it is possible to find approaches for aggregating sentences to obtain the general sentiment for
a document [29]; which is not the case for feature-level aggregation, except for the prediction of individual feature
ratings [30, BI]. Nevertheless, “most methods aggregate sentiment by simply averaging or taking a majority
vote” [32], i.e. most existent approaches are simple numerical but not linguistic based approaches [33]. For
example, in [34], the authors proposed an ontology-based framework that ranks/summarizes the main features
of different products that is based on the aggregation of the detected user’s preferences. On the other hand,
in [35] an ontology-based strategy is presented where the importance weights of the different features depend
on the levels of an ontology developed by using Conceptnet [36], which are subsequently used to aggregate the
sentiments on each feature. In [37], it was proposed the aggregation of a semantic score and a credibility score
as main aspects to obtain a final numeric value in determining the sentiment towards some products, while in
[38], several numerical approaches, based on the mean or a weighted mean operator, were propose to fuse the
polarities from several features from Amazon’s products. On the other hand, when aggregating several opinions,
it may also necessary to take into account variables such as time. Sentiments can vary over time and, therefore,
sentiment aggregation might lead to contradictory results depending on the dates when the aggregated opinions
were written, which has resulted in a new area in Sentiment Analysis known as Sentiment Diversity of Sentiment

Contradiction [39].

2.2. The Type-1 OWA operator

An Ordered Weighted Averaging (OWA) operator [40] of dimension n is a mapping F' : R® — R with an
associated weighting vector W = [w1, wa, ..., wy], subject to the constraints w; € [0, 1] and 2?21 w; = 1, that
maps an input vector (ag,as,...,a,) with an output scalar value F(ay,as,...,a,) = Z?Zl w;b;, being b; the
jth-largest input vector component.

Inspired by the OWA operator, and the fuzzy extension principle, the type-1 OWA (T10WA) operator was
defined in [41] to allow the fusion of uncertain information with uncertain weights expressed linguistically and
represented as (type-1) fuzzy sets (T1FSs). A T1FS A on a larger set X, normally referred to as universe of
discourse, is characterized by a numeric membership function p4: X — [0,1] that associates to an element
x € X its membership to A, pa(x) € [0,1]. Denoting the set of all T1FSs on X by F(X) and U = [0, 1], the

mathematical formulation of the TIOWA operator is given below.
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Definition 1. “Given n linguistic weights {W;}!"_, in the form of T1FSs on U, an associated T10OWA operator

of dimension n is a mapping that aggregates type-1 fuzzy sets {A;}._, on X in the following way:

d:F(X)x- x F(X) — F(X)
(Ah"',An) — G

pa)= s () < () + gy a) £k, () ) (1)
Zwiaa(i):y
k=1

wiGU,aieX

where x is a t-norm operator, W; = w2, and o : {1,--- ,n} = {1,--- ,n } a permutation function such that
Ws
=1
aq(;) 15 the i-th largest element in the set {ai,--- ,an}.”

An direct approach to perform expression was developed in [42], which due to its high computational
complexity was optimised with a faster a-level implementation in [43]. The TIOWA aggregation operator is
especially interesting for implementing the cardinal fuzzy approach to linguistic information representation,

which is more “general, flexible, and appropriate to capture uncertainty” than the ordinal approach [44].

3. Motivation

Different behaviors may be detected by analyzing users’ opinions on the Internet. In most cases, the use of
just numerical values to score opinions is not the most suitable mechanism not it is appropriate to characterize
user profiles, which would require of additional variables. In fact, these additional variables would help users to
find the most adequate opinions with regard to their needs. The following examples illustrates the points just

raised.

3.1. Type of users

Any classification method depends on the different aspects that are of interest. These are some which make

understandable the need of having a mechanism for representing opinions like the proposed here.

3.1.1. Coherent
It is not uncommon to find users’ opinion and their ratings to not match, which makes the system presenting

them to be perceived as inconsistent and tricking the reader with information that is not trustworthy.

Coherent user. From the opinion shown in Fig. 3] it is noted that the user utilizes different adjectives that
fit with a maximum rating (“great”, “excellent”) regarding the hotel in general and the services it offers in
particular, while the rest of descriptors used (“easy”, “friendly”, “good”) regarding localization, staff, food and
facilities, respectively, are just below the maximum rating. Nonetheless, in this example the user is giving the
maximum score value to the hotel, which might lead potential readers to believe that the hotel is “perfect” when
actually it is not according to the details referring to localization, staff, food and facilities. Therefore, users,
searching on the Internet for excellent hotels, who take into account the overall rating as their main criterion,

would very likely be returned many hotels by this system that will not meet their expectations.
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“Overnight stay for a show at the DeMontfort Hall”
(@@ @) E)e) Reviewad 18 May 2017

Great hotel, excellent service, friendly staff and a good breakfast. Also
easy walking distance to the DeMentfort Hall meant we did not need to
use the car or get a taxi. Good free parking facilities at the hotel

Rooms
Senice

Figure 3: Coherent opinion

Incoherent user. Looking at the following entry shown in Fig. |7_1[)7 it is clear that textual comments and ratings
do not match. Adjectives like “good” (for night sleep) does not reflect the maximum scoring of 5 received by
the category “Sleep Quality”, being the adjectives “perfect” a better one as used for describing the category
“Localization”. Again, “good” was used for room size, which leaves room for a “better” size, it was “tidy” and
“clean” but not “superb’. Therefore, the user’s opinion seems to be incoherent with respect to the rating values
used, which leads to argue that the mechanism used to express these ratings is not intuitive and/or expressive
enough. This suggests the need to develop a different mechanism to improve and facilitate the provision and
representation of descriptive opinions by users.

Family stay

s in th

PEREE® R
(@EeieE)
p Quality PRO®® Service

Figure 4: Misleading opinion

3.1.2. Haters and lovers

Sometimes it is necessary to filter many opinions because they may not reflect the reality. For example,
Fig. [5| illustrates a negative experience of a user due to a misunderstanding while booking a hotel room. The
additional fact of the pool being out of service at the time of that user’s stay is an additional factor in this user’s
experience being negative. As a consequence, all features were assessed with the minimum rating without any
evidence to back up them all. It appears obvious that this opinion was given in retaliation.

Contrary to the above user’s opinion, Fig. [6] shows the opinion of a user, who states that everything was
perfect, that does not match another user’s opinion on the same hotel given on the exact same day, reproduced
in Fig. E[), which seem to be a fairer and more balanced with a variety of ratings (positives and negatives) used

for the set of individual features and a overall rating of the hotel being located just below their median value.

3.1.3. Mood
It is also necessary to take into account the moment in which an opinion is expressed. It is better not to
express opinions when in a bad mood because the it could lead to an overall rating for the hotel worse than the

real deserved one. For example, Fig. |8 shown a review of a user rating all features of the hotel with maximum
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@(}OOO Reviewed 20 June 2014

DISGUSTING ROOMS, NO POOL AND
EXCEPTIONALLY RUDE MANAGER TRIED TO OVER-
CHARGE Me.

| booked a single room, rung to confirm my booking the day of arrival only to be
told I'd booked a double. | tried to tell the woman (whom | now know to be the
manager) there must be a mistake she argued with me, told me that her staff would
not have made that mistake then told me | should be more careful with my credit
card payments! After telling me that | couldn't have a

single room originally, once | made it clear | wasn't paying extra for the double, she
magically found a single room.

On arrival the receptionist admitied there had been a mistake when | phoned, that |
had indeed booked a single room and they'd mistakenly changed it double. The
single room | got must have been the last one available, it's absolutely disgusting
There are holes in the wall, hair in the toilet, the carpet on the stairs looks like the
cleaner died in 1975 and it hasn't seen a vacuum since

| booked this hotel instead the other ones in town for the pool, which again, |
checked was available when booking. Armiving and intending to hear straight for the
pool, of course it's out of order.

Disqusting hotel, awful

manager who is happy to sarcastically tell you to me more careful with your credit
card after trying to charge you extra. Wish I'd stayed at the Holiday Inn

Show less

Stayed: June 2014

@®0000 value @®0000 Rooms
®000Q0  Location @0000 Cleanliness
@0000 service

Figure 5: Hater

(®)@)@)@)®) Reviewed 14 May 2014

A gem!

This hotel was booked for me for a business trip. Wasn't sure what to expect with
reading mixed reviews. Amived at 22:30, staff were polite and helpful even at this
hour. | had a double room at the rear of the hotel, décor was good, carpets a little
threadbare but nothing else to fault. Breakfast was included and my full English
was cooked perfectlyl Very happy with my stay and would definitely stay again
Show less

Stayed: May 2014, travellad on business

DEEE®® value @E@®E Rooms
®@®@®@@ Location ©@@®E@ Cleanliness
DEE®E® Ssieep Quality @E@®® sSenice

Figure 6: Lover

ratings but one, whose rating is used for the overall rating of the hotel. This is an example of an unbalance
used of the individual feature ratings to derive the overall rating of the hotel.

A more balance approach to derive the overall rating from the individual feature ratings is exemplified in the
entry shown in Fig. [ where a more wide use of different ratings used for the set of individual features, being
a majority in the negative scale of ratings, which was subsequently used for the overall rating of the hotel.

The examples examined provide evidence of the difficulty users may experience in finding coherent and/or
balanced, i.e. reliable, information. Indeed, when a user is looking for good hotels, the interface shown in
figure would not present the opinion presented Fig. |8 because its overall rating does not belong to the
“Good” or “Excellent” categories of such interface although the written statement refers to such a type of hotel.
It can be concluded that there is a need for a mechanism to model and deal with opinions similar to the ones
exemplified above and that is able to produce coherent and balance information based on the individual feature

ratings.



@@@®O0) Reviewed 14 May 2014
not so good as it used to be

We have stayed here 3 times but never again, the rooms were very clean but the
hot water tap in the bathroom would not deliver any hot water,when we went down
1o receplion the receplionist was outside smoking. she did change our room
without any fuss. | understood breakfast was included but apparenily not as there
Is another charge on my bank account. the breakfast for me was the worst | have
had in an hotel. coffee was cold, sausage of very poor quality, mushrooms were
not even cooked but chopped up cold on the plate tomato was not grilled and
black pudding was cooked s0 much it was rock hard. there was no mention of the
restaurant being closed on Friday and Saturday nights. drinks at the bar they
wanted us 1o pay with a card as they had no change in the till beer was rubbish
and my coke served in a dirty glass, | think the love has gone out of this hotel.
swimming pool was emply and the room was unkempt with autumn leaves still on
ihe floor. back exit door fo the car park needs to be replaced it looks like someone
had tried to kick it in. very disappointed this time and will not retum

Show less

Stayed: May 2014, travelled as a couple

®@000 value @®®@®O Rooms
©@@@0O Location ®@@@O Cleanliness
@E®O0 sieep Quality ®®@00 Ssenvice

Figure 7: A more balanced opinion

@@@O) Reviewsd 8 March 2014
Mixed bag!

PLEASE read whole review.

| bookeed into an executive room for comfort, but also requested ground floor. | was
given a HUGE family room rather than a designated executive room (room 31) This
s a great room for families as it has two extra large single beds as well as the main
one,

The bathroom was cavermnous with a bidet and a bath The shower was rubbish,
fixed head and the hot water in the bathroom is only teped.

The room is very cold and the radiators: just lukewarm. | was given a fan heater and
this worked well.

The problam it appears is that from a heating point of view they have knocked 2
rooms into one but not installed adequate radiators.

The hotel was taken over last year, after it had been let to run down by the previous
management company. The present owners are trying hard to update it.
Unfortunately the leisure centre (including the pool) are not open.The poal will not
re open.

The restaurant is nolt very appealing and the prices are not cheap. The general
decoration is dingy n the communal area.

If you are disabled there is no lift so you need to ask for a downstairs room, but |
don’t think there is an adapted room.

On the plus side the staff are the most helpful | have met in a hotel for a long

time They really tried hard to rectify the problems and | cannot fault any of them._

This hatel is in a perfect location in Blaby as it is near bus routes and just a few
minutes siroll to a good variety of shops. There is a massive car park as well,
Reception is at the side of the building

If you have fo visit Blaby then this hotel is very adequate and the prices were good,
| would recommend it because the staff are great and in spite of being very dingy it
is clean and that is why | said read the whole review.

Show less

Room Tip: | had reom 31 on the ground Soor It was very quiel and very clean.\iew onfo open car

Stayed: March 2014, travelled on business

CEEE® Vaue @8@00 Rooms
@@@@@ Location @@EE@@ Cleanliness
@E@EEE® Sleep Quality @EEE® Service

Figure 8: Opinion given in a bad mood



@®OOQ0) Reviewsd 7 April 2014
Never again

| stayed here between Fri-Sun on business travel. The blaby seems to be a hotel
that has struck on hard times, and for the owners in this regard | feel bad. The staff
seemed pleasant and there was always somebody around reception. But the hotel
itself was awful, and reminiscent of a hostel or budget lodgings. Cleanliness was
spot on and | cannot fault it, the team deserve a pat on the back. But the
ammenieties whilst at the hotel were somewhat non-existent and | was spoken to
as if i was stupid to expect otherwise. The restaurant was closed the whole time,
and | wasnt made aware of this until the first evening after a hard day working and
a hungry belly. | was simply told the restaurant was closed, | wasnt given directions
to a nearby restaurant etc. Waitrose for a sandwhich is was thenl

Secondly, breakfast is usually served 7am in hotels especially for business
travellers. | went down for breakfast at Tam, only to be told it won't be until am
over the course of my stay. | started work at 8am, so no breakfast for me!

On the website it was advertised that there was a pool. This was half drained and
closed off during my stay.

| was moved to another room, quite kindly, on my second night due to a noisy room
the first. The room was spotless, but the bathroom floor was heavily cracked an
lifting up after a possible leak. The room shouldnt have been given.

It seems that this hotel has closed its restaurant, pool and have limited cleaning
provisions (only some rooms were being given due to cleaning staff not in
everyday) to keep afloat. For this | feel bad for the owners, but you can't charge for
a service that is only marginally B&B.

A very very dark, dated hotel that | couldn’t wait to leave. | left feeling depressed
and wanling a decent meal and to get home!

Show less
Stayed: April 2014, travelled on business
@000 Value ®@@®00 Rooms
Location Claanliness
@®O00 Sleep Quality @®000 Serice
Figure 9: A realistic opinion
]
Overview

3.5 @@@®O0 45 s

Exceflent I 15%
Very geod I

Average N 24%
Poar [ | Q8
Terrible 5%

Figure 10: Interface to select opinions
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4. Methodology

Each product/service to be opinionated is represented by a finite set of features, {Fy, Fs, F3, ..., Fy }. These
features will be used to represent users’ profile and opinions as described below. The proposed methodology

framework is depicted in Fig.

Database of opinions

e

- -
Users L Interaction o m oar m om
giving “ Interface W
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AA KA

Personalized opinions

User Profile

Figure 11: General diagram

4.1. Users’ opinion (UO)

Users are allowed to post comments on their experiences and, as a result, a (large) database of opinions will
be available to other users looking for information on products/services. Thus, in practice, based on their own
experiences, users express their opinion regarding the different features of a given product or service.

Users’ opinions on each feature will be summarised by linguistic labels belonging to a set S, = {So1, .-, Som |,

which for computation purposes will will be represented as Triangular Fuzzy Numbers (TFNs) with correspond-

ing membership function

0 0<z<a

§on a<x<b
pla)y=1¢ "

i:"g b<z<e

0 c<zx<1

Thus, a TFN is simply represented by a 3 parameter-tuple (a,b,c), with a and ¢ being its lower and upper
bounds, respectively, and b its modal value. Symmetrical TFNs verify that b = (a + ¢)/2, which is also the
centroid of the TFN. Depending on the “discriminative power” to use and implement and the parameters
chosen, a balanced or unbalanced set S, of linguistic labels can be obtained. A balanced set of 5 labels and
an unbalanced set of 7 labels are shown in Fig. and Fig. [I3] respectively, with the first one having a lower

discriminative power than the second one.

Medium _ Very good
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Figure 12: Balanced set of 5 linguistic labels Figure 13: Unbalanced set of 7 linguistic labels

A user opinion will therefore be represented mathematically by a set of N linguistic labels from the set S,,

UO = {UO,....UOy}.

10
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Figure 14: 5-star rating Figure 15: Opinion bar
4.1.1. Interaction interface

Once the features and the set of linguistic labels S, have been defined, the user has to able to express his/her
opinions about items. To do so, a user interface is necessary. Different platform offer different ways of doing
this, although it is usually done using a scale graphical represented to make it intuitive to use, like the graphical
scale based on a set of stars shown in Fig. [I4] representing the ordinal scale from 1 to 5. An alternative option is
the use of an opinion bar [32] as shown in Fig. which allows for a continuum evaluation in a closed interval,
which could be set to be [0, 1].

The fuzzy set based approach uses linguistic labels rather than numbers. Their relationship would be as
follows. In the first numerical scale, 3 stars may represent a “medium” opinion while 5 stars an “excellent”
opinion. In the second case, the membership value of a number in [0,1] selected with an opinion bar is computed
for each fuzzy linguistic labels of the predefined label sets, and those labels with a positive membership value
(activation level) will be activated.

As a consequence, the proposal here presented can deal with schemes containing different numbers of labels, it

is not necessarily a direct correlation between the number of labels and the starts used to rate a product/aspect.

4.2. Users’ profile (UP)

An important issue to address is the definition of users’ profile. When users are looking for some information,
they would like to have information specially adapted to their needs. For that reason, it is necessary to measure
the importance of each feature according to each user, because the system needs to know exactly what the user
is interested in.

Therefore, users must be able to express their preferences about the different features of a product or service
with regards to their importance. Similarly to the case of users’ opinions mentioned before, linguistic labels
belonging to a set S, = {Su1, ..., Sum }, represented as TFNs, will be used for such task. Similarly, depending on
the “discriminative power” to use and implement, the granularity or “discriminative power” level will be selected
and the corresponding parameters of the TFNs will be chosen in order to reflect whether S, is a balanced or
unbalanced set of linguistic labels. Fig. [I6] shows a possible balanced set of five labels for users to specify their
importance for each feature of a product/service. The set of linguistic labels S, used to assess the users’ opinion
is not necessarily equal to the set used for the users’ profile .S,,.

A user profile will therefore be represented mathematically by a set of IV linguistic labels from the set S,

UP ={UP,,..,UPy}.

4.8. Aggregation phase

Once the users’ opinions and the users’ profiles are known, the TIOWA operator is applied to aggregate
the set of fuzzy labels representing the sentiments of all features according to the user’s opinion UQ, using as
weights the set of fuzzy labels representing the corresponding user’s profile U P. The aggregated output will be

a fuzzy set representing how suitable overall the product/service would be for the user.
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Figure 16: Importance scheme

The comparison of the TIOWA outputs might be necessary to be implemented to allow users looking for
a product/service to make a final choice. It is well known that the set of fuzzy sets (numbers) is not totally
ordered [45], thus an ordering approach on the use of a metric, such as the Hamming or Euclidean distances
[46] 147, [48], via the application of the extension principle will not solve this issue in the fuzzy case. In the fuzzy
case, the alternative approach to rank fuzzy numbers consists in converting the fuzzy sets into a representative
crisp value, and perform the comparison on them [49].

Two defuzzification methods widely used in fuzzy set theory are: the centre of area method (COA) and the
mean of maximum method (MOM). The first one computes the centre of mass of the membership function of
the fuzzy set (the centroid), whereas the second one computes the mid-point of the 1—level set of the fuzzy set.
The COA method maintains the underlying semantic ranking relation within the set of linguistic labels, it is
adopted here, and for a type-1 fuzzy set A in a continuous domain X is calculated as:

_ IE uA(ac)dx.

Veoal) = @

4.4. Types of users

Finally, it is also necessary to distinguish between the different users of a system based on this model. We
could look at the system from two different perspectives. On the one hand, the typical client who is looking
for some services like booking a hotel, renting a house or buying a phone. On the other hand, a hotel, a state
agency or a shop selling phones may be also interested in modeling properly the system to make the most of
it. The latter may be more interested in defining a perfect opinion scheme that allows discriminating perfectly
between all services offered. For example, a big seller, using a very strict opinion scheme capable of measuring
low quality degrees (useless, very very bad, very bad, bad .... ) of its products, could offer different discounts
(25% off, 20% off, 156% off, 10% off ... ) in order to sell those low-ranked products in stock. On the other hand,
clients are more interested in a perfect representation of the weights characterizing their profile. This way, the
system may recommend better opinions to them. This type of user usually start by looking for information
about goods and/or services, which might be subsequently followed by their own opinion expression after after

using the service or purchasing the product.

5. Case study

This section presents some possible applications of the previous proposal.

12
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5.1. User profile

It is assumed that the system is focused on booking hotel rooms and that the main features to describe a
hotel are those used by TripAdvisor: Value Location, Sleep Quality, Rooms, Cleanliness and Service. It is also
assumed that a tourist is interested in visiting a city all day long and he/she will have not much time to stay
at the hotel except for resting and having a shower. In this case, the main user preferences of a hotel might be
for a good “location” and a good “quality sleep” to rest so that the city vist could be maximized. The rest of
hotel features might be considered less important, therefore, using the balanced scheme for weights of figure [16]

a possible profile modeling this user may be:

e Value = Not very important

Location = Vital

Sleep Quality = Vital
e Rooms = Important

e (Cleanliness = Not very important

Service = Not very important

In what follows the opinion on a hotel shown in Fig. [[7 taken from TripAdvisor, will be tested on its
suitability for this UP taking the balanced 5-labels opinion set of Fig. Applying the proposed model, the
result obtained is shown with a red dashed line in Fig. It is clear that the hotel overall rating may suit the
user because it is close to the fuzzy set “Good”. It is worth noting that the overall outputs provided by the
user who emitted that opinion, then mid value 3 stars from a set of feature assessments {3,3,3,4,4,5}. Thus,
a system implementing this new proposal would recommend this opinion to this user while current systems
would not. This evidences that the proposed system is more flexible and allows being adapted to the users’
specification in terms of features’ importance.

For a different type of user, like user in town for business matters, location might be less interesting because
he/she might take a taxi and other features regarding “laundry” or “restaurant”, or “room” might be more
interesting if they were to spend more time working at/from the hotel preparing/holding meetings, for example.

In these cases, the following U P might be more appropriate:
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e Value = Not important

e Location = Not important
e Sleep Quality = Medium
e Rooms = Vital

e Cleanliness = Medium

e Service = Vital

Applying the proposed model to the previous opinion we get the red dashed line overall output shown in
Fig. which indicated that this hotel is less suitable for business users than it is for tourist users. Indeed,
in this case the hotel overall assessment is closer to the central fuzzy set with centroid of 0.58 whereas for the

tourist user the centroid value was 0.7.

5.1.1. Owerall rating

As it can be seen from the different examples above, sometimes the overall rating given by users does not
allow telling all hotels apart according to their quality. The strategy of using 5 stars to rate a feature or
product/service in general might make the assessment process easier for the user although opinions are not
always informative/consistent enough. For that reason, allowing the system to internally compute the overall
rating will have the benefit of achieving a less subjective, i.e. less dependent on users, but more consistent with
the individual ratings entered by the user. As a consequence, the unbalanced 7-label opinion set of Fig.[13] can
be used if we would to make harder for a hotel to receive an overall rating of “Good” and above, and at the
same time to allows a better differentiation between “very good” hotels from those that are “excellent” hotels.

Let us consider the opinion shown in Fig. [20| with overall rating being the minimum of the individual feature
ratings. To apply the proposed model to this opinion, it is necessary to fuzzify the points/starts ratings of each
individual feature. Adopting an optimistic approach, a points/starts rating is mapped to the fuzzy linguistic

label with maximum activation level. This opinion is therefore to be treated in the proposed model as follows:
e Value = Bad
e Location = Good
e Sleep Quality = Bad

e Rooms = Medium
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m Reviewed T April 2014
Never again

| stayed here between Fri-Sun on business travel. The blaby seems to be a hotel
that has struck on hard times, and for the owners in this regard | feel bad. The staff
seemed pleasant and there was always somebody around reception. But the hotel
itself was awful, and reminiscent of a hostel or budget lodgings. Cleanliness was
spot on and | cannot fault it, the team deserve a pat on the back. But the
ammenieties whilst at the hotel were somewhat non-existent and | was spoken to
as if i was stupid to expect otherwise. The restaurant was closed the whole time
and | wasnt made aware of this until the first evening after a hard day working and
a hungry belly. | was simply told the restaurant was closed, | wasnt given directions
to a nearby restaurant etc. Waitrose for a sandwhich is was thenl

Secondly, breakfast is usually served 7am in hotels especially for business
travellers. | went down for breakfast at 7am, only to be told it won't be until 8am
over the course of my stay. | started work at 8am, so no breakfast for me!

On the website it was advertised that there was a pool. This was half drained and
closed off during my stay.

| was moved to another room, quite kindly, on my second night due to a noisy room
the first. The room was spotless, but the bathroom floor was heavily cracked an
lifting up after a possible leak. The room shouldnt have been given

It seems. that this hotel has closed its restaurant, pool and have limited cleaning
provisions (only some rooms were being given due to cleaning staff not in
everyday) to keep afloat. For this | feel bad for the owners, but you can't charge for
a service that is only marginally B&B

A very very dark, dated hotel that | couldn’t wait to leave. | left feeling depressed
and wanting a decent meal and to get homel
Show less

Stayed: April 2014, travelled on business

@@000 Value @@®00 Rooms
@@ Location (@@@ @@ Cleanliness
@®O0O0) Sleap Quality @@ Service

Figure 20: A realistic opinion

e Cleanliness = Excellent
e Service = Bad

Under the assumption of being all features equally important to the user, the proposed model results in an
35 overall rating pretty similar to the label “Bad” as Fig. [21] illustrated with a red dashed line.
If the balanced 5-label opinion set from figure [I2] were used instead, then the individual feature ratings would

be mapped into the following fuzzy linguistic labels:

Value = Very low

Location = Good

310

Sleep Quality = Very low

Rooms = Low

Cleanliness = Excellent

e Service = Very low

Again, under the assumption of being all features equally important to the user, the proposed model results in
us  the overall rating shown in Fig. 22| which is similar to the overall rating obtained above with the unbalance
7-label opinion set but that in this case it is not represented as “Bad” but as “Medium”. Thus, it is clear that
the unbalance 7-label opinion set will make harder for a hotel to be categorised good or above than with the
balanced 5-label opinion set.
In order to corroborate the above, an additional example with the opinion shown in Fig. 23]is provided.

320 In this case, balanced 5-label opinion set would lead to the following representation:
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(@EEE) Revewed 27 February 2014
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pom (that whalst becoming a litile tired
made), a super-king size bed, and a

was showing signs of improvements being
great deal of space. Importantly it was wery quiat too
socantc Had a quick dnnk in the bar - which was very

| didn't eat t -
ced for a hotel

reasonasy’

heaper than a local pub that | went tol)

Wehalst | could pick faults, for the money it was absolutely fine and | will be staying
there again

Show less

Room Tig: The rooms in the ‘303" are at the back of the hobel awary from the road / bar e

Stayed: Febnuary 2014, ravelled solo
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Figure 23: A positive opinion but not excellent

Value = Excellent

Location = Excellent

Sleep Quality = Excellent

Rooms = Good

Cleanliness = Good

e Service = Good

Considering all features are equally important to the user, the overall rating obtained using the TIOWA proposed
approach is shown in Fig. [24] its centroid being 0.833 and therefore closer to the maximum “Excellent” rating
than to the “Good” rating. However, with the unbalanced 7-label opinion set, the opinion representation would

be:

Value = Excellent

Location = Excellent

Sleep Quality = Excellent

Rooms = Good

Cleanliness = Good
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Figure 24: Aggregation with balanced 5-label opinion set Figure 25: Aggregation with unbalanced 7-label opinion set

e Service = Good

The overall TIOWA outputs is shown in Fig. whose and consequently, with centroid 0.883 more similar to
the “Very good” rating than to the maximum “Excellent” rating, which is consistent with the set of individual

features rating and therefore would result in a more accurate information on this hotel quality.

6. Discussion

Unlike classical approaches for searching opinions, this article presents a more flexible way to characterize
an opinion through the different features that describe it. This mechanism allows retrieving opinions taking
into account the overall rating and also the individual features, which can have different degrees of importance
to represent the needs of a specific user more realistically. Therefore, it is possible to personalize the search of
opinions. The success of this proposal is based on the definition of two fuzzy linguistic schemes to represent
user’s expression of opinions on individual features while, at the same time, allowing them also to express their
linguistic preferences on the individual features. The case study proposed shows how flexible this approach can
be. Depending on the scheme selected, which can represent different type of users, the aggregation step can
result on different outputs reflecting the type of user. Thus, an opinion may be suitable for some users but not
for others.

Possible applications of the methodology proposed have been illustrated with examples using real opinions
from TripAdvisor. Particular attention has been paid to the use of a balance 5-label opinion set and an unbal-
anced 7-label opinion set and the difference on their results, which could be further exploited by their embedding
into other applications like recommender systems to be able to filter the most suitable products/services regard-
ing a user profile. Another potential application of the aggregation process described to compute the overall
rating would be on the classification of users by comparing their individual features ratings with their overall
rating of the product/service per se. Some possible applications of this may be, for example, the implementation
of quality filters to remove those opinions where the above difference is ‘too’ large and therefore the information
could be seen as inconsistent or misleading. This could be applicable to users, i.e. users with a significant
amount of misleading entries/opinions could be banned automatically as they may be considered fake users.

In future, in addition to explicit ratings, the extraction of information from textual reviews/opinions to
detect features chosen by the online platform and additional ones to complement explicit ratings would be an
interesting research area [50]. Finally, other information different to the different features ratings could also be

used in the aggregation step as it is proposed in [51].
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7. Conclusions

A fuzzy approach based on the TIOWA operator to directly fuse individual feature sentiments according to
different user profiles has been presented. This methodology overcomes some of the classic systems’ issues: the
definition of sentiments grounded on numerical values and the inability to search opinions adapted to the users’
needs.

Unlike other systems, which allow users to rate a product/service, this approach computes the overall rating
automatically based on the individual ratings of the features characterizing such product/service. The success
of this proposal is also based on the capability of including different schemes to represent different profiles
representing the interests of users or the service providers. The inclusion of an aggregation step based on the
T1OWA operator makes the proposal more flexible and adaptable to the needs of the different users.

The examples included and commented show many other opportunities to apply this promising proposal.
For example, it may allow detecting fake or incoherent users by designing a filtering of misleading opinions,
while it would allow search engines or recommender systems to be designed in a way that they can propose an

individual list of products or services according to sentiments and users’ profiles.
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