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Abstract
Online travel agency platforms provide extensive hotel reviews that reflect customer per-
ceptions on multiple criteria. A novel multi–criterion decision–making approach is intro-
duced that integrates Bayesian networks and the graph theory matrix approach to rank
hotels based on online customer reviews. A sentiment analysis algorithm is developed
to extract sentiment orientations from textual reviews. A Bayesian network is trained
using both numerical ratings and sentiment scores to capture probabilistic dependencies
among criteria and generate relative importance weights. The derived weights are em-
bedded into the graph theory matrix approach ranking process. A case study on ski
hotels in Turkey demonstrates that the Bayesian network graph theory matrix approach
integration reflects customer preferences more effectively than conventional multi–criteria
decision–making approaches that assume criterion independence. The results indicate that
price–performance is a dominant factor in recommending ski hotels. Service quality and
food quality are also important criteria that directly affect recommendation decisions and
indirectly influence them through price-performance.
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1. Introduction
Advances in information technologies, the widespread use of social media and customers

growing preference of customers for online platforms have led to a surge in online reviews.
These assessments offer valuable insight into customer perceptions of products and ser-
vices and support both customers and producers in making informed decisions. Before
purchasing a product, customers often consult online evaluations on e-commerce websites.
Similarly, travelers review opinions posted on online travel agency (OTA) platforms to
choose the most suitable hotel. However, examining a large volume of reviews, comparing
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hotels using multiple conflicting criteria, and making a rational decision can be challeng-
ing. Therefore, data-driven decision-making models have been developed to extract useful
information from online review data. One such model involves mining online reviews and
ranking alternatives within a multi-criterion decision-making (MCDM) framework.

Customers express their needs, satisfaction, and concerns through online hotel reviews,
which appear as numerical ratings or textual comments [60]. These reviews are gener-
ated independently by the customers. Although some travelers provide ratings for certain
criteria, others express their opinions through text [35]. For this reason, analyzing both
ratings and textual reviews is essential. Sentiment analysis is used to convert text-based
opinions into numerical scores. As a core Natural Language Processing (NLP) task [5],
sentiment analysis can be performed at different levels, such as document-, sentence-, or
aspect-level. This study employs aspect-level sentiment analysis because it identifies sen-
timents associated with specific hotel attributes [5].

Hotel ranking based on online reviews is a typical MCDM problem consisting of three
stages [17], which are commonly adopted in the related literature. The first stage extracts
hotel criteria using data mining techniques. The second stage identifies sentiment orienta-
tions related to each criterion by analyzing ratings and sentiment-converted text reviews,
which are then used to construct decision matrices. The final stage applies MCDM tech-
niques to rank alternative hotels.

Sentiment analysis approaches can generally be categorized into two types: lexicon-
based and machine learning-based methods. As lexicon-based sentiment analysis is well
suited for sentence-level evaluation [29], this study adopts such an approach to determine
sentiment orientations for hotel criteria. The sentiment algorithm used in this study in-
corporates several key features. It follows distance and semantic rules to match aspect
expressions with sentiment words accurately, enabling precise identification of sentiment
orientations. In addition, instead of relying on binary classification, the algorithm assigns
five sentiment categories to capture different strengths of customer opinions.

Research on decision-support models for analysing online hotel reviews has increased
significantly [1,4,7,28,30,35,39,43,53,60,61,63–66]. However, many existing studies over-
look dependence relationships between criteria. Assuming independence is unrealistic, and
capturing statistical dependencies among criteria is essential. BNs provide a probabilis-
tic graphical framework that models dependencies among variables and enables reasoning
based on these relationships [34]. They have been applied in diverse fields such as medical
research [37], healthcare analytics [54], supply chain risk management [22], customer sat-
isfaction analysis [8], education [41], and classification algorithm comparison [40]. BN is a
suitable machine learning tool for uncovering statistical dependencies among variables and
performing scenario analysis. In this study, BN is used to identify probabilistic relation-
ships among hotel criteria and determine their relative importance. Recent studies have
also shown that machine learning can automatically detect key service quality criteria in
online reviews, helping hotel managers target improvements based on real feedback [58].
Building on this trend, the proposed methodology employs BN to reveal how service cri-
teria influence travellers recommendations. As a result, hotel managers can develop more
informed strategies based on these data-driven insights.

The MCDM method is applied in the final stage to obtain the hotel ranking. Con-
ventional MCDM methods such as Simple Additive Weighting (SAW) and Technique for
Order Preference by similarity to ideal solution (TOPSIS) assume that the criteria are
independent [56] and fail to capture the interrelationships between criteria. To address
this limitation, Bayesian network (BN) and graph theory matrix approach (GTMA) are
integrated to achieve a more realistic ranking of alternative hotels.

In summary, this study offers several notable contributions to the literature:
An online-review-based hotel ranking methodology is introduced that employs BN
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within an MCDM framework. In addition to hotel ranking, a detailed probabilistic anal-
ysis is also proposed to identify the most important criteria that affect customers’ recom-
mendation decision. Thus, the methodology provides decision-making support for both
potential customers and hotel managers. This represents one of the first attempts to em-
ploy MCDM integrated with BN for hotel ranking based on online reviews.

The proposed method uses BN analysis to evaluate the relative importance of criteria
within the hotel ranking system. In simpler terms, it introduces a new MCDM approach
that combines BN with GTMA.

A sentiment analysis algorithm is provided that discovers multi-granularity sentiments
in reviews. Sentiment scores are combined with numerical ratings. This enables a more
sensitive representation of customer perceptions. The methodology is applied to Turkish
hotel reviews and remains relatively underexplored in the literature.

The remainder of the paper is organized as follows: Section 2 outlines the relevant
literature. Section 3 offers a description of the problem and introduces notation. The pro-
posed approach is explained in Section 4. In Section 5, a case study focused on ski hotel
reviews to illustrate the reliability of the ranking system. Section 6 presents a comparative
analysis, and Section 7 provides the conclusions.

2. Related works
2.1. Hotel rankings through online reviews

Many researchers have conducted studies on hotel ranking methods derived from online
customer reviews. These studies start with extracting customer perception and trans-
forming them into quantitative evaluation measures. Some researchers focused solely on
online ratings. For example, Peng et al. [39] introduced a probabilistic linguistic inte-
grated cloud model to analyze online ratings in the context of the hotel selection problem.
Online evaluations across various criteria were integrated via the proposed information fu-
sion tools based on the Heronian mean operator, considering their interrelationships. Yu
et al. [63] introduced a stochastic dominance approach for hotel ranking. In their study,
online ratings on hotel criteria were represented by probabilistic sets of linguistic terms in
which the frequency of reviews for a given criterion is interpreted as the probability of its
linguistic expression. However, customers can articulate their opinions on services through
text as well, and valuable information can be gleaned from these reviews. Therefore, other
research streams emphasized the role of text comments in the analysis of online reviews.
Aggarwal et al [1] analysed textual reviews using topic modelling only to identify eval-
uation criteria. Liang et al. [28] used sentiment analysis to derive sentiment tendencies
in textual reviews. Afterwards, they converted sentiment scores into linguistic distribu-
tion assessments. Nie et al. [35] developed more sensitive sentiment analysis algorithm.
A sentiment dictionary was semantically divided to classify words into seven sentiment
levels, guided by semantic principles. The general evaluation values for the hotel criteria
were represented using assessments based on linguistic distribution. Nevertheless, textual
reviews alone do not fully capture all dimensions of customer evaluation. To address this
issue, Bi et al. [4] ranked hotels using prospect theory, incorporating not only ratings and
text reviews, but also price and location information.

The weighting of criteria plays a crucial role in this problem since it affects the final
ranking of alternatives. Some researchers utilised subjective weightings. Bi et al. [4]
carried out a hotel ranking study in which the weights of hotel criteria were provided by
travellers. Some researchers extracted criteria weights from data to ensure objectivity.
For instance, Nie et al. [35] and Peng et al. [39] developed optimization models. Zheng
et al. [65] determined the weights using the entropy method that evaluates the amount of
information conveyed by each criterion. Zhao et al. [66] used maximum deviation method
that measures the dispersion of criterion values and assigns higher weights to criteria that
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exhibit greater variability. On the other hand, there are some efforts to consider criteria
interactions. Tao and You [53] proposed an online review-based hotel selection study that
handles interdependencies among criteria using the Choquet integral. However, the quan-
tity of parameters in the Choquet integral experiences exponential growth as the number
of criteria increases. Wang et al. [60] derived the weights of the criteria by combining
the term frequency (TF)-inverse document frequency (IDF) and Word2Vec algorithms.
TF-IDF used to weight the keywords that appear frequently in the comments. Word2Vec
then measured how strongly each keyword is semantically related to hotel criteria. The
correlations among criteria were captured indirectly through semantic similarity between
keywords and criteria. Despite these contributions, there is a lack of comprehensive anal-
yses that explicitly model probabilistic relationships between criteria.

Several MCDM methods and their extensions have been performed in ranking hotels.
For instance, Ren et al. [43] developed a data-driven analytic hierarchy process (AHP)
and drawn it on hotel selection. Aggarwal et al. [1] used picture fuzzy TOPSIS approach
to rank hotels. Wang et al. [60] used the fuzzy TODIM method of a picture to recom-
mend the most suitable hotel for each type of customer. Çal and Balaman [7] presented
an approach that examines text reviews and performs hotel ranking using intuitionistic
fuzzy (IF) ELECTRE integrated with VIKOR. However, these methods tend to simplify
the decision-making process by ignoring interdependencies among criteria. They gener-
ally do not account for the joint influence of attributes on customer preferences. These
limitations highlight the need for a ranking mechanism that can effectively exploit these
dependencies.

Based on the literature review, we summarize the comparison our study with the com-
mon hotel ranking studies in Table 1.

2.2. GTMA and BNs for dependency-aware decision-making
GTMA is a convenient ranking mechanism in decision-making problems that consider

dependencies. In contrast to other MCDM methods, GTMA boasts more favorable char-
acteristics [2, 42]. The computational process of GTMA is quite clear, allowing decision-
makers to manage the interrelationships between criteria and depict them through graph-
ical representations. Incorporating the permanent matrix within this method improves
comprehension of the criteria and improves the modeling of the decision-making structure
by encompassing all potential structural components and their relative importance. A
small change in performance scores can significantly influence the results, thereby simpli-
fying the process of grading the alternatives from highest to lowest [2].

GTMA is not only employed as a stand-alone method, but is also integrated with other
methodologies. Table 2 presents studies that combine several methods and models with
GTMA. Although some studies applied additional models such as the Best-Worst Method
(BWM) [20], DEMATEL [21], fuzzy DEMATEL [59], or Delphi [18] sequentially along
with GTMA, other studies used methods such as AHP [55], ANP [19], and interpretive
structural modeling (ISM) [25] to directly feed the GTMA framework. Despite these inte-
grations, the existing studies have some drawbacks. These hybrid methods cannot extract
information directly from the dataset. Instead, they require decision-makers to assess
dependencies and performance scores. Moreover, they are not capable of incorporating
probabilistic dependencies into the computation. BN can serve as a valuable tool for
extracting information from datasets, including online customer reviews, and feeding the
extracted information to GTMA. For example, Maiyar et al. [31] used BN to extract struc-
tural relationships among criteria in the context of the design of fashion products, focusing
on customer preference orders. However, the study did not address the determination of
weights and the ranking of products.
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Table 2. Comparison with studies using hybrid GTMA.

Reference Data
Source

Research Objective Method/
Model

Gupta et al. [20] Expert Assessing sustainability for big data
analytics usage in logistics

BWM

Gupta et al. [21] Expert Analysing the barriers in blockchain
adoption for carbon reduction

DEMATEL

Virmani et al. [59] Expert Assessing industrys preparedness for
artificial intelligence adoption in
healthcare supply chains

fuzzy
DEMATEL

Tuljak-Suban and
Bajec [55]

Expert Evaluating logistics service providers AHP

Goyal and Grover
[19]

Expert Evaluating manufacturing system
effectiveness

ANP

Kavilal et al. [25] Expert Measuring supply chain complexity in
automobile industry

ISM

Giri et al. [18] Expert Analysing challenges for a sustainable
lithium-ion battery supply chain in
electric vehicles

Delphi

This study Online data Evaluating ski hotels based on customer
reviews

BN

3. Problem description
This section presents a clear definition of the problem and introduces the key terminol-

ogy used. Customers (travellers) evaluate alternative hotels considering several criteria,
and they make a final decision about whether they are satisfied. It is important to discover
the relationships between the degree of satisfaction of the criteria and the final satisfaction
decisions to infer significant insights for businesses. The present study aims to offer a hotel
ranking system that considers statistical relationships obtained through BN analysis. The
system enables hotel managers to infer which hotel criteria customers give more impor-
tance to when recommending it. The system aids potential travellers in their reservation
decisions by proposing a hotel ranking derived from previous travellers experiences. The
variables and sets used in the methodology are provided below, along with their notations
and explanations.

• H = {H1, H2, . . . , Hm}: a set of hotels which customers evaluate with online
reviews in OTA website, where Hi indicates the ith hotel.
• Cr = {Cr1, Cr2, . . . , Crn}: a set of hotel criteria, where Crj indicates the jth

criterion.
• W = {w1, w2, . . . , wn}: vector of weights of criteria, where wj indicates the weight

of jth criterion with the constraint that wj > 0 and
∑n

j=1 wj = 1.
• AEj = {AE1

j , AE2
j , · · · , AEp

j }: a word list including several aspect expressions
AEp

j (noun or noun phrase) describing the criterion Cj .
• D = {D++, D+, D−, D−−, Dhes}: represents the sentiment lexicon set, comprising

strongly positive (D++), positive (D+), negative (D−), strongly negative (D−−),
and hesitant (Dhes) sentiment lexicons.
• Adv = {Adv+, Adv−}: a set of adverb lists. Adv− is a list of adverbs that intensify

only negative sentiments.



MCDM with Bayesian network and sentiment analysis 309

• D++ = D++
j ∪ D++

gen : refers to the union of criterion-specific sentiment lexicons
and general lexicon with strongly positive sentiment expressions.
• D+ = D+

j ∪D+
gen: refers to the union of criterion-specific sentiment lexicons and

general lexicon with positive sentiment expressions.
• D−− = D−−

j ∪D−−
gen : gathers the lexicons involving strongly negative expressions

linked to each criterion and general strongly negative sentiment expressions.
• D− = D−

j ∪ D−
gen: gathers the lexicons involving negative expressions linked to

each criterion and general negative sentiment expressions.
• Let Ri = {Ri1, Ri2, · · · , Rir, . . . , RiRi} be a set of reviews regarding to ith alterna-

tive hotel.
• Let Sjr = {Sjr1, Sjr2, · · · , Sjrs, . . . , SjrSjr} be a set of (sub) sentences in rth review

regarding to ith alternative hotel.
• V = [ae, sw, adv, neg, lb] is a sentiment vector discovered in a review. It includes

aspect expression, sentiment word, adverb, negation and labels, respectively.
• Let Labels = {SPos, Pos, Neu, Neg, SNeg} be a set of labels pointing out polarity

categories, where SPos = Strongly Positive, Pos = Positive, Neu = Neutral, Neg =
Negative, and SNeg = Strongly Negative. A sentiment vector is classified into one
of the five polarities.
• score(Labels): function assigning a sentiment degree to each polarity category in

Labels within [0, 1].
• SentimentDegreeVp

is sentiment degree of sentiment vector Vp.
• TSentimentDegreeCrj

is total sentiment degrees acquired by summing of sentiment
degrees of sentiment vectors regarding criterion Crj found.
• SentimentScoreCrj is sentiment score of review according to criterion Crj , where

NCrj be the number of extracted sentiment vectors related to criterion Crj in
review Ri.

4. Methodology
The proposed methodology is explained in a systematic manner in this section. Figure

1 outlines the solution procedure for the problem of hotel ranking through online reviews.
The method consists primarily of three stages: online review analysis, BN analysis, and
MCDM analysis. Online review analysis produces sentiment- and rating-based evaluation
scores extracted from individual customer reviews.

Sentiment scores are computed using the developed sentiment analysis algorithm. In
the second stage, all hotel evaluation scores are used as input data for BN training. The
BN captures probabilistic dependencies among hotel criteria and their influence on the
recommendation decision, based on individual observations. It helps reveal which criteria
customers give more importance when recommending hotels.

The mutual information is used to calculate the relative importance of the criteria. The
outputs of both the first and second stages are employed in the MCDM analysis. The
review-level scores of each hotel alternative are averaged and used as input to construct
the diagonal assessment matrix for each hotel. The weights of the criteria (BN output) are
used to create the relative importance matrix. The final evaluation matrix is constructed
for each hotel. After computing the permanent scores of the evaluation matrices, the final
hotel ranking is revealed.



310 S. Çalı, A. Baykasoğlu

Figure 1. Solution procedure for the problem of hotel ranking through online
reviews.

4.1. Online review analysis
4.1.1. Data crawling. A web crawler is used to gather online reviews for data analysis.
It is designed to retrieve reviews of relevant hotels from websites. Certain websites allow
customers to submit both written reviews and numerical ratings. Textual reviews and
numerical ratings are extracted from the web pages for analysis.

4.1.2. Preprocessing online reviews. Textual reviews require data preprocessing be-
fore conducting sentiment analysis. In this study, the Turkish textual reviews undergo
preprocessing using ITU Turkish Natural Language Processing Web Service [15,16]. This
NLP service provides various tools, including normalization, word analysis, morphological
analysis, named entity recognition, and sentence analysis. The sentences are segmented
into tokens, which are the smallest units of text such as words and punctuation marks.
Words are dissected into their affixes and roots, and part-of-speech (POS) tags (adjective,
adverb, noun, verb, etc.) are assigned to the tokens.
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4.1.3. Extracting aspect expressions and compiling sentiment lexicons. Cus-
tomers evaluate hotels by expressing their opinions about their aspects. The criteria con-
sist of related aspects. In a general sense, aspect expressions are nouns or noun phrases
that express a criterion. For example, the expression of the aspect "hizmet kalitesi (quality
of service) indicates the aspect hizmet (service), which is a member of the Service crite-
rion. The aspect expression “telesiyej” (chair lift) indicates the criterion Skiing. Let AE
denote the set covering the subsets of AEj (j = 1, 2, · · · , n), where AEj consists of aspect
expressions related to the criterion Crj in all reviews. The frequencies of tokens based
on POS tags are obtained, and filtered tokens are manually assigned to related subsets of
aspect expressions.

Sentiment lexicons are compilations of words and phrases used to classify whether a
given text conveys a positive or negative sentiment. A dictionary-based sentiment analy-
sis is employed, where the sentiment word sets are constructed using a dictionary. Seed
words are acquired by considering the frequencies of tokens with POS tags of adjectives,
adverbs, and verbs. Subsequently, sentiment lexicons are expanded using the Turkish
sentiment dictionary SentiTurkNet [13]. These lexicons encompass general sentiment lex-
icons and specific sentiment lexicons, similar to the construction of the sentiment lexicons
explained in [7]. For example, customers might use “yardmsever” (helpful) to describe
staff in hotels, and this sentiment word is added to a sentiment lexicon related to the
criterion Service. Sentiment words such as “berbat” (terrible) and “muhteem” (excellent)
can be applied to all criteria, thus being included in general sentiment lexicons. How-
ever, five types of sentiment lexicons are compiled by considering the sentiment degrees
of sentiment words and phrases in a different manner from [7]. These lexicons include
strongly positive, positive, hesitant, negative, and strongly negative sentiment lexicons.
Sentiment words are added to lexicons based on their sentiment degrees. For example, the
words “perfect” and “good” do not convey the same sentiment intensity when describing
a criterion. Additionally, lists of adverbs are compiled, incorporating adverbs that influ-
ence sentiment words to varying degrees. For instance, the adverbs “çok” (very), “epey”
(quite), “oldukça” (pretty much), “ar” (too much), “gayet” (extremely), “asla” (never),
“hiç” (at all) enhance the sentiment degrees of sentiment words. Negation expressions such
as “deil” (not), “olmayan” (not to be), “olmal” (must be), etc., which transform sentiment
polarity, are considered as well.

4.1.4. Computing sentiment scores of criteria in textual reviews. This section
presents the sentiment analysis algorithm used to compute these sentiment scores. The
main function of the sentiment analysis is proposed in Algorithm 1.
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Algorithm 1 Function main of aspect-based sentiment analysis
1: for each review Rir in document Ri do
2: Prepare a null list for sentiment vectors V = [ae, sw, adv, neg, lb]
3: Tokenize (Ri)
4: Extract (sub)sentences via splitting rules
5: for each token in (sub)sentence Sirs do
6: Examine tokens according to distance rule a
7: if token ta ∈ set AEj then
8: Assign ta to position of “ae” in sentiment vector
9: Assign label of ta to position of “lb” in sentiment vector

10: end if
11: Examine tokens according to distance rule b
12: if token tb ∈ set Dj or the set Dgen then
13: Assign tb to position of “sw” in sentiment vector
14: Assign label of tb to position of “lb” provided that it is null
15: end if
16: Examine tokens according to distance rule c
17: if token tc ∈ the set Adv then
18: Assign tc to position of “adv” in sentiment vector
19: end if
20: Examine tokens according to distance rule d
21: if token td ∈ the set Negations then
22: Assign td to position of “neg” in sentiment vector
23: end if
24: end for
25: end for
26: Function SentimentScores (sentiment vectors VRi)

The algorithm seeks sentiment vectors denoted by V = [ae, sw, adv, neg, lb] in the re-
views. The elements of a vector include aspect expression, sentiment word, adverb, nega-
tion, and labels. The algorithm searches for the aspect expression and its corresponding
sentiment word in the review and records them in the sentiment vector. Labels are used
to indicate which criterion is described in the sentiment vector. Since a sentiment vector
may contain more than one label, “lb” could encompass multiple labels. For example,
“geni” (large/big) might describe either a room or a ski run. The sentiment vector with
the sentiment word “geni” includes the labels “skiingPos” and “roomPos.” Subsequently,
if any adverb or negation influencing the sentiment score of the vector in a positive or
negative direction is identified, it is included in the sentiment vector.

The members of the sentiment vector are detected by considering the positions of tokens
and some semantic rules as in [7].

Sentence splitting rules: If punctuation such as a full stop, exclamation point, question
mark, or ellipsis mark is detected, then the review is split into sentences. If the extracted
token has a suffix with tense forms (“-di/-d,” etc.) or modal forms (“-meli/-mal,” etc.),
the sentence is split into sub-sentences from that token. Once sentence connectors (such as
although, despite, except, and without) are detected, the sentence is split into two parts.
Aspect expressions and sentiment words are then looked for in the next fourteen tokens
after the latest sentence vector is discovered.

Distance rules: (a) The subsequent five tokens are searched when sentiment words are
just found; (b) if an aspect expression and a sentiment word are found, then continue
looking for further sentiment words inside the next five tokens; (c) negation expressions
are searched in the next three tokens once the last word of the couple of aspect expression
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and sentiment phrase has been saved; (d) if a sentiment word is detected, then search the
two tokens before the saved word to find any adverbs.

After obtaining the sentiment vectors in a review, the steps of Algorithm 2 are followed.
Each sentiment vector with respect to each criterion is checked, respectively. If a sentiment
vector has a member of the strongly positive sentiment lexicon D++ or if it has a member
of the positive sentiment lexicon D+ and an adverb strengthening the sentiment (Adv+),
the sentiment vector is assigned to the polarity category of strongly positive (SPos). Af-
terwards, its polarity category is updated to be positive (Pos) provided that a negation
appears in the sentiment vector. Hence, the sentiment degree of the vector is decreased to
the score of (Pos). If a sentiment vector has a member of the strongly negative sentiment
lexicon D−− or if it has a member of the negative sentiment lexicon D− and an adverb
intensifying the negative sentiment (Adv), the sentiment vector is assigned to the polarity
category of strongly negative (SNeg). Afterwards, its polarity category is updated to be
negative (Neg) provided that a negation appears in the sentiment vector. Hence, the sen-
timent degree of the vector is increased to the score of (Neg). The other steps are simply
inferred by readers by following the pseudocode in Algorithm 2.

Algorithm 2 Function of SentimentScores (sentiment vectors VRi)
Initialize: SentimentDegreeVv ← 0, TSentimentDegreeCrj ← 0,
SentimentScoreCrj ← 0

2: for each sentiment vector Vv = [aev, swv, advv, negv, lbv] in review Ri do
for each Criterion Crj in the set Cr do

4: for each Vv with label of criterion Crj do
if (swv ∈ D++) or (advv ∈ Adv+ and swv ∈ D+) then

6: Assign SentimentDegreeVv ← score(SPos)
if not.null(negv) then

8: Decrease SentimentDegreeVv ← score(Pos)
end if

10: else if (swv ∈ D+) or (swv ∈ D− and not.null(negv)) then
Assign SentimentDegreeVv ← score(Pos)

12: else if (swv ∈ Dhes) then
Assign SentimentDegreeVv ← score(Neu)

14: else if (swv ∈ D−) or (swv ∈ D+ and not.null(negv)) then
Assign SentimentDegreeVv ← score(Neg)

16: if advv ∈ Adv− then
Decrease SentimentDegreeVv ← score(SNeg)

18: end if
else if (swv ∈ D−−) or (advv ∈ Adv and swv ∈ D−) then

20: Assign SentimentDegreeVv ← score(SNeg)
if not.null(negv) then

22: Increase SentimentDegreeVv ← score(Neg)
end if

24: end if
TSentimentDegreeCrj ← TSentimentDegreeCrj + SentimentDegreeVv

26: NVCrj
← NVCrj

+ 1
end for

28: SentimentScoreCrj ← TSentimentDegreeCrj /NVCrj

end for
30: end for

Output: [SentimentScoreCr1 , SentimentScoreCr2 , . . . , SentimentScoreCrj ]
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Each sentiment vector has been assigned to one of the polarity categories, namely
strongly positive (SPos), positive (Pos), neutral (Neu), negative (Neg), and strongly neg-
ative (SNeg). These polarity categories have different sentiment degrees characterized by
a score function mapping to the [0, 1] interval. The sentiment scores of the review are
finally calculated using the average sentiment degrees of the sentiment vectors.

Examples: (1) Strongly positive opinions are expressed in sentences like “oda çok
güzel” (the room is very good), “oda mükemmel” (the room is perfect). (2) Positive opin-
ions are reflected in sentences such as “oda güzel” (the room is good), “oda çok güzel deil”
(the room is not very good). (3) Neutral opinions can be seen in sentences like “oda idare
eder” (the room is so-so). (4) Negative opinions are reflected in sentences such as “oda
çok berbat deil” (the room is not very awful), “oda kötü” (the room is bad). (5) Strongly
negative opinions are conveyed through sentences like “oda berbat” (the room is awful),
“oday hiç beenmedim” (I didn’t like the room at all), “oda hiç iyi deil” (the room is not
good at all).

4.1.5. Determining evaluation values of alternatives. Both ratings and reviews
are utilised to obtain evaluation values. The evaluation value of alternative hotel Hi with
respect to criterion Crj is denoted by xij and is computed according to the following rules:

Rule 1: If there is only a numerical rating for the alternative hotel His performance
on criterion Crj in review r, the corresponding numerical rating is assigned to xr

ij .
Rule 2: If there is only a sentiment score for the alternative hotel His performance on

criterion Crj in review r, the corresponding sentiment score is assigned to xr
ij .

Rule 3: If there is both a sentiment score and a numerical rating for the alternative
hotel His performance on criterion Crj in review r, the average of the corresponding scores
is assigned to xr

ij .
Finally, the average of xr

ij is assigned to xij . The review-level values xr
ij are used as

individual observations in the BN analysis, whereas the aggregated hotel-level values xij

are employed in the MCDM analysis.

4.2. BN analysis
BN is a probabilistic model composed of a network structure and a global probability

distribution. The network structure is a directed acyclic graph (DAG) G = (N, A) in
which the nodes N represent a set of variables V = {V1, V2, . . . , Vn} and arcs A point
probabilistic dependencies between these variables. The graph structure includes two
categories of nodes: parents and children, with directional links pointing from the parent
to the child. Assume that node Λ functions as a parent, while node Γ is its corresponding
child. The probabilistic dependency between Λ and Γ is obtained according to Bayes
theorem by calculating P (Γ | Λ), the probability of Γ given Λ:

P (Γ | Λ) = P (Λ | Γ)P (Γ)
P (Λ)

(4.1)

A global probability distribution V is factored into local probability distributions according
to conditional independence assumptions and the chain rule, as shown in Eq. (4.2).

P (V ) = P (V1, V2, . . . , Vn) =
∏

i

P (Vi | ΩVi) (4.2)

where ΩVi denotes the parents of Vi. The conditional probabilities in this equation belong
to distinct parametric families based on whether the variables are discrete or continuous.

There are two BN approaches in terms of network construction. Expert-driven BNs
require domain knowledge and expert experience in forming network structures and elic-
iting probabilities. Data-driven BNs explore conditional probabilities and/or structure of
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BN from data using algorithms. Learning a BN is accomplished in two stages. Structure
learning is the first, in which the network structure is learned from the data, and param-
eter learning is the second, in which local distributions are learned in accordance with
the network built in the first phase. To learn the BN structure, two different types of
algorithms are used: constraint-based algorithms and score-based algorithms. There are
also hybrid approaches, which combine both types.

Score-based learning algorithms refer to the use of various optimization algorithms for
the problem of learning the structure of the BN [48]. Score-based learning algorithms aim
to identify a network structure that optimizes a predefined scoring function. There are
various algorithms such as Hill Climbing (HC) and Tabu Search. When these algorithms
are applied, the search space is scanned until the improvements in the calculated score
value are removed. On the other hand, constraint-based algorithms detect the presence
and direction of arrows between nodes by applying conditional independence tests.

Hybrid algorithms perform conditional independence tests to restrict the search space
before score-based learning. Although there is no clear distinction as to which method
should be used, Daly et al. [11] point out that studies, in which parameters are learned
and models are produced for probabilistic inference following the learning of the network
structure, tend to resort to score-based learning. In addition, prior information about
the data can be incorporated into all learning algorithms using blacklist and whitelist
arguments [47]. A whitelist guaranties that a set of arcs being in the network, whereas a
blacklist prevents a set of arcs from being in the network structure.

BN is constructed using mathematical methods in which the structure of the network
and the parameters are estimated from the data in this study. First, the HC algorithm is
used to determine the network structure. The algorithm starts with an empty DAG. The
DAG score is improved iteratively by applying modifications, such as adding, reversing,
and deleting arcs, at each iteration. This process continues until no further improvement
is possible. The Akaike Information Criterion (AIC) is employed as the score function
to select the most suitable network structure for the data. The AIC score is defined in
Eq. (4.3).

AIC = logL(V )− k ∗ nparams(V ) (4.3)
where logL calculates the likelihood of the observed data given the model parameters,
nparams gives the number of free parameters in BN, and k is the penalty coefficient.
These terms jointly balance model fit and model complexity. The network structure that
maximises this metric value is determined as the most suitable model for the data [47].
After the BN structure is learned, the parameters are estimated. Bayesian estimation com-
bines prior distributions with observed data through Bayes theorem to obtain conditional
probability table values [48]. Since this study uses discrete values in the BN training pro-
cess, the parameters are estimated with a multinomial likelihood with a uniform Dirichlet
prior. The learnt conditional probability values reflect the strengths of the relationships
between the variables in the network.

BNs allow decision-makers to conduct probabilistic reasoning and thereby obtain pos-
terior distributions. The two common types of reasoning are predictive and diagnostic
reasoning. Predictive reasoning proceeds from parent nodes to child nodes. The beliefs
regarding child nodes are updated with evidence regarding the state of a parent node
being instantiated. On the other hand, the direction of reasoning is from child nodes to
parent nodes in diagnostic reasoning. The beliefs related to parent nodes are updated
once evidence related to a child node is inserted. The belief updating is performed with
exact algorithm [26].

4.2.1. Determining the relative importance of criteria using mutual informa-
tion. Criteria weighting methods are used to determine the relative importance of evalu-
ation criteria in MCDM. Subjective methods require the subjective evaluation of decision
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makers. Among them, AHP [45] and its fuzzy extensions [24] are the most widely used
techniques and are based on pairwise comparisons of criteria. However, pairwise compar-
isons become time-consuming as the number of criteria increases. Moreover, our study
focuses on extracting the opinions of many customers. It is difficult to obtain subjective
importance assessments from all customers. Objective weighting methods derive the cri-
teria weights from data. For example, the entropy method [50] measures the uncertainty
in information about the values of the criteria. If alternatives get similar scores for a
criterion, that criterion exhibits higher entropy and is assigned a lower weight. Online-
review-based weighting methods rely on the frequency of terms associated with specific
criteria. The underlying assumption is that the criteria mentioned more frequently in re-
views are considered more important by customers [28]. These methods typically assume
that criteria are independent, and they do not allow the analyst to explore statistical
relationships between them. They cannot consider how each criterion influences the fi-
nal decision. Conversely, in real-world decision-making, criteria interact with one another
[53]. A change in one criterion can affect the evaluation of another. Therefore, BN is
employed as a weighting mechanism using the concept of mutual information. BNs can
model these dependencies through conditional probability distributions. BN quantifies
the contribution of information of each criterion to the recommendation decision using
posterior probabilities and mutual information.

Mutual information [50] is one of the most popular metrics utilised to rank information
sources. It is based on the idea that the uncertainty related to any random variable can
be described by the entropy function [38].

H(Y ) = −
∑

y

P (y) log P (y) (4.4)

The uncertainty related to Y , given that random variable T is instantiated as t, is obtained
via Eq. (4.5).

H(Y | t) = −
∑

y

P (y | t) log P (y | t) (4.5)

Eq. (4.6) computes the average residual uncertainty in Y given T .

H(Y | T ) =
∑

t

H(Y | t)P (t) (4.6)

Then, the mutual information expressing the total uncertainty-reducing potential of T is
calculated by Eq. (4.7).

I(Y, T ) = H(Y )−H(Y | T ) (4.7)
Mutual information is symmetric (I(Y, T ) = I(T, Y )) and a non-negative quantity. It

shows the dependency between two random variables. If mutual information is zero, it
means that the random variables are mutually independent. Let Cr = {Cr1, Cr2, . . . , Crn}
be the set of random variables which describe the criteria and the random variable Y rep-
resents the customers’ recommendation decision. The impact of each criterion on recom-
mendation decision is obtained using mutual information. These measures can be reflected
in decision-making methodology as criteria weights with Eq. (4.8) or relative importance
values with Eq. (4.9).

wj = I(Crj , Y )∑n
j=1 I(Crj , Y )

, (4.8)

where wj indicates the weight of criterion Crj and
∑n

j=1 wj = 1. The relative importance
of criterion Cri over criterion Crj is obtained by drawing inspiration from [27]:

rij = I(Cri, Y )
I(Cri, Y ) + I(Crj , Y )

. (4.9)
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To sum up, higher mutual information values indicate that knowing the satisfaction level
of a criterion provides more information about the recommendation decision by reducing its
uncertainty. Accordingly, a criterion is considered more important if customer satisfaction
with that criterion exhibits a stronger probabilistic dependency with the recommendation
outcome. The criteria are weighted based on their contribution to explaining customers
recommendation behaviour. Although criterion importance is quantified with respect to
the recommendation decision, the influence of inter-criterion interactions is inherently
embedded in the probabilistic structure of the BN.

4.3. MCDM analysis
4.3.1. GTMA. GTMA is a method employed in MCDM analysis that is based on the
principles of matrix operations and graph theory. The computation of permanent intro-
duced by Binet and Cauchy in 1812 [33] is a key component of the graph theory matrix
approach. In combinatorial mathematics, the permanent is used to represent the total
number of perfect matchings within a bipartite graph. Consider an m×n matrix, namely
A = (aij) where m ≤ n, Eq. (4.10) [33] calculates the permanent of this matrix.

Per(A) =
∑

σ

a1σ(1)a2σ(2) · · · amσ(m) (4.10)

where the summation is taken over all bijective mappings from {1, . . . , m} to {1, . . . , n}.
The sum of all diagonal product of A, one of which is expressed like a1σ(1)a2σ(2) · · · amσ(m),
gives the permanent of A [2]. It is more complicated to calculate the permanent rather
than determinant since Gaussian elimination cannot be used in the calculation process
[2]. Valiant [57] proved that determining a matrix’s permanent falls into the category of
NP-Hard. Thus, Ryser [44] had developed an algorithm to approximate the permanent of
an n× n matrix, which is given in Eq. (4.11).

Per(A) = (−1)n
∑

S⊆{1,...,n}
(−1)|S|

n∏
i=1

∑
j∈S

aij (4.11)

where, the sum is over all subsets of {1, . . . , n} and |S| is the number of elements in S.
GTMA has several advantages such as modelling hierarchical problems and considering
criteria interaction. The method also has a clear and straightforward computational pro-
cedure. In this study, BN analysis is employed to obtain the components of GTMA. The
BNGTMA method consists of three steps, which are explained as follows.

Step-1: The elements of the MCDM framework, namely the criteria, sub-criteria, and
alternatives are identified.

Step-2: The interrelation between the criteria is specified in this step. The normal-
ization process is performed. A diagonal matrix (Ψi) of size n× n shown in Eq. (4.12) is
created for each alternative to represent criteria-based evaluations. The evaluation scores
of the alternatives with respect to the criteria are derived from the outputs of the online
review analysis (explained in Section 4.1.5). Each xij indicates the assessment value of
alternative i regarding the criterion j.

Ψi =


xi1 0 · · · 0
0 xi2 · · · 0
...

... . . . ...
0 0 · · · xin

 (4.12)

Eq. (4.13) shows the matrix of relative importance (or interrelation) β, where each rij

indicates how important the criterion i is in proportion to the combined importance of
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the criteria i and j [27]. The values of rij are obtained via Eq. (4.9) considering mutual
information (explained in Section 4.2.1).

β =


0 r12 · · · r1n

r21 0 · · · r2n
...

... . . . ...
rn1 rn2 · · · 0

 (4.13)

Step-3: The evaluation matrix ξHi for each alternative Hi is constructed by adding the
criteria evaluation matrix for the alternative to the relative importance (interrelation)
matrix, which is given by Eq. (4.14).

ξHi = Ψi + β =


x1 r12 · · · r1n

r21 x2 · · · r2n
...

... . . . ...
rn1 rn2 · · · xn

 (4.14)

The evaluation score for each alternative is computed through the permanent of the
matrix ξHi as defined in Eq. (4.11). Alternatives are ordered from highest to lowest
based on their permanent values. The top-ranked alternative, according to the maximum
permanent value, is considered the most favorable.

5. Case study
The proposed methodology is employed in a case study examining reviews of five-star

ski hotels in Turkey.

5.1. Analysing online reviews
Customer reviews of seven alternative ski hotels labelled as H1 through H7 were crawled

from the otelpuan.com website (https://www.otelpuan.com/tr) in September 2022. This
OTA website is widely used in Turkey. Customers evaluate hotels according to criteria,
namely Price-Performance (Cr1), Food (Cr2), Room (Cr3), Skiing (Cr4), and Service
(Cr5). They also indicate their decision on whether they recommend the hotel by post-
ing recommended, not recommended, or hesitant. The dataset comprises textual reviews,
ratings, and recommendations for alternative hotels. An illustrative review is presented
in Figure 2.

Figure 2. A review crawled from otelpuan.com in September 2022.

https://www.otelpuan.com/tr
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The criteria variables are highlighted with red rectangles, while the target variable (Rec-
ommendation) is outlined with a green rectangle. Customers provide continuous numerical
ratings within the range [1, 10] for Food, Room, Skiing, and Service. Price-Performance
is assessed using linguistic variables from the term set (Very Bad, Poor, Medium, Good,
and Excellent).

Customers assign scores to Price-Performance to convey their satisfaction with the
overall costs of hotel facilities, considering the performance provided by the hotel. Service
is evaluated by rating employees’ attitudes and service quality. Skiing is assessed based
on the hotel’s ski facilities. The scores for Food reflect customer satisfaction with various
aspects, including quality, taste, and presentation. The Room criterion is rated to express
satisfaction with various aspects such as cleanliness, design, and landscape.

Customers often express their opinions through textual reviews rather than providing
numerical ratings for some evaluations. To address this, the aspect-based sentiment anal-
ysis algorithm (explained in Section 4.1) is used to analyze textual reviews and convert
them into numerical scores, similar to ratings, to avoid information loss. If a customer
review lacks a numerical rating for a criterion, the score derived from sentiment analysis
is utilised for that specific criterion. In cases where a customer review includes both a
numerical rating and a sentiment score for a criterion, the average of these scores is consid-
ered the final score for that criterion. In the data set, customers frequently assign points
such as 2, 4, 6, 8 and 10 to criteria. Hence, these scores are used as linguistic variables for
Price-Performance.

5.2. BN analysis
After the online review analysis, the next stage is the BN analysis. The frequency

statistics of the dataset are illustrated in Figure 3.
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Figure 3. Frequency statistics from the dataset.

The pie chart at the top left of the figure shows the distribution of reviews of alternative
hotels. The total number of reviews is 3594. The pie chart at the top right of the figure
depicts the distribution of the recommendation choices of customers. The final scores for
the criteria are illustrated with histograms. Criteria variables are continuous variables
that have values from 0 to 1. They are discretised by dividing them into groups of equal
length for BN analysis. Hence, criteria variables are categorised into five states. Since the
first state that includes the score interval [0, 0.20] has scarce data, we merge the first and
second states. The target variable Recommendation is categorised into two states, namely
Yes and No. Customers answering Hesitant to the recommendation choice are included
in No due to their scarcity. Finally, the variables and their states are presented in Table
3. This table also gives the intervals representing the states.
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Table 3. Variables in the BN.

Variable Type Name (Code) State Name (Code): Interval
Criteria variables Price-Performance (Cr1), Dissatisfied (DisSat): [0, 0.40]

Food (Cr2), Neutral (Neut): [0.41, 0.60]
Room (Cr3), Satisfied (Sat): [0.61, 0.80]
Skiing (Cr4), VerySatisfied (VerySat): [0.81,1]
Service (Cr5).

Target variable Recommendation (Y) Recommended (Yes) -
Not Recommended (No) -

BN is learned from the dataset, which is modelled using the bnlearn package in R [47].
Before learning the structures of BNs, some logical constraints are integrated into BN
modelling by creating blacklists that prevent two types of arcs: (i) arcs directed from the
target variable Recommendation to any other variable, and (ii) arcs directed from Price-
Performance to any criterion variable. BN is constructed to determine the dependence
structure between the variables; hence it identifies which criteria variables have a direct
impact on Recommendation. If there is an association between the target variable and any
criterion variable, the arc must be directed from the criterion variable to Recommendation.
Likewise, if there is an association between Price-Performance and any other criterion vari-
able, the arc must be directed from the criterion variable to Price-Performance. Logically,
customers might assign the satisfaction score for Price-Performance according to the per-
formances of the other criteria offered by the hotel. They make their decision on the
recommendation by considering the perceived performances of the criteria.

The structure of the BN is learned by using the HC algorithm with the AIC score func-
tion, and the local distributions are estimated with Bayesian methods. The learned BN,
along with the marginal probabilities of the variables, is shown in Figure 4.
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Figure 4. The BN estimated from the dataset.

As mentioned earlier, each criterion variable has four possible states, and the target vari-
able has two possible states. The corresponding value written beside a state is the proba-
bility of observing the state of the related variable. In the BN graph, Price-Performance is
abbreviated as PriceP. The BN graph allows the deduction of direct and indirect relation-
ships between variables. It indicates that criterion variables Price-Performance, Service,
and Food have a direct influence on Recommendation. Skiing does not have a direct re-
lationship with Price-Performance and Food but exhibits indirect connections via certain
paths. The highest probability for variables, except Price-Performance, is observed at the
state VerySat. Conversely, Price-Performance has its highest probability for the state Sat,
with a probability of 38.6%.
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The primary objective of the BN in this study is to support probabilistic inference and
sensitivity analysis rather than out-of-sample prediction. For this reason, a conventional
trainingtesting split is not adopted. Instead, model validation follows an approach com-
monly used in probabilistic inference studies [41]. According to this approach, the quality
of the learned BN is assessed using the receiver operating characteristic (ROC) curve [32]
and the area under the curve (AUC) [52]. After estimating the network, 3,600 synthetic
observations are generated from the fitted model. The ROC curve is then plotted based
on simulated data to evaluate the models goodness of fit. The ROC curve illustrates
the relationship between the true positive rate (sensitivity) and the true negative rate
(1-specificity). It is constructed by comparing the predicted probabilities of the model
for the target variable with the simulated results. The AUC metric summarizes the ROC
curve into a single index and quantifies the discriminant ability of the BN. It ranges from
0.5 (random performance) to 1.0 (perfect discriminant performance). According to Swets
[52], an AUC value above 0.80 indicates good discriminant performance. In this study, the
AUC value for the target variable Recommendation is 0.92, demonstrating a high level of
discriminative performance. This result confirms that the learned BN successfully captures
the underlying dependencies in the data and provides reliable probabilistic predictions for
subsequent sensitivity and what-if analyses.

5.2.1. Sensitivity analysis and what-if analysis. The BN graph visually represents
variables directly linked to Recommendation through directed arcs. However, to integrate
these relationships into the decision-making process, a measure is necessary. Hence, the
degree of impact of each criterion on the recommendation choice is calculated using mu-
tual information in sensitivity analysis. Mutual information values between the criteria
variables and Recommendation are computed, respectively, as 0.204, 0.125, 0.062, 0.012,
and 0.134 bits by Eqs. (4.4)–(4.7). According to the analysis, the criteria can be ordered
from most important to least important in determining the recommendation choices of the
customers as follows: Price-Performance, Service, Food, Room, and Skiing. BN is a partic-
ularly suitable machine learning tool due to its inference mechanism. Hotel managers can
leverage this aspect of BN to analyse the effects of variable states on the recommendation
choice. The results of the what-if analysis are illustrated in Figure 5.

Figure 5. Posterior probabilities of Recommendation, given evidence that the
others are equal to (a) VerySat and (b) DisSat.

The initial bar in each graph represents the probability of Recommendation without any
evidence (baseline). The left segment (a) of the figure displays each posterior probability
of Recommendation given evidence that each variable is at the state of VerySat, while
the right segment (b) of the figure shows each posterior probability of Recommendation
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given evidence that each variable is at the state of DisSat. The probability of positive
recommendation choice (Recommendation = Yes) for hotels increases from 0.844 to 0.983
when there is evidence that customers are very satisfied with Price-Performance. Con-
versely, the probability of positive recommendation choice (Recommendation = Yes) for
hotels decreases from 0.844 to 0.200 when there is evidence that customers are dissatisfied
with Price-Performance. The figure also illustrates significant changes in the probabil-
ity of Recommendation when setting evidence for Food and Service. The importance of
these variables is highlighted in sensitivity analysis through mutual information as well.
In addition, the changes in the probability distribution of Recommendation when there is
evidence that Skiing is at VerySat or at DisSat are not significant.

5.3. MCDM analysis through GTMA integrated with BN
A digraph is used to describe the problem, in which nodes indicate the criteria and

edges indicate interrelationships between the criteria. A directed edge from node i to
node j shows the relative importance of criterion i over criterion j. The digraph of the
hotel ranking problem depicted in this study is illustrated in Figure 6.

Figure 6. Digraph representation of the hotel ranking problem.

The GTMA integrated with BN is implemented step by step. Firstly, the relative
importance values are calculated with Eq. (4.9), and the relative importance matrix is
presented in Table 4.

Table 4. Relative importance of the hotel evaluation criteria.

Criteria Price-Performance Food Room Skiing Service
Price-Performance - 0.620 0.767 0.944 0.604
Food 0.380 - 0.668 0.912 0.483
Room 0.233 0.332 - 0.838 0.316
Skiing 0.056 0.088 0.162 - 0.082
Service 0.396 0.517 0.684 0.918 -

In the BN stage, mutual information values between the criteria variables and Recom-
mendation are computed as 0.204, 0.125, 0.062, 0.012, and 0.134 bits, respectively. That
is, the total uncertainty-reducing potential of Price-Performance is 0.204 bits, while the
total uncertainty reducing potential of Food is 0.125 bit. Price-Performance accounts for
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62% of the sum of these two values (0.204+0.125). The relative importance of Price-
Performance is higher than that of Food in terms of hotel recommendation. Secondly, the
performance scores of alternative hotels with respect to the criteria are calculated based
on online review analysis outputs. Performance values of hotels are found in Table 5.
These values are normalised by dividing by the maximum values.

Table 5. Evaluation values of the alternative hotels.

Hotel Price-Performance Food Room Skiing Service
H1 0.726 0.700 0.801 0.841 0.837
H2 0.793 0.822 0.836 0.855 0.852
H3 0.796 0.854 0.785 0.847 0.880
H4 0.756 0.769 0.804 0.811 0.843
H5 0.792 0.771 0.812 0.815 0.863
H6 0.797 0.799 0.764 0.854 0.859
H7 0.855 0.823 0.887 0.867 0.888

Lastly, permanent matrices of hotels are formed by considering the relative importance
of criteria and normalised evaluation values given in Table 6.
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Table 6. Permanent matrices of hotels.

(a) H1
Cr1 Cr2 Cr3 Cr4 Cr5

Cr1 0.849 0.620 0.767 0.944 0.604
Cr2 0.380 0.819 0.668 0.912 0.483
Cr3 0.233 0.332 0.903 0.838 0.316
Cr4 0.056 0.088 0.162 0.970 0.082
Cr5 0.396 0.517 0.684 0.918 0.942

(b) H2
Cr1 Cr2 Cr3 Cr4 Cr5

Cr1 0.927 0.620 0.767 0.944 0.604
Cr2 0.380 0.962 0.668 0.912 0.483
Cr3 0.233 0.332 0.943 0.838 0.316
Cr4 0.056 0.088 0.162 0.986 0.082
Cr5 0.396 0.517 0.684 0.918 0.960

(c) H3
Cr1 Cr2 Cr3 Cr4 Cr5

Cr1 0.930 0.620 0.767 0.944 0.604
Cr2 0.380 1.000 0.668 0.912 0.483
Cr3 0.233 0.332 0.886 0.838 0.316
Cr4 0.056 0.088 0.162 0.977 0.082
Cr5 0.396 0.517 0.684 0.918 0.991

(d) H4
Cr1 Cr2 Cr3 Cr4 Cr5

Cr1 0.884 0.620 0.767 0.944 0.604
Cr2 0.380 0.900 0.668 0.912 0.483
Cr3 0.233 0.332 0.906 0.838 0.316
Cr4 0.056 0.088 0.162 0.936 0.082
Cr5 0.396 0.517 0.684 0.918 0.949

(e) H5
Cr1 Cr2 Cr3 Cr4 Cr5

Cr1 0.926 0.620 0.767 0.944 0.604
Cr2 0.380 0.902 0.668 0.912 0.483
Cr3 0.233 0.332 0.916 0.838 0.316
Cr4 0.056 0.088 0.162 0.940 0.082
Cr5 0.396 0.517 0.684 0.918 0.972

(f) H6
Cr1 Cr2 Cr3 Cr4 Cr5

Cr1 0.932 0.620 0.767 0.944 0.604
Cr2 0.380 0.935 0.668 0.912 0.483
Cr3 0.233 0.332 0.861 0.838 0.316
Cr4 0.056 0.088 0.162 0.985 0.082
Cr5 0.396 0.517 0.684 0.918 0.967

(g) H7
Cr1 Cr2 Cr3 Cr4 Cr5

Cr1 1.000 0.620 0.767 0.944 0.604
Cr2 0.380 0.963 0.668 0.912 0.483
Cr3 0.233 0.332 1.000 0.838 0.316
Cr4 0.056 0.088 0.162 1.000 0.082
Cr5 0.396 0.517 0.684 0.918 1.000

Hotel customer satisfaction index values of the alternative hotels are obtained using the
matrix permanent formula and given with their ranks in Table 7.

Table 7. Customer satisfaction index values of hotels and ranks.

Hotel Hotel Customer Satisfaction Index Rank
H1 4.294 7
H2 4.944 2
H3 4.942 3
H4 4.453 6
H5 4.630 5
H6 4.724 4
H7 5.407 1

The methodology suggests the following ranking: H7 ≻ H2 ≻ H3 ≻ H6 ≻ H5 ≻ H4 ≻
H1, where “≻” denotes “superior to”. It is evident that H7 has the highest-ranking score.
H2 and H3 have almost the same value which follows the score of H7. This ranking can
be presented to potential customers as advice derived from customer reviews through a
scientific decision-support tool.
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6. Comparative analysis and results
This section compares the results with those obtained using two well-known MCDM

methods: SAW [9] and TOPSIS [23]. The criteria weights are derived by Eq. (4.8) while
performing SAW and TOPSIS.

SAW calculates the overall score of an alternative by multiplying each criterions value
with its weight and summing the resulting products. However, this method may mislead
decision-makers since it ignores interactions between criteria [12]. TOPSIS identifies the
best option by increasing its closeness to the ideal positive solution and reducing its prox-
imity to the negative ideal alternative [36]. The process starts with building a weighted
normalised matrix, after which both the positive ideal (best values) and negative ideal
alternatives are defined. The distance values of alternatives from the positive ideal alter-
native and the negative ideal alternative are calculated. A ratio for each alternative, the
division of the distance to the negative ideal alternative by the sum of the distances to
the positive and negative ideal alternatives, is computed. However, this method is not
capable of dealing with interrelationships between the criteria, similar to SAW.

The ranking of hotels based on SAW and TOPSIS is presented in Table 8. H7 is in
the best position in the ranking produced by each of the three methods. However, H2
and H3 compete for the second position in the ranking. BN-GTMA introduces H2 as the
second-ranked hotel, whereas SAW and TOPSIS propose H3 as the second-ranked hotel.
The differences arises because SAW and TOPSIS are based on linear aggregation. They
tend to favour alternatives with higher scores on isolated criteria. Although H3 slightly
outperforms H2 on some individual criteria such as Food and Service, H2 delivers a more
balanced joint performance on Price-Performance, Service and Food. BN-GTMA assigns
a higher rank to H2 since it evaluates hotels based on joint structural dominance rather
than isolated criterion values. The matrix permanent concept in BN-GTMA considers
all possible structural components of the criteria together with their relative importance.
A small variation in the criteria brings about a high difference in permanent values. In
other words, even minor performance differences can be captured by the system and re-
sult in noticeable changes in the positions of alternatives. This property enhances the
discriminative power of the ranking system [2,3, 42].

Table 8. Comparison of rankings with the results of SAW and TOPSIS.

Methods Criteria weights H1 H2 H3 H4 H5 H6 H7

SAW w = [0.380, 0.233, 0.115, 0.022, 0.250] 7 3 2 6 5 4 1
TOPSIS w = [0.380, 0.233, 0.115, 0.022, 0.250] 7 3 2 6 5 4 1
BN-GTMA Relative importance matrix 7 2 3 6 5 4 1

Moreover, the proposed methodology is compared with that developed by [7]. They
propose a hotel ranking methodology based on online reviews and IF-ELECTRE inte-
grated with VIKOR. As shown in Table 9, different ranking results are obtained across
the methods. Both methods rank H7 as the best hotel and H1 as the worst hotel. How-
ever, the ranking positions of some hotels (H3, H5 and H2) do not remain the same. The
differences stem from methodological variations. Çal and Balaman [7] make significant
contributions to the literature on hotel ranking through online reviews; however, there
are some limitations. In their methodology, they identify the sentiment tendency of each
sentence in the reviews by considering positive, negative, and hesitant degrees. How-
ever, our sentiment analysis algorithm extracts sentiment orientations from reviews by
considering a sentiment scale ranging from strongly positive to strongly negative, with
the help of adverbs and additional lexicons. Their study considers only textual reviews,
while numerical ratings are excluded. They employ the entropy method to derive the
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criteria weights, yielding the weight vector: w = [0.338, 0.018, 0.063, 0.366, 0.214]. That
is, the importance ranking of the criteria is price-performance, skiing, service, food and
room, respectively. However, the entropy method derives criteria weights solely from the
variability of criteria evaluations, without considering interactions or dependencies.

Table 9. Comparative analysis with the study by [7].

Methods Ranking
The proposed method H7 ≻ H2 ≻ H3 ≻ H6 ≻ H5 ≻ H4 ≻ H1
The method developed by [7] H7 ≻ H6 ≻ H3 ≻ H5 ≻ H2 ≻ H4 ≻ H1

The advantage of the BN-GTMA framework is directly linked to the use of mutual
information as a weighting mechanism. Unlike entropy, mutual information measures how
strongly each criterion is related to the recommendation decision, which leads to differ-
ent criteria weights in the ranking. A criterion is more weighted if customer satisfaction
with that criterion exhibits a stronger probabilistic dependency with the recommendation.
Price-Performance is found to be the most important criterion that influences recommen-
dation decision of customers. Service and Food follow as other significant criteria. These
findings are consistent with prior studies in tourism and hospitality. Singgalen [51] reports
that price-performance (expressed as perceived value in the study) and service quality are
among the strongest predictors of customers recommendation intentions. According to
Singgalen [51], 90% of the guests who assign high rates to cleanliness, service quality, and
perceived value are more likely to recommend the property and revisit it in the future. Ski
hotels marketing studies also support the view that price-performance significantly affects
overall satisfaction and customer attitudinal loyalty [6, 10]. Hotel managers should aim
to raise perceived value by balancing benefit and cost [6]. They should follow effective
pricing policies not only to improve customer retention but also to attract new customers.
More personalised services may be offered at the same price level. They should primarily
focus on training staff to provide kinder, faster, and more attentive service.

Food emerges as a key criterion for customers staying in ski hotels, consistent with
Shang et al. [49]. They associate this result with the fact that customers in ski hotels
value food variety from a sports-oriented perspective. Hotel managers should offer a wide
variety of high-quality and delicious food to enhance customer satisfaction.

In addition, Dogan et al. [14] examine the relationships between hotel attributes and
priceperformance using a fuzzy rule-based system and show that these relationships should
not be treated as linear. Their observations are consistent with the need for modelling
dependencies among hotel criteria, which our study addresses through the BNGTMA
framework. The BN structure reveals the impact of the other hotel attributes on price-
performance. PricePerformance is directly influenced by Food, Room, and Service, while
other criteria such as Skiing affect PricePerformance indirectly through Service. PricePer-
formance emerges from joint impacts rather than isolated criterion evaluations.

7. Conclusion and future work
This paper proposes an online review ranking methodology integrating BN, sentiment

analysis, and GTMA. From a scientific perspective, there are three main contributions.
First, it introduces a probabilistic weighting mechanism based on mutual information
derived from a BN. Second, it proposes a new MCDM approach, which involves the in-
tegration of BN and GTMA to determine the ranking of hotels. This approach can be
used for other data-driven decision-making problems beyond hotel ranking based on online
reviews. Third, an aspect-based sentiment algorithm is developed to analyze hotel reviews
in Turkish; however, it can be adapted to other languages.
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From a managerial perspective, the proposed framework provides actionable insights
for hotel managers. The BN-based sensitivity and what-if analyses reveal how changes in
customer satisfaction of hotel criteria affect the probability of customer recommendation.
The model allows managers to evaluate potential improvement scenarios before imple-
menting costly operational changes. Hotel managers can deduce which criteria customers
value more when recommending hotels to others. Marketing strategies can be determined
according to the criteria that customers actually value. In addition, the proposed ranking
allows hotel managers to benchmark their performance against competitors and identify
their relative position in the market. Beyond managerial use, the proposed ranking also
helps potential customers make informed reservations without reviewing large volumes of
comments.

Despite its various contributions, the paper has some limitations. The empirical anal-
ysis is based on reviews collected from a single online travel agency platform, which may
introduce platform-specific effects. In addition, the case study focuses on seven popular
ski hotels in Turkey. Customer preferences can differ across hotel categories, destinations,
or cultural contexts. The number of customers who selected the hesitant option for rec-
ommendation is relatively small in the dataset. Therefore, these observations are grouped
into the not-recommended category in the analysis. These limitations do not affect the
validity of the proposed methodology but indicate that the empirical findings should be
interpreted within the context of the dataset.

Several extensions may be considered in future research. Customer reviews could be
crawled from multiple websites to enrich the data source [62]. The datasets containing
multilingual reviews could be analysed, and deep learningbased sentiment analysis models
could be integrated to better cope with multilingual datasets [46]. The MCDM compo-
nent of the study could be enhanced through the integration of fuzzy set theory. Moreover,
the proposed methodology can be applied to other service and product domains, such as
restaurants, healthcare services, and car selection problems. Finally, future studies could
employ dynamic BNs to capture changes in customer preferences over time.
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