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Abstract: An increasing number of guests in hotels evaluate the quality by reading online reviews. A
deeper analysis of the attitude and behavior of the visitors is conducted to understand the experiences
of guests, considering the diverse backgrounds and needs. This study aims to analyze the selection
process of family-friendly hotels by guests, using available TripAdvisor online reviews, as well as for
hotel management to better understand the comments left by guests and create more organized plans
and policies. A model is devised that integrates clustering and Multi-Criteria Decision-Making-VIKOR
(MCDM-VIKOR) method to prioritize the attributes of hotels based on the significance within each
cluster of guests. Data is collected from online reviews of guests in family-friendly hotels in Indonesia.
The features used for ranking preferences are the numerical ratings assigned to four attributes on the
platform. These four features included “location”, “cleanliness”, “service”, and “value”. The results showed
that “cleanliness” evolved as the most critical factor in the majority of segments for selecting family-friendly
hotels. To further comprehend the behavioral trends of guests and assist in decision-making, this study
proposed a model capable of analyzing online reviews and ratings provided by customers.

Keywords: customer satisfaction; hotels; sustainable tourism development; tourism and economic
growth; tourism economics

1. Introduction

Tourism and hospitality sectors are profoundly impacting the existing economic system in
Indonesia (Manomaivibool, 2015). Currently, industries tied to tourism account for 9.8% of the
world’s gross domestic product and approximately 7% of global commerce. The travel and
tourism sector in 2022 supported 295 million jobs around the world, representing one in 11 of
all the jobs globally and continued to rise to 320 million jobs by the end of 2023 (World Travel
and Tourism Council, 2023). Technologies are progressively being integrated into the
hospitality sector, resulting in the generation of a significant amount of data and enabling the
comprehension of customer behavior (Fernandes et al., 2016; Ivanov et al,, 2018). According to
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Kandampully et al. (2018), customer behavior is shaped by interactions between staff and
customers, as well as the service provided as a product in the tourism and hospitality
industries. To understand and comprehend the preferences and behavior of customers,
organizing vast amounts of data obtained from online travel evaluations into discrete
categories is crucial (Hsu et al., 2012; Jain, 2010). Therefore, extracting useful information from
the vast amounts of unstructured data is essential for customers, companies, and policymakers.

Under the present smart tourism system, websites for online reviews have evolved into
dynamic platforms for sharing and evaluating business performance (Kim et al., 2016). These
platforms connect online bookings and available services in destinations, including attractions,
transportation, accommodation, and purchases (Flavian et al., 2020; Gonzalez et al., 2020; Naik
et al, 2019; Stankov et al, 2019; Wang et al, 2016). Guests predominantly prefer hotels
recommended by others on the platforms, relying heavily on online reviews for decision-
making (Nilashi et al., 2018). Online reviews are considered more reliable as the voluntarily
supplied information by guests that might offer a more accurate description of the true
emotions and experiences (Rhee & Yang, 2015). Numerous studies have focused on the
information that may be obtained from these services in the hotel sector (Dina & Juniarta,
2022; Nilashi et al,, 2018; Peng et al,, 2018; Raguseo et al., 2017). However, less research has
been conducted to identify trends in the attitude and behavior of guests regarding the
features of hotels, based on a large dataset obtained from platforms regarding online reviews.

There are several types of travelers, for example couple, solo, business, and family travelers.
Among those travelers, family travelers are regarded as one of the tourist kinds and make up a
significant portion of the traveler population (Schanzel & Yeoman, 2015). The number of family
travelers increased because of a multigenerational travel trend (Family Travel Association, 2023).
Together, parents, grandparents, and kids are going on vacation to make treasured memories
to strengthen family bonding through travelling. In order to provide a smooth and joyful
experience for all parties involved, resorts, hotels, and destinations are adjusted to meet the
varied demands and interests of families. To offer a perfect environment for families to deepen
their relationships and forge lifetime connections, the accommodations are demanded to
provide an ideal setting for families. To comprehend and meet the requirements and desires of
the selected group of customers, market segmentation evaluation becomes crucial because it
can affect all other marketing strategy decisions. Market segmentation, according to Lenti et al.
(2021), is the process of dividing a market into discrete groups of consumers with varying needs,
traits, or behaviors that may require different products or marketing strategies. The majority of
existing studies on market segmentation relied on statistical methods and survey questionnaires
to evaluate guests’ preferences and behaviors, which is ineffective to identify subjective criteria.

Therefore, this study aims to fill this gap by incorporating clustering to identify market
segmentation and at the same time identifying subjective criteria in each segment. Subjective
criteria are evaluated to understand guests’ preferences regarding hotel features, based on online
reviews. This study proposes a model that clusters the guests based on preferences derived from
online reviews and then applies multi-criteria decision making to rank the hotel features.

2. Methodology

2.1. Research procedure

The study proposed a method that included several steps, namely: (a) collecting data by
scraping reviews directly from the TripAdvisor website, (b) preprocessing the textual data, (c)
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identifying significant features relevant to family-friendly hotels, (d) clustering the data into
multiple clusters of guests using the machine learning KNN algorithm, and (e) ranking
preferences based on each cluster of travelers using the Multi-Criteria Decision-Making-
VIKOR (MCDM-VIKOR) method. Figure 1 shows the flow of the experiment, depicting the
sequential process from data collection to analysis and interpretation.

Inputs

1) Text Text review and numerical
(1) Text review rating

(2) Numerical review

Data preprocessing

v

Outputs Development of term
document matrix

(1) Guest segment
A

A A

A

v

o: .
. Experiment 1:

*k
* X Cluster guest segments
using KNN

(2) Feature ranking for each guest l
segment and its frequent word

Experiment 2:

Rank features for each
segment using MCDM-
VIKOR

HUBE Bool

Figure 1. Proposed model.

2.2. Data collection

The proposed model is evaluated using a real data set. For this purpose, the data have been
scraped from the TripAdvisor website. It is recognized as the largest platform with an extensive
repository of reviews (Choi & Mai, 2018). TripAdvisor has high visibility and a comprehensive
mechanism for customer evaluations (Farah & Ramadan, 2020), offering distinct advantages in
terms of both quantity and quality of the reviews. These reviews contain unstructured and
incoherent data that have to be transformed into machine learning language in order to
become an input for our proposed model. The structure of data is organized for every
customer’s review from specific individuals that have stayed in the hotel previously.

Bali island is selected as the case of this study because it has been well known as one of the
main international tourist destinations in Indonesia. In the first quarter of 2024, 45.08%
international tourist visited Bali, while the rest (54.92%) visit other tourist destination in
Indonesia (Badan Pusat Statistik Provinsi Bali, 2024). The tourism industry in Bali is growing
gradually as a result of the growing number of visitors each year. As the tourist sector grows,
so do the different businesses that support it. These include numerous hotels, villas,
restaurants, travel agencies, art stores, and other businesses of a similar nature that are
dispersed over Bali. More than two million tourists visited Bali in 2023-2024, and more than
300,000 foreigners travel to the island every month looking for lodging, hotels, and rental villas
(Badan Pusat Statistik Provinsi Bali, 2024). Hence, Bali is a great start to study hotel market
segmentation from a variety of different backgrounds.

The selected hotel locations are spread throughout Bali and hotel selection based on the
reputation as family-friendly hotel that caters to family travelers. Ten selected hotels must be
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five-star hotels which have at least 2,000 reviews on TripAdvisor webpage. A higher number
of reviews indicates a sign of a hotel's popularity. As a result of greater number of reviews,
the influence of extreme evaluations is reduced, and a center trend may be found with more
reviews (Jeng, 2019). We scraped 1,000 reviews from each hotel and the timeframe of
reviews was limited to the past two years, from 2021 to 2023. It resulted in a total of 10,000
reviews obtained. The data scraped for each review include text review and star rating of
each predefined feature as seen in Figure 2.

A Joseph Mwrote a review Yesterday
-— ns

[ L
5 Star Villa in the Jungle

Words can’t describe how wonderful our villa room was! Huge pool which was heated was
amazing. The whole resort is awesome and super clean. Food was delicious, | loved the chicken
sandwich.

Even better was the service. It was out of this world. Our butler Dewa was unbelievable! He made Text review

sure everything about our stay was perfect

| can't wait to return to this hidden gem in the jungle!
Readless A

Star rating of each predefined
features as numerical review

00000 ouc

©0000 Location

00000 Roons
@0®0®® Cleaniiness

Figure 2. An example of a TripAdvisor review.

2.3. Data preprocessing

Data preprocessing is essential to convert raw data into a refined dataset. The conversion
included checking for missing values, noisy data, and other inconsistencies before executing the
information into the algorithm. The preprocessing phase in this study comprised tokenization,
removal of stop words and special characters, transformation to lowercase, and stemming. An
example of a customer review for each data preprocessing stage is described in Table 1.

Table 1. Description and example of data preprocessing

Steps Description

Example

A step where the text data needs to be
broken down into smaller units, such as
words, for analysis. Tokenization divides text
into meaningful units (Alawadh et al., 2023;

Tokenization .\ & Gunal, 2014).

Before tokenization:
“The whole Resort is awesome and
super clean. | loved Chicken Sandwich.”

After tokenization:
“The" “whole", "Resort”, is"

“awesome”, “and”, “super”, “clean”, ".",
‘I, "loved”, "Chicken”, “Sandwich”, "."

A stop word is a common word like “the”,
“is", and "and” that occur frequently, but
convey little semantic meaning. Removing

stop words can improve the efficiency of text

Stop word . . . .
andps ecial analysis by reducing noise. In addition,
charaSter special character removal is a step where all

special character and punctuation marks
removal

(such as periods, commas, exclamation
marks, emojis, etc) are removed from the
text to simplify it and focus on the words
themselves (Uysal & Gunal, 2014).

Before removal:
“The" “whole", “Resort", “is",

"awesome”, “and”, “super”, “clean”, ".",
“I", "loved”, “Chicken”, “Sandwich”, “."

After removal:

"won "o "won

“Resort”, “awesome”, “super”,
“loved”, “Chicken”, “Sandwich”

clean”,
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Table 1. Description and example of data preprocessing (continued)
Steps Description Example

A step where all letters in the text are Before lower case transformation:
converted to lowercase. This step is “Resort”, “awesome”, “super”, “clean”,
implemented so that the algorithm does “loved”, “Chicken”, “Sandwich”
not treat the same words differently in
different situations (HaCohen-Kerner et al., After lower case transformation:
2020). “resort”, "awesome”, “super”, “clean”,

"loved”, “chicken”, “sandwich”
Stemming involves removing suffixes from  Before stemming:
words to obtain their base form while “resort’, “awesome”, “super”, “clean”,
lemmatization involves converting words “loved”, “chicken”, “sandwich”
Stemming to their morphological base form (Dani et

al.,, 2017; Lee et al., 2018). After stemming:
“resort”, "awesome”, “super”, “clean”,

nou non

"love”, “chicken”, "sandwich”

Lower case
transformation

2.4. Development of term-document matrix

Following the completion of data preprocessing, the term-document matrix is developed by
computing the term frequency-inverse document frequency (TF-IDF) from the text reviews
(Nurcahyawati & Mustaffa, 2023). The importance of a term within a document relative to a
collection of files is measured by TF-IDF, a widely used statistical method in natural language
processing (Wan et al, 2024). The formula for TF-IDF facilitated the computation of these
importance scores, as depicted in Equations 1-3, where t stands for “term” and d stands for
“document”:

number of times t appears in d

THE, d) = total number of tin d M
N

IDF (t) = |Og+_df 2)

TF-IDF (t, d) = TF (t d) - IDF (t) (3)

2.5. Experiment 1: Clustering guest segments using KNN

In the fields of tourism, business, and management, clustering algorithms are primarily
used for: (a) market segmentation, which groups customers and uses targeted
advertisements to attract more audience; (b) market basket analysis, which analyzes sales
to determine which items customers buy together most frequently; and (c) social network
analysis, which uses data to understand browsing behavior and recommends content to
prospective customers. There are other clustering algorithms aside from KNN, for instance
agglomerative clustering, DBSCAN, K-Means, and spectral clustering. However, in this
study we utilized KNN because it has the ability to predict numerical and categorical
variables (Kiyak et al., 2023). The other advantages of KNN include ease of interpretation
and understanding of the results.
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KNN in this study assists in market segmentation by clustering guests/customers with
categorical attributes which are customer reviews scraped from TripAdvisor webpage. By
identifying patterns and grouping based on star rating from predefined attributes and text
customer reviews, KNN enables businesses to target specific customer segments with
tailored marketing strategies (El Koufi et al., 2024; Zhang et al., 2020).

The KNN algorithm served as a well-known pattern recognition method, renowned for
simplicity, clear interpretability, and fast computation. The underlying premise of the
algorithm is that those points with comparable inputs would yield similar results. Initially,
points are grouped into clusters in n-dimensional space based on shared characteristics,
with n input parameters. Subsequently, a new point is selected, and the k points closest to
the chosen points are analyzed to determine the predominant class. Consequently, the new
point is allocated to the corresponding cluster (Hu et al., 2020).

X, 1 new data point
*
L R 4
A *
* R4
* * Category B
. * X
X, K=5 Category A X, + K=3
\ e )
vt X‘ L ot
(b ® @e * A @ : *
5*9*\\/ Category B L — * @ Category B
* X *k
Category A *
N Category A
X, .
g L
X, | L
‘ 2
o €7@ *
x oo @ %o
* * Category B * *oe
* % * * Category B
* X * *
Category A * *
Category A

X, .
X1

Figure 3. An Example of KNN.

Figure 3 shows an example of KNN where k = 3 and k = 5, showcasing instances of new
points and the categorization based on the distances to cluster members. The performance
of KNN is significantly influenced by the value of k. Determining the optimal value of k could
be achieved through heuristic methods, contributing to the development of an efficient
machine-learning model (Galdames, 2008; Mucherino et al, 2009; Papadopoulos &
Manolopoulos, 2005). The following steps outlined the procedure followed by KNN:

1. The value of k is selected for training and testing the data;

2. The Euclidean distance between each point in the testing data and all points in the
training is calculated. The distance values are recorded in a list and sorted subsequently,
resulting in the first k points selected to assign a class to the testing data. The Euclidean
distance is computed as shown in Equation 4, where x and y denote the two points
between which the distance is calculated:
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doxy) = S0 v, — x)° (4)

2.6. Experiment 2: Ranking features according to guests’ preferences using MCDM-VIKOR

In the second experiment, MCDM-VIKOR is applied after identifying the number of guest
segments. MCDM-VIKOR ranks features (value, room, location, and cleanliness) based on
guests’ preferences for specific hotel features in each segment. MCDM-VIKOR is originally
established with a focus on selecting and ranking alternative sets of competing criteria as
described by Siregar et al. (2018) and Yazdani and Graeml (2014). Therefore, market segments
evaluation and selection can be viewed as a MCDM-VIKOR problem in the presence of
quantitative and qualitative criteria. In this study, we used quantitative criteria because the
input of MCDM-VIKOR is specifically numerical review data.

The advantages of MCDM-VIKOR are that it can solve discrete decision problems and
provide a solution that is the closest to the ideal (Faizi et al., 2020). MCDM-VIKOR method
focuses on ranking and selecting from a set of alternatives and determines compromise
solutions for a problem with conflicting criteria, which can help the decision makers to reach a
final decision (Gao & Wei, 2018). The primary function of MCDM-VIKOR s to establish a multi-
criteria ranking index based on a specific metric of proximity to the optimal solution (Opricovic,
2011). MCDM-VIKOR method included a series of steps designed to facilitate MCDM, namely:

1. Decision matrix is constructed by multiplying the attribute’s occurrence and polarity
value to generate keyword vectors, which are subsequently implemented to build

decision matrix, as shown in Equation 5:

w, [Cn G Gy
X=W G G Gy 5)
Wm le ij Cmn

where the i-th and j-th options symbolized W; and Cj; respectively.

2. The attribute occurrence (x) from each criterion is normalized to values between 0 and 1.
Equation 6 shows the stated normalization and the weighting method used to determine
the weight of each criterion (wi). This is subsequently derived through Equation 7, where
nk (d) represent the occurrence values of the k-th criterion:

X = min (x)
X" MaxGd —min( ©
. ny (d) .
SN @ ")

3. The positive (f) and negative (f7) values are calculated using Equation 8:

f; = max f, ;and f, = min; f, ;
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4. The new weighted decision matrix is estimated using Equation 9 to assign the weight
(w)) for a new decision matrix:

Wit~ f;)

/ ©)
fi =Ty

new weighted decision matrix =

The individual regret (R;) and group utility (S;) values are calculated. The S; and R; are
determined using Equations 10 and 11 respectively, where w; represents the weight of the
criterion:

w; (= f;)
= XL (10)
fi =1
w (f - f)
R; = max [#] (1
J'l

5. The index value (Q)) is estimated by calculating Equation 12, where S" and S" represent
the highest and lowest values, R* and R" signify the maximum and minimum values, while
Riand v are the index weight values:

*.

Q-vf=5|+a-n [ 12

s—s R—R

6. The preference is ranked based on the obtained result. A lower quality corresponds to a
higher index value (Q;) and vice versa.

3. Results and discussion

In this section, the results of the proposed model are divided into two parts: (1) clustering
guest segments using KNN and (2) ranking features according to guests’ preferences using
MCDM-VIKOR. The first part highlights hotel features that guests frequently mention. The
second part focuses on gaining a deeper understanding of guest preferences and then
ranking those hotel features.

3.1. Clustering guest segments using KNN

This study incorporated text reviews as supplementary information along with numerical
reviews to enhance the explainability from each segment. Both text and numerical reviews
are the input of the proposed model. At the first experiment, it resulted in the formation of
eight clusters, which means there are eight distinct guest segments. Figure 4 shows the
distinction among those eight segments, for instance, Segment A shows that the guests
often mention the "huge pool” and “plantation” in their reviews, while Segment D discusses
the availability of “animal/mini zoo” and “plantation” during their stay. Details about the
eight guest segments from Segment A to Segment H can be seen in Figure 4. This study
further shows the importance of some facilities mentioned by the guests through text review
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left on TripAdvisor website. Later, this analysis provides valuable insights for hotels actively
engaged in family-friendly programs to develop more effective marketing strategies based

on the key elements that appeal to each segment’s guests.
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Figure 4. The frequency of keywords in text reviews on each segment.
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Guest segmentation is commonly recommended for marketing purposes, as serving
guests with widely disparate wants, tastes, and aspirations can be challenging for
businesses operating in a competitive marketplace (Hsu et al., 2012). In the travel and
tourism industry, clustering methods are increasingly recognized as essential tools for
developing appropriate policies in response to the diverse array of services, goods, and
guests’ preferences (Frochot & Morrison, 2000). Segmentation strategies have been
applied to various aspects of guests’ behavior and products/services benefits, including
products and services, guests’ spending behavior, pricing strategies, and tourism activities
(Costa, 2013; Frochot, 2005; Guo et al., 2013; Legohérel & Wong, 2006; Rid et al., 2014).

Most studies use predetermined and fixed clusters incorporating empirical methods
(Eusébio et al., 2017; Georgiadis & Tang, 2014; Rid et al.,, 2014). Despite TripAdvisor being a
reputable source of travel information, there has been limited research on patterns within
sizable datasets extracted from the websites using clustering methods. This study shows that
from text reviews, we can extract important information about guests’ opinions during their
stay at the hotel and highlight their impression about certain facilities at the hotel. Other
than that, the study also successfully clustered the guests based on their text reviews.

3.2. Ranking features based on guests’ preferences using MCDM-VIKOR

MCDM-VIKOR is used to rank the features after implementing KNN to cluster the guests
into eight segments, facilitating a deeper understanding of guests’ preferences per segment.
The four features provided on the platform are considered as predefined features because
the feature is embedded in the platform without guests having to write a review text. Since
these features are available on the platform, the guests convey their satisfaction in the form
of numerical reviews or commonly known as star rating. Later, these numerical reviews are
used as an input to MCDM-VIKOR. Figure 5 shows the ranking of the features on each
segment. It indicates that each segment has its own preference when selecting family-
friendly hotels.
In detail, the guests from each segment are described as follows:

e Segment A: Guests in the hotels within this segment prioritized rooms as the
second most important attribute for family-friendly hotels after cleanliness. This
segment also considered a huge pool, plantation, and animal/mini zoo as
supporting facilities, as shown in Figure 5A;

e Segment B: Cleanliness and value are considered the most significant features in
the cluster, surpassing location and rooms. Guests rated a huge pool, private beach,
and kids club as important facilities, as seen in Figure 5B;

e Segment C: Similar to Segment B, cleanliness and value took precedence in the
segment, as shown in Figure 5C. It shows guests suggesting that family-friendly hotels
should provide a plantation, a huge pool, and an animal/mini zoo as main attractions;

e  Segment D: Cleanliness and rooms received higher ratings than value and location in
this cluster, as presented in Figure 5D. It showed that guests from the cluster
advocated for mandatory animal/mini zoo and plantation facilities in family-friendly
hotels;

e Segment E: This segment appreciates cleanliness and value above rooms and location
as key features, as depicted in Figure 5E. Guests also view the availability of
animal/mini zoo and kids club as supporting facilities in family-friendly hotels;
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e Segment F: Cleanliness and rooms are identified as major features of family-friendly
hotels in the cluster, as seen in Figure 5F. Many guests believe that plantations should
be available in family-friendly hotels, as depicted in Figure 5F;

e Segment G: Figure 5G shows that this segment highly rates value and cleanliness as

major features. This segment is the only segment that ranks value over cleanliness

unlike the rest of the segments. Guests expected a huge pool and transportation
availability in family-friendly hotels to enhance facilities as shown in Figure 5G; and

Segment H: Cleanliness and rooms are considered major features, as shown in Figure

5H, with additional importance placed on the availability of the kids club and

animal/mini zoo in the hotels.

In general, Figure 5 shows that “cleanliness” is reflected as a significant consideration
among other features in seven of eight segments. Also, it implies that most guests that
specifically choose family-friendly hotels are aware of the cleaning process of the hotel.
Consequently, family-friendly hotels are recommended to prioritize housekeeping tasks and
incorporate amenities that guests value.

Surprisingly, “location” is considered the least significant attribute by five out of eight
segments as seen in Figure 5, despite the fact that strategic proximity to places of interest,
such as city centers or tourist attractions, is a key element for many travelers. Previously, a
study by Lin (2020) reported that family guests usually travel by their own cars. It might be
the reason why “location” is not a concern for family guests.

Overall, hotel managers can address concerns related to low-ranked features in each
segment by considering both short- and long-term strategic objectives. The proposed model has
the potential to increase the number of positive reviews, reduce negative reviews from
dissatisfied guests, and eventually improve competitive standing within the industry. Furthermore,
positive reviews influence potential guests to decide which hotels are suitable for family travelers.

5. Conclusion

To sum up, this study identified eight guest segments based on text reviews using KNN and
later guests’ preferences of each segment are ranked based on numerical review using the
MCDM-VIKOR. Seven of eight segments identified “cleanliness” as the most important
attributes/features for hotel guests. It implies that the guests care about “cleanliness” over
"value”, “location”, and “rooms” when deciding which family-friendly hotels to stay at.
Additionally, we also adopted a text mining method to identify recurring terms in guests’
reviews. The recurring terms from review texts help hotels to understand what other factors
guests consider when choosing family-friendly hotels.

The contribution of this paper is to design an improved customer segmentation system
of platform based on the KNN and MCDM-VIKOR model. On this basis, KNN is used to
further subdivide the guest segments of the platform, and precise marketing strategies of
the platform are formulated according to the segmentation results of the guest segments. In
addition, this paper studies marketing strategies of e-commerce platforms from the
perspective of precision marketing, and relevant studies have not been involved before.

While contributing to the field, this study also encountered several limitations that
needed consideration. The case study focused solely on hotels in Bali, Indonesia, limiting the
generalizability of the results. Conducting similar studies in comparable nations could yield
more comprehensive and conclusive results regarding the clustering and behavior of guests.

224



Ervianty, R. M., et al.: Clustering Family-Friendly Hotels’ Guests . . .
J. Geogr. Inst. Cvijic. 2024, 74(2), pp. 213-227

Furthermore, this study only used the MCDM-VIKOR method to rank features of hotels
within each cluster. Qualitative and quantitative methods are recommended for future
studies to explore the factors influencing guests’ preferences within each segment.

The first implication of this study is decision-making method-based market
segmentation utilizing KNN and MCDM-VIKOR which are systematic and transparent
approaches to decision-making. It helps marketing managers to make more informed and
objective choices. Second, the integration of cutting-edge technologies holds promise for
further enhancing the effectiveness and efficiency of decision-making processes in the
dynamic landscape of tourism, business, and management.
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