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Abstract:

The personalization of products and services has received considerable
attention due to the proliferation of technology and marketing information
systems and the growth of interest in one-to-one marketing. This study
explores the hwcury hotel personalization outcomes of lifestvle congruence,
lovalty, and willingness to pay more (WIPM). By emploving both
structural egquation modeling (SEM) and wmachine learming (ML),
aexplanatory and predictive models are created. SHAP, an explainable Al
method, is used alongside various machine learning methods to twrn their
"Black box" nature into a "glass bex" by illuminating the feature
importance of each variable. The relationship between parsomnalization
and WIPM was found to be stronger for males and Gen Xers. The serial
mediating role of lifestvle congruence and lovalty was alse significant in
the relationship between personalization and WIPM The study results
indicate a congruence between the explanatory and predictive models
regarding the hierarchical significance of the variables - personalization,
lovalty, and lifestyle congruence - in determining the willingness to pay
more. Both models consistently rank the importance of these variables in
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the same ovder, thereby affirming their robustess in explaining awd
predicting willingness to pay more.
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Introduction

Marketers are increasingly adopting personalized marketing strategies
in a dynamic and competitive market to enhance customer service and gamn
a competitive edge. The personalization of products and services has
received considerable attention due to the growth of interest in one-to-one
marketing and has been studied 1n various fields and disciplines, such as
consumer behavior and marketing. management, computer science, and
information systems_ toname a few (Ball et al | 2006; Kwon & Kim_2012).
Personalization is company-initiated and offered by firms based on
collected customer data to decide the most suitable marketing mix for an
individual customer (Desai. 2016; Kwon & Kim. 2012; Indeed Editorial
Team, 2023).

Chandra et al. (2022) conducted a bibliometric study through a
comprehensive review of 383 publications. One of the major knowledge
gaps identified was exploring personalized marketing i  offline
environments, as most studies have been conducted in the online context.
They also recommended that future research mmvestigates personalized
marketing practices across various cultural contexts, generational groups,
and product categories to identify potential areas of convergence for
personalized marketing strategies.

Crafting experiences based on individual preferences has become an
essential element of luxury travel. While practitioners and scholars
acknowledge the potential effectiveness of personalization as a
management tool, the hotel industry has vet to explore this area. Hotel
companies now have a greater ability to personalize their offerings. In
luxury hotels, this could include personalized greetings. room amenities,
concierge services, dining options, pricing, and even recreational activities
(Thomell, 2022). Also, the proliferation of hotel brands and intense
competition calls for a greater understanding of the outcomes of
personalization and how 1t drives lovalty and willingness to pay more
(WTPM hereafter). [
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As suggested by Dawn (2014) and Chandra et al. (2022),_ there 15 a
significant gap in our understanding of the role of personalization n
achieving customer loyalty and strengthening service relationships. The
expected positive outcomes of personalization are assumed rather than
empirically studied and validated. This paper argues that personalization
influences willingness to pay more through several routes (brand lifestyle
congruity and lovalty). The study develops a model and empinically
investigates the nature of relationships among four constructs_ percerved
personalization, brand-lifestyle congruence, loyalty, and WTPM, to
delineate the path from personalization to WIPM 1n a model. This study
contributes to general and hospitality marketing literature in the following
ways: First, while using income as a control variable, this research reveals
the pivotal role of perceived personalization in developing and improving
a willingness to pay more directly and via mediating variables of lifestyle
congruence and behavioral loyalty. Second, 1t proposes and empirically
tests a model involving psychological paths from personalization to
WTPM for luxury hotels and provides initial empirical evidence for the
impact of perceived personalization on lifestyle congruence, lovalty, and
WTPM. This makes 1t possible to examine the mediation, the
interrelationships among the outcomes,_ and the direct and indirect effects
of personalization on those focal outcomes to understand personalization's
efficacy better. Third, the model incorporates gender and generational
cohorts (Gen Y and Gen X) as moderating variables to assess their impact
on the relationship between personalization and WTPM. Finally, the study
utilizes both explanation and prediction tools to test the model: structural
equation modeling (CB-5EM) and multiple machine leaming algorithms.

Literature Review

The concept of personalization 1s fundamental to marketing; however,
it 15 also multidisciplinary and has been studied across fields and
disciplines across management, computer science, decision science,
information systems (IS), and psychology (Chandra et al | 2022). Drawing
on relationship marketing theorv, a model of personalization outcomes was
developed including hypothesized relationships and moderating and
control variables based on a thorough review of literature in consumer
behavior, marketing, psychology. computer science, and hospatality
(Mehmood, Verleye, De Keyser, & Larviere, 2022; Le1, Chan, Tang & Ye,
2022; Sarkar et al . 2021; Pérez-Troncoso, Epstein & Castafieda-Garcia,
2021: Li. 2016; Morosan & DeFranco, 2016; Alnawas & Altanifi. 2016;
Dawn. 2014; Kuo and Cranage_ 2012; L1, L1 & Kambele_ 2012, Kwon &
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Kim_2012; Srinivasan et al . 2002; Kuo & Cranage, 2012; Pérez-Troncoso,
Epstein, & Castafieda-Garcia, 2021).

Figure 1. Conceptual Model
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A conceptual framework of personalization offered by Vesanen (2007)
proposed that the benefits of personalization for a company would mnclude
a higher price paid by customers for products/services, customer loyalty,
customer  satisfaction, and  differentiation from  competitors.
Personalization has great potential to develop intimate customer
relationships and 1s associated with attitude and behavior (Mehmood,
Verleve, De Keyser, & Lariviére, 2022). Li (2016) empirically
demonstrated that perceived personalization, instead of actual
personalization, 1s the underlying psyvchological mechanism of message
effectiveness. Perceived personalization was found to have a significant
and posttive effect on attitudes_ purchase intention. or behavioral intention
(Lei, Chan, Tang & Ye, 2022; L1, 2016). Smink et al. (2020) studied the
impact of perceived personalization on product and brand responses and
found it leads to more positive attitudinal and behavioral outcomes. Brand-
lifestvle or identity congruence refers to the extent to which the brand
matches the consumer's lifestyle or the degree of overlap between a
consumer's self-identity and the retailer's brand identity (Nam. Ekinci &
Whyatt, 2011; Roggeveen etal . 2021). Personalized customer experience
was believed to generate strong affective relationships between the
customer and company and increase loyalty and purchasing behavior
(Monk & Blom. 2007; Liang etal , 2012; Baloglu & Bai, 2023).
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Consumers' WTPM is defined as the maximum price a buyer is willing
to pay for a given quantity of a good (Kuo & Cranage, 2012). Sarkar et al.
(2021) examined how self-brand connection leads to consumer willingness
to pay a premium (WPP) through the mediation of brand attitudes. The
findings showed a strong positive indirect effect of self-brand connection
on WPP. However, the study has not investigated the direct effect of the
self-brand connection on WPP. The conceptual framework developed by
Roggeveen et al. (2021) suggested that brand congruence leads to positive
outcomes such as increased customer engagement, brand loyalty, and
higher willingness to pay.

The fundamental goal of personalization is to increase customer
retention and profitability. Kwon and Kim (2012) mvestigated the effects
of personalization on customer satisfaction and lovalty and found that the
optimal level of personalization increases customer loyalty and retention.
Morosan and DeFranco (2016) found that the perceived personalization of
hotel apps positively influences behavioral intentions toward using them.
Srinivasan et al. (2002) examined the antecedents and consequences of
customer loyalty 1n an e-commerce setting and found that personalization
15 a significant antecedent of e-lovalty and revealed that e-lovalty
significantly and indirectly influences WTPM. However, they did not
investigate the direct impact of personalization on WTPM.

Pérez-Troncoso et al. (2021) found that personalization had varying
impacts on WTPM for different segments. A similar call has been made by
Chandra et al. (2022). Kuo and Cranage (2012} found a significant gender
effect that males are more likely to pay more for personalized products
under the extensive choice varety. According to a Bain & Company study,
Gen X consumers make up a significant portion of global luxury spending
for travel and entertamnment. Millenmals and Gen Xers value
personalization, but Gen Xers have significant buving power and
disposable ihcome, and they spend more on luxury brands and trips
globally than any other age group. (D'Arpizio, et al _2023; Degn_ 2024).
Therefore, gender and generational cohorts were proposed to moderate the
relationship between personalization and WTPM.

Methodology

A survey guestionnaire composed of scales used by other studies and
demographic questions was developed and sent to a Qualtrics Panel
Personalization was measured using six ttems adapted from Ball et al
{2006) and Nath and Mukherjee (2012), lifestyle congruence using three
items (Nam et al., 2011). loyalty using five stems (Hwangetal . 2019), and
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WTPM using four items (Netemever etal . 2004). All ttems were measured
on a /-pomnt Likert scale. The study's target demographic 1s Americans
aged 25 to 54 who have recently staved at a luxury hotel in the United
States. This age range was chosen because it represents around 75% of U S.
tourists (Peter, 2019), and Millennials will soon overtake Baby Boomers

as the major generational market category for hotels (Bowen & McCain,
2015).

The sample size for 4 constructs, 17 observed variables, medium effect
size, 080 mimmum power level, and 0.05 probability level resulted 1 91-
137 respondents. Considering the moderation and 10 respondents per
observed variable, data were collected from 220 respondents. The sample
size also met the minimum requirements of 5 respondents per parameter to
be estimated (NPAR=42) (Soper, 2024; Hair et al, 2010; Kline, 2011).

Procedural guidelines and practices (Podsakoff et al., 2003; Podsakoff
et al, 2012; Min et al _ 2016) to reduce common method bias were used
before data collection. To assess the common method bias statistically,
Harman's single construct test, confirmatory factor analyses of competing
models - hypothesized four-factor model and one-factor model - were used
(Korsgaard & Foberson. 1995; Podsakoff et al. . 2012; Serrano et al | 2018).
The hypothesized model significantly fit the data better than the model
including all mems loading on one latent construct (Normed 32
(x2/df)=337 (6288, 117 df); CFI=78; TLI=74; RMSEA=0.13).
Moreover, the chi-square statistics between the two tmodels were
statistically significant (Ay2 = 389.6, di=6. p < .00001), which provided
some support that common method vaniance is not a serious issue in this
study.

The bias-corrected bootstrapping method available through AMOS 27
based on 3000 bootstrap samples was used for mediation analyses. The
study also performed 500 randomized permutation tests to show whether
an equivalent of a better-fitting model could be found. The probability was
0.0002 (1/500) to get a model as good as the proposed.

A novel SEM-machine learming approach was used in this study and
closely follows the methodology of Zobair et al. (2021). where the authors
utilized structural equation modeling (SEM), machine learning (ML), and
LIME (an Explainable Al method similar to SHAP)}. Structural equation
modeling tests mediation, moderation. and indirect effects of latent
constructs and 1s intended to provide explanations. Machine learning is
used to showcase the model's predictive power and model non-linear
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relationships as ML incorporates black-box algorithms (Sharma et al |
2021) that do not have the mnterpretability of SEM. SHapley Additive
exPlanations (SHAP) enables more interpretability for machine learmning
methods by showing both local and global feature importance (Liu et al_,
2023). Leo Breunan (2001), one of the pioneers of the Random Forest
algorithm_ discussed two cultures of statistical modeling, the "data
modeling” and "algorithmic modeling” cultures, where the data modeling
culture essentially focuses on knowledge creation through theory-guided
data analysis (e g., inferential statistics), while the algorithmic modeling
culture focuses on solving specific problems through pure prediction (e g,
ML). Later, a third culture termed the "hybrid modeling culture” was
introduced by Daoud and Dubhashi (2023), who advocated combining
predictive and inferential statistics. Furthermore, machine learning can be
used on survey data (Buskirk etal . 2018; Kem etal , 2019) and 1s not only
reserved for "Big Data " Additionally, it has been argued that methods
prominent in psychology (1.e.. social sciences) should focus on ML instead

of traditional methods to promote psychology as more of a predictive
science (Yarkoni & Westfall, 2017).

Various scholars in the social sciences have realized the importance of
both explanation and prediction through hybrid methods such as SEM-
ANN. which combines the explanatory power of SEM with the predictive
power of artificial neural networks (ANN), an ML method. Papers using
SEM-ANN have been recently published in hospitality journals (e g, Xia
& Zhang, 2022; Chen et al, 2023) and general business journals (e g, Lee
et al, 2020), showcasing the relevance of this type of dichotomous
methodology. However, one flaw of the SEM-ANN method is that it only
incorporates one tvpe of ML algorithm, which is the ANN. This is
problematic due to the "No-Free-Lunch-Theorem” introduced by Wolpert
and Macready (1997), which essentially posits that there 1s no guarantee
that one ML method will outperform the others due to each dataset and
method having its own inherent biases. This 15 why Martinez-Torres and
Toral (2019) utilized multiple ML classifiers regarding deceptive hotel
reviews in their study. Accordingly, an SEM-ML method will be used as
this research aims to establish an empirical model with both explanatory
and predictive power. The performance of classical ML regression
methods, such as support vector machines, random forests, boosted trees,
and neural networks_ will be compared.

Results

af



m International Marketing Jourmal of Cubture and Tourism ANUICT ) August 2025 1 lsslie No. (8)

Most respondents are Caucasian (84%), have Bachelor's Degrees (33%),
have a household income between $100K and $150K (30%), are married
(71%), and are company-emploved (77%).

The measurement model involving 4 latent constructs and 17 variables
produced a moderate model fit based on the initial Confirmatory Factor
Analysis (CFA) (Normed 2 (y2/df)=2.61 (2949, 129 df); CFI=.90;
TLI=88; RMSEA=1093). After closely examining modification mdices
and standardized factor weights, two modifications were made to improve
the model fit and enhance the reliability and validity of the measurement
model. First, an error correlation was added between two ttems of loyalty
"l say positive things about this hotel to other people” and "I would
recommend this hotel to someone who seeks my advice." As both items
were related to word-of-mouth behavior, it was deemed justifiable on
conceptual grounds. Second, an error correlation was added to the items
"If 1 changed hotels, I wouldn't obtain products and services as
personalized as I have now" and "The hotel offers products and services
that I could not find in another hotel.” Those two items were related to
comparative or switching costs for personalized services. After the
modifications, the model showed significantly improved fit measures
(Nommed 2 (x2/df)=2.15 (2391, 111 df); CFI=94; TLI=93;
RMSEA=.075).

Table 1. Measurement model: Factor loadings, mean and standard deviation

Model Vanables Factor  Mean Std.
loading Dev.
Personalization (CR=0.86; AVE=0.51) 5.02 159

If I changed hotels. I wouldn't obtamn products ¢ g4
and services as personalized as [ have now.
The hotel offers products and services that I

could 0.59
not find 1 another hotel.

Being a regular guest, the hotel offers me
special 0.72
treatment.

The hotel sends me greeting cards orgifison g 75
special occasions.

The hotel sometimes offers services to me that g 47
thev do not offer to other guests.
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The hotel provides customized (g2
products/services to meet my needs.

Lifestyle Congruence (CR=0.92; AVE=0.80) 540 122
This hotel reflects my personal lifestyle. 0.89

This hotel 15 totally 1n line with my lifestyle. 092

Staying in this hotel supports my lifestyle. 0.86

Loyalty (CR=0.88; AVE=0.59) 4.644 1.62
I say positive things about this hotel to other 75

people.

I would recommend this hotel to someone who g g9
seeks my advice.
I encourage my friends to visit this hotel. 0.78

I consider this hotel to be my first choice n (g4
lodging accommodation.
I mtend to visit thus hotel more often mn the 79
future.
Willingness to Pay More (WTPM) (CR=0.85; 5 88 139
AVE=( 68)
I am willing to pay a higher price for this hotel  gg
than for other hotels.
I am willing to pay a lot more for this hotel
iz 087
other hotels.
I am willing to pay _ % more for this hotel 5 g7
over other hotels*.
Note: The ttems were measured on a 7-point Likert scale, 1 being "Strongly

Disagree” and 7 being "Strongly Apgree” except for the WTPM item denoted by

"#" where the scale used 7 pomnts ranging from 0% to 30% or more, 5% intervals.

The measures of convergent and discriminant validity were satisfactory
based on composite reliability coefficients and validity properties. and
heterotrait-monotrait (HTMT) ratio of correlations (Fornell & Larcker,
1981; Hair et al | 2010; Henseler, Ringle & Sarstedt, 2015).

Table 2: Reliability and validity results
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__Iyiodﬂl - CR P IC L WITPM
Personalization 837 709

Lifestyle 922 687 _893

Congruency

Lovalty 880 708 768 770
Willingness to 851 693 656 672 811
Pay

The Heterotrait- P LC L WIPM
Monotrait

Personalization

Lifestyle 698

Congruency

Lovalty 6RO 7490

Willingness to 11 646 621

Pay

Note: CR -=compn site ;’EILﬂbﬂih T_I.:Le‘aiagonial values are the square root of the average
variance extracted (AVE) value. The values below the diagonal are correlations {(all p <
0.001), which all are lower than their associated AVE value(s).

The results fully supported the hypotheses proposed in the
study. The SEM model, while controlling income for all
variables in the model, presented good fit indices (normed 32 =
2.07; CF1=0.94; TLI=0.93; RMSEA =0.072; SRMR = 0.055).
Standardized regression weights showed that personalization
had positive impacts on lifestyle congruency (.64, p < .001),
loyalty (.34, p<.001), and WTPM (.35, p<.001). Lifestyle
congruency was positively affecting loyalty (.53, p<.001) and
WTPM (.19, p<.05). Finally. loyalty was also positively related
to WTPM (.24, p<0.05).

The findings demonstrate that personalization is the most influential
vaniable on both lovalty intentions and WTPM. Bias-corrected
bootstrapping methods based on 5000 bootstrap samples indicated that,
after considering the indirect effects. personalization influenced lovalty
intentions more strongly than lifestyle congruence, creating a domino
effect in the model as well as total effects on WIPM through lifestyle
congruence and lovalty intentions.

The study assessed the mediating roles of lifestyle. congruence and
lovalty in the relationship between personalization and WTPM. including
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serial mediation (Table 3). The serial mediation was significant at a 0.03
probability level Lifestyle congruence was a partial mediator between
personalization and loyalty but not between personalization and WTPM.
Lovalty was a partial mediator between lifestvle congruence and WTPM,
as well as personalization and WTPM.
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Table 3: Mediation Analysis

Belationship Biaz-Corrected
Direct Indirect Confidence Interval
Effect Effect P- Conclosion
value
Lower Upper
_Bound  Bound -
P>LC>L 320 a7 175 396 001 LC iz a2
(0.001) partial
mediator
LC>L>WIFM 214 141 A0 276 0044 L iz a parhial
(0.034) mediator
P3LEC3WIPM 307 178 -018 384 0065 LC i1z not a
(0.001 mediator
P>L>WTMP 2507 118 016 272 0033 L iz a partial
(0.001) mediator
P2LC2L2>WT 307 120 007 297 0.042 Senal
MnP (0.001) mediation

Note: P=Personality; LC=Lifestyle Congmuence; L=Loyalty; Willingness to Pay
More="WTPM. The coefficients are unstandardized.

The moderating effect of gender on the relationship between
personalization and WTPM was significant at a 0.01 probability level. The
relationship was significantly stronger for males (_94) than females ((03).
The moderating effect of generation was also significant (p=0.01). The
path coefficient from personalization and WTPM was stronger for
Generation X (.90) than for Millennials (.15).

The studyv evaluated the performance of various machine learning
models using a leave-one-out cross-validation method. This technique 13
particularly nigorous as it involves using a single observation from the
original sample as the validation data and the remaining observations as
the tramning data. This process is repeated so that each observation in the
sample 15 used once as validation data. The machine learning models used
in this study are Random Forest, Neural Network, AdaBoost, kNN (k-
Nearest Neighbors), XGBoost (Extreme Gradient Boosting), and SVM
(Support Vector Machine).

The performance of the models was measured using five different
metrics: Mean Squared Error (MSE), Root Mean Squared Error (RMSE),
Mean Absolute Error (MAE). Mean Absolute Percentage Error (MAPE).
and the coefficient of determination (R?). The results show that SVM was
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the most robust model as 1t has the lowest MSE (1.238), EMSE (1.113),
MAE (0.892), and MAPE (0.283). along with the highest R* (0.391) (Table
4). This study's order from best to worst performing machine learning
methods are SVM, neural network, kNN, Fandom Forest. XGBoost, and
AdaBoost.

Table 4. Machine Learning Performance by Method

Method MSE RMSE MAE MAPE R®
Random 1.4359 1.208 0.962 0.2%1 0.282
Forest

MNenral 1.337 1.156 0.931 0287 0342
Network

AdaBoost 1.737 1.318 1.029 0.307 0.145
KNI 1369 1.170 0.935 0297 0327
XGBoost 1.656 1287 1.020 0306 0183
SVM 1.238 1.113 0.892 0.283 0.391

SHAP values were utilized to understand the impact of various features
on the predictive model's output (Table 5). Feature importance was
measured based on the R? score. with a permutation of 5 to account for
random error. Regarding feature importance_ personalization showed the
highest impact on the R® score. suggesting it is the most significant
predictor in the model. Lovalty also demonstrated substantial influence,
followed by lifestyle congmence. Income and gender. while still important,
had a relatively lower impact than the other features.

The results show congruency between explanation (SEM) and
prediction (ML) regarding the direct effects between the independent
vanables personalization, lifestyle congruence, and lovalty with the
dependent variable willingness to pay more. The beta coefficients of the
SEM model and the SHAP feature importance means are ranked the same
{personalization ranked the highest, loyalty ranked 1n the middle, and
lifestvle congruence ranked the lowest).
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Table 5. Global Feature Importance of SVM Using SHAP

Feature Mean
Personalization 0.35
Loyalty 0.18
Lifestyle Congruence 013
Gender 0.11
Generation 0.0g
Income 0.07

Discussion and Conclusion

The hotel industry continually seeks ways to enhance the guest
experience and lovalty. Personalization 15 one way to accomplish this, and
it will help hotels cultivate more meaningful relationships with guests,
boost their lovalty, and increase revenue. Hoteliers are interested in the
impact of personalization on customer-brand relationships, the bottom line,
and how it influences focal marketing variables. Our present research
investigates the interrelationships between personalization, lifestyle
congruence, behavioral loyalty, and willingness to pay more 1n a luxury
hotel context. The study provides insights for hotel managers' empirical
support and implications for the efficacy of personalization for customer
lovalty and willingness to spend more for hotel offerings. Hotels providing
personalized offerings are more likely to be rewarded with higher
behavioral loyalty and increased customer spending. Hotel managers can
use personalization as an actionable and controllable element to increase

lovalty and profitability.

The results elucidate that personalization influences willingness to pay
more directly and indirectly through lifestyvle congruence and behavioral
loyalty intention. Personalization had a significant impact on all outcome
vanables mncluded in the study. The study contributes to the existing body
of knowledge by revealing potential outcomes of percerved
personalization and psyvchological path to WTPM and revealing that the
effect of personalization on WIPM is mediated by lifestvle congruence
and behavioral lovalty (serial mediation and/or partial mediation) In
addtion, it reveals some key moderators, such as gender and generational
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cohorts, affecting the personalization and WTPM relationships for luxury
hotels.

The findings offer several practical implications for luxurv hotel
practitioners aiming to enhance customer lovalty, align with guests
lifestyles, and increase theirr willingness to pay more (WIPM).
Personalization may not be for evervbody, and certain demographic groups
would value it more than others. Qur study found a stronger relationship
between personalization WIPM for males and the Generation X cohort.
5o, hotels that consider personalization must begin with the guest type.
Hotels could target critical demographics and develop marketing
campaigns and personalized offerings that specifically appeal to these
demographics. By focusing on personalized services mn line with guests'
lifestyles and lovalty enhancement, hotels could ensure that the hotel's
brand and services reflect the target clientele's personal lifestyles, as they
directly impacted WTPM. Hotels should leverage guest data and utilize
customer relationship management (CEM) systems to collect and analyze
guest preferences, enabling more accurate personalization and establishing

metrics to evaluate the effectiveness of personalization strategies on
loyalty and WTPM.

Luxury hotel managers would integrate personalization into their core
business strategies, leveraging technology and data analytics to
significantly enhance guests’ willingness to pay more for improved
profitability. Artificial intelligence (Al) and machine learning (ML) are
becoming increasingly wvital in marketing strategies, enabling more
effective targeting and personalization efforts. These technologies can
uncover hidden patterns and customer segments, or even at the individual
level, 1n personalization data and accurately predict future behaviors.
Moreover, Al-powered chatbots and virtual assistants are being utilized to
interact with guests_ offering personalized recommendations and support
based on indirvidual preferences and past interactions, including
customized room amenities, tailored concierge services, and
individualized dining options and recreational activities.

Future research can examine hotel personalization practices across
cultures, micro-segments, and other hotel classes. Specifically, different
levels of personalization can be studied using an expersmental design to
compare the different levels of personalization on focal cutcomes.

65



0 International Marketing Jourmal of Cubture and Tourism ANUICT ) Algust 2025 I E_!IJENG. (8}

References

Alnawas, I, & Altanfi, S. (2016). Exploring the role of brand identification and
brand love i generating higher levels of brand loyalty. Joumal of
Wacation Marketing_ 22(2), 111-128.
https://doi.org/10 1177/13367667 13604663

Ball, D, Coelho, P. 5. & Vilares, M. J. (2006). Service personalization and
lmalh Journal of Services Marketing, 20(6), 391-403.
hitps /idoi org/10. 1 108/088760406106912

Baloglu, D, & Bai, B. [20’*3) Developing relatmnal bonds with luxury hotel
g‘uests through personalization: A subgroup analysis of geﬂeratmnal
cohorts. International Journal of Hospitality & Tourism Admimistration,
24(3), 358-386. hitps.//doi.org/10.1080/15256480.2021. 1958880

Bowen I T. & McCamn, 5. C. (2015). Transttioning lovalty programs — A
commentary on "the relationship between customer loyalty and customer
satisfaction " International Joumal of Contemporary Hospitality
Management, 27(3), 415-430. hiins //doi org/10. 1108 TTCHM-072014-
0368

Breiman L_(2001). Statistical modeling: The two cultures (with comments and
a rejoinder by the author). Statistical Science, 16(3), 199231
https:/idot.org/10.1214/55/ 1009213726

Buskuk T.D., Kirchner, A Eck A & Signonino, C. 5. (2018). An mtroduction
to machine learming methods for survey researchers. Survey Practice,
11(1), 1-10. Aups 'dei org/10 291 15/5P-2018-0004

Chandra, S, Verma, S, Lim, W., Kumar, S, & Donthu. N (2022)
Personalization in personalized marketing: Trends and ways forward.
Psychology & Marketing 39(R). 1529-1562.
https:/idot.org/10.1002/mar 21670

Chen, Y. Hu, Y, Zhou, 5., & Yang, 5_(2023). Investigating the determunants of
performance of artificial intelligence adoption in hospitality industry
during COVID-19. International Journal of Cnntempmm Hospatality
"'..-Ia11;11!1.311111*‘.‘thb 35(8), 2868-2889. hups /'doiorg/10 1108/ LICHM-04-

2022-0433
Daoud, A & Dubhashi. D. (2023). Statistical modeling: The three cultures.
Harvard Data Science Review, 5(1).

AT

hittps /doi.org/10 1162/00608102 80ftfesd
D'Arpizio, C., Levato, F., Prete, F. & Montgolfier, J. (2023), Renaissance
unceﬁa.mtj, me:}f builds on s rebnuﬂd Iaﬂuar} 17, 2023,

L 1:11 '"J‘.i‘ ﬂ.r-'i ri"-T!G'-'!'I SRS SaANce-T-LHCeTTal ?".—:..ﬂ LV

Dawn, S {ECI 14} Persnnahsedmarketmz Concepts and framework. Productivity
(New Delhi), 54(4), 370.

Degn, E. 1. (2024). Globally, Gen X spending more on lusxmury trips than any other
age group: McKinsey. Luxury Daly, Jume 4 2024

66



0 International Marketing Jourmal of Cubture and Tourism ANUICT ) Algust 2025 I E_!IJENG. (8}

hitps_//www heaoydaily. com/globally-gen-x-spending-more-on-lwagy-
trips-than-anyv-other-age-group-mekinsey/

Desai, D. (2016). A study of personalization effect on users' satisfaction with e-
commerce websites. Sankalpa_ 6(2). 51-62.

Fomell, C, & Larcker, D. F. (1981). Structural eguation models with
unobservable vaniables and measurement error: Algebra and statistics.
Joumal of Marketing Research 18, 382-388.
https://doi.org/10.1177/002224378101800313

Hair, JF_ Black, W.C_  Bahin, B J and Anderson. R E. (2010) Multivanate Data
Amnalysis. 7th Edition, Pearson. New York.

Henseler, J._ Ringle. C. M _ and Sarstedt, M. (2015). A new criterion for assessing
discriminant validity in variance-based structural equation modeling,
Jourmnal of the Academy of Marketing Science, 43(1) 115-133.
https://doi.org/10.1007/511747-014-0403-8

Hwang, E., Baloglu, 5., & Tanford, 5. (2019). Building loyalty through reward
programs: The influence of perceptions of fatrness and brand attachment.
International Journal of Hospitality Management, 76, 19-28.
https /idoi ore/I0 1016/7 ifhm 2018 03 009

Indeed Editorial Team (2023). Customization vs. personalization: What's the
difference?, Febmary 3. from haps www indeed com/caresr-
advice/career-development/customization-vs-personalization.

Kern, C. Klausch. T., & Kreuter, F. (2019). Tree-based machine learning
methods for survey research. Survey Research Methods, 13(1), 73-93.

Eline, R B. (2011). Principles and practice of structural equation modeling. 3rd
Ed. The Guilford Press. New York.

Eorsgaard, M. A., & Roberson, L. (1995). Procedural justice in performance
evaluation: The role of mstrumental and non-instrumental voice
performance appraisal discussions. Journal of Management_ 21(4), 657-
669. https://doi.org/ 10 1177/014920639502100404

Ewon, K, & Kim_C. (2012). How to design personalization in a context of
customer retention: Who personalizes what and to what extent?.
Electronic Commerce Research and Applications, 11(2), 101-116.
hps:/idot.org/10.1016/] elerap 2011.05.002

Euo, P. & Cranage, D. A (2012). Willingness to pay for customization: The
impact of choice vanety and specification assistance. Intemational
Joumal of Hospitality & Tounsm Admimstration, 13(4), 313-327.
https //doi ore/10_1080/13256480 2012 722508

Lee, V-H_ Hew, J-J_ Leong, L-Y_ Tan G. W-H_ & Ooi, K-B. (2020}
Wearable pavment: A deep learning-based dual-stage SEM-ANN
analysis. Expert Systems with: Applications, 157, 113477
htips//doi.org/10 1016/} eswar2020. 113477

Let, 5., Chan 1 Tang J. & Ye, S (2022). Will tounists take mobile travel advice?
Examining the personalization-privacy paradox Joumnal of Hospitality




m International Marketing Jourmal of Cubture and Tourism ANUICT ) Algust 2025 ! Issue Mo, [8)

and Tomism Managemem 50, 288-297.
https-doi ore/ I 1016/7 fhtm 20 > 007

Li, C.(2016). When does web—basad personahzatmn really work? The distinction
between actual personalization and perceived personalization
Computers m Human Behavior, 54 25-33.
hrtps:/doi.org/10.1016:7.chb 2015 07 049

Li, G, L1, G, & Kambele, Z (2012). Luxury fashion brand consumers in China:
Perceived value, fashion lifestyle, and willingness to pay. Journal of
Business Research, 65(107%, 1516-1522.
https://doi org/10 1016/] jbusres 2011 10.019

Liang, T., Chen, H, Du, T. Turban E_, & Li, Y. (2012). The effect of
personalization on the perceived usefulness of online customer services:
A dual-core theory. Journal of Electronic Commerce Research, 13(4),
275-288.

Lw, Z Jiang P Wang, J Du, Z N, X & Zhang L_(2023). Hospitality order
cancellation prediction from a profit-dnven perspective. International
Icmmal of Co:rtempora.r}r Hospatality Management, 35(6), 20842112
https_/idoi org/10. 1 108 TJCHM-06-2022-0737

Martinez-Torres, M. R__ & Toral. §. L. {2019). A machine learning approach for
the identification of the deceptive reviews in the hospitality sector using
unique attributes and sentiment onentation. Tourism Management, 73,
393-403. hnps//doi org/10. 1016/ towman 2019.06.003

Mehmood, K Verleye, K., De Keyser, A, & Larmviére, B. (2022). Piloting
personalization research through data-rich environments: a literature
review and future research agenda Joumnal of Service Management,
34(3), 520-552. https.//doi org/10. 1108/ JOSM-10-2021-0403

Min, H, Park, J. & Kim H I (2016). Common method bias 1n hospatality
research: A crtical review of lierature and an empirical study.
International Joumal of Hospitality Management, 36, 126-135.
https //dot.org/10 1016/] ithm 2016 04 010

Monk, A, & Blom, I (2007). A theory of personalisation of appearance:
Quantitative evaluation of qualttatively denved data. Behaviour &
Information Technology, 26(3), 237-246.
https_//doi.org/10 1080/01449290500348168

Morosan, C., & DeFranco, A (2016). Modeling guests’ intentions to use mobile
apps in hotels. International Joumnal of Comtemporary Hospitality
Management, 28(9). 1968-1991. hips /idoi org/i0 1108/ L TCHM-07-
2015-0348

Nam_ I, Ekinci, Y., & Whyatt, G. (2011). Brand equity, brand loyalty and
consumer satisfaction  Annals of Tourism Research, 38(3), 1009-1030.
https:/idot.org/10. 1016/ avnals 2011 01 015

Nath P, & Mul-:hmjee A (2[:12} Complementary effects of relational bonds in
information asm:meﬁ’y contexts. Journal of Services Marketing, 26(3),
168-180. hitps/doi org/30. 1108955760472 ] "'21'"3'@

b8



m International Marketing Jourmal of Cubture and Tourism ANUICT ) August 2025 ! Issue No. (8)

Netemeyer, B G, Knishnan B, Pullig, €. Wang, G, Yagci M. Dean. D, . &
Wirth, F. {2004). Dev eloping and 1ahda:tmg measures of facets of
customer-hased brand equity. Journal of Business Research, 57(2). 209-
224. https-//doi org/10.1016/S0148-2963(01)00303-4
Pérez-Troncoso, Epstein, D. M., & Castafieda-Garcia, J. A (2021). Consumers’
preferences and willingness to pay for personalised nutrition. Applied
Health Economics and Health Policy, 19(5), 757-767.
https://doi.org/10. 1007/5402558-021-00647-3
Peter, M. {2019). Travel & Tourism Report 2019. Statista.
Podsakoff P. M., MacKenzie, 5. B.. & Podsakoff. N. P. (2012). Sources of
method bias in social science research and recommendations on how to
control 1t  Annual Review of Psychology, 63, 339-369.
https/fdpi.org/ 10 1 146/mumrev-psych-120710- 100452
Podsakoff, P. M., MacKenzie, S. B, Lee, J-Y.. & Podsakoff N. P. (2003).
Common method biases in behavioral research: A critical review of the
literature and recommended remedies. Journal of Applied Psychology,
88, 879-903. hiips./'doi.org/10.1037/0021-9010.58.5.879
Roggeveen. A . Grewal D, Karsberg, I Noble, 5. M. Nordfilt, T Patnick, V.
M.. Schweiger, E. Soysal, G, Dhllard, A, Cooper, N, & Olson, R
2021). Forging meaningful consumer-brand relationships through
creative merchandise offerings and innovative merchandising strategies.
Journal of Retailing, 97(1). 8198
https:/idot.org/10.1016/] jretai 202011 006
Sarkar, J. G, Sreejesh, 5, Sarkar, A | & Dwived:, Y. K (2021). Impact of self-
brand connection on willingness to pay premium: Relevant mediators and
maderators Psychulag} é‘.z Marketing,  38(11), 1942-1939.
"i' LS. d -.ilf-' oFe: "-j UJ__r? T = 1334
Serrano Archimi C_ Rm’naud Yasjn_ H M. & Bhatt1, Z A ("DIE} How
perceived cmparate social IESPGHSIIIJ]]IE}' affects emplovee cynicism: The
mediating role of organizational trust. Journal of Business Ethics, 151(4),
907-921. hrtps Aidoi org/10 1007/510551-018-3882-6
Sharma, R, Kumar, A, & Chuah, C. (2021) Turmng the blackbox mto a
glasshox: An explainable machine learning approach for understanding
hospitahity customer. International Journal of Information Management
Data Insights, 1(2). 100050.
https:/idot.org/10.1016.]. [jimei. 2021. 100050
Smink, A, Van Reymersdal E., Van Noort, G, & Neyens, P. (2020). Shopping
in augmeniad reality: The effects of spatlal presence, personalization and
intrusiveness on app and brand responses. Journal of Business Research,
118, 474-485_ https /idoi org/ ] 0 10167 jhusres. 2020,07 018
Soper. D.S. (2024). A-prioni sample size calculator for structural aquatinﬂ models
[Software]. Available from Jztps #www danielsoper com Statcale)
Snnivasan, S, Anderson, B, & Ponnavolu, K (20072). Customer loyalty in e-
commerce: An exploration of its antecedents and consequences. Journal

69



o International Marketing Jourmal of Culture and Tourism (IMICT) August 2025 | Issue No. (8]

of Retaling, 78(1), 41-50. hitps/doiorg/10 1016/50022-
4320001)00065-3

Thomell, C.(2022). Upscale hotels bet on personalization that soes deeper. Skaft,
April 26th. 2022, https: 5kt com/ 202204/ 26/upscale-hotels-bet-on-
personalization-that-coes-deeper

Vesanen J (2007). What 15 personalization? A conceptual framework. European
Journal of Marketing, 41(5/8), 409-418.
hitps://doi.org/10.1108/03090560710737534

Wolpert, D. H, & Macreadv. W. G. (1997). No free lunch theorems for
optimization IEEE Transactions on Evolutionary Computation, 1(1),
G782 hitps //doi org/10. 1109/4233 385893

Xia M., & Zhang, Y. (2022). Linear and non-linear relationships: A hybrid SEM-
neural network approach to verify the links of online experience with
luxury hotel branding. Journal of Hospitality and Tourism Insights, 5(5),
1062-1079. https.doiorg/10 1108 JHTT-02-2021-0039

Yarkom, T., & Westfall, I (2017). Choosing prediction over explanation m
psychology: Lessons from machine learming. Perspectives on
Psychological Science, 12(6). 11001122
https //dot.org/10.1177/174569161 7693393

Zobair, K. M__ Sanzogni, L, Houghton, L.__ & Islam Md. Z. (2021). Forecasting
care seekers satisfaction with telemedicine using machine learning and
structural equation modeling. PLOS ONE. 16(9), 0257300

https:/idot.org/10. 137 1/fournal pone 0257300

70



