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Understanding how service attributes are associated with customer satisfaction is vital in the hospitality
industry, where customer experiences differ by brand tier, location, and property characteristics. This
study analyzes 110,955 Yelp reviews from 2,952 hotels to examine the relationships among review-
derived service attributes, attribute-level sentiment, attribute-level sentence frequency, and satisfaction
ratings. In the text-processing stage, reviews are segmented into sentence-level units using sentence-
boundary rules and tokenization. Service attributes are extracted using LDA topic modeling, and six categories
are identified: Hotel Facilities, Room Comfort, Customer Service, Breakfast Service, Entertainment &
Family, and Dining Experience. VADER sentiment analysis is then applied at the sentence level to
measure the evaluative tone associated with each attribute. These measures are aggregated into
review-attribute-level frequency and sentiment variables. A multilevel ordered logit model examines how
these variables are associated with ordinal satisfaction ratings while accounting for the nesting of
reviews within hotels. The results show that Customer Service and Room Comfort have strong positive
average associations with satisfaction, although their effects vary across hotel contexts. Additional
robustness checks that account for review length and review-year effects further support the
interpretation that attribute frequency captures heterogeneous forms of salience rather than simple
review length. The findings further indicate that attribute frequency and sentiment do not operate
uniformly across service dimensions or hotel tiers. By integrating sentence-level attribute construction
with multilevel modeling, this study distinguishes robust average satisfaction drivers from context-
dependent service attributes and offers practical implications for context-sensitive service management
in hotels.
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| . Introduction

Achieving high customer satisfaction is
critical to gaining a competitive edge in the
hospitality and tourism industry. However,
identifying the specific service elements that
most strongly shape customer evaluations re-
mains a persistent challenge. Traditional sur-
vey-based frameworks, such as SERVQUAL's
dimensions of reliability and responsiveness,
offer structured insights but often reflect
provider-centric categories that may not
fully capture customers nuanced and un-
solicited feedback in experience-driven set-
tings (Bi et al., 2024). For instance, cus-
tomers frequently discuss a wide range of
tangible and hedonic service attributes—
from room comfort and cleanliness to dining
options and entertainment—in their own un-
structured language, revealing priorities that
standardized measurement tools might over-
look (Xie et al., 2016: Lee and Park, 2021:
Kim et al., 2025).

Online customer reviews have emerged as
a valuable alternative data source for exam-
ining service attributes that are salient to
customers (Kim and Kim, 2022; Kim and Kim
2023). Prior studies in the hospitality domain
have used text-mining methods to transform
review narratives into measurable indicators
of customer experience (Kim et al., 2026).

However, many review-based studies have
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treated each review as a single unit of analy-
sis or relied on aggregated measures of top—
ics and sentiment (Mankad et al., 2016:
Sann and Lai, 2023). This review-level ap-
proach may overlook the fact that a single
hotel review often contains multiple service
experiences across different sentences (Biischken
and Allenby, 2016: Chakraborty et al., 2022).
For example, a customer may positively
evaluate staff service in one sentence while
negatively evaluating room comfort, break-
fast, or facilities in another. Thus, review-
level measures can obscure attributespecific
evaluations embedded within the same review.

This study addresses this issue by con-
structing service-attribute variables at the
sentence level. Each review is segmented in-
to sentence-level units, each sentence is as-
signed to a dominant service attribute, and
sentiment is calculated for the corresponding
attribute. This procedure yields two attrib-
ute-specific measures for each review: at-
tribute-level sentence frequency and attrib-
ute-level sentiment. Here, frequency refers
to the number of sentences assigned to a giv-
en service attribute within a review, rather
than simple keyword occurrence. This sen-
tence-level operationalization allows us to
capture both what customers discuss and
how they evaluate each service attribute
within the same review.

Another limitation of prior research is that

sentence- or review-level attribute measures
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are rarely linked to the hierarchical struc-
ture of hotel review data (Radojevic et al.,
2017; Bi et al., 2024). Reviews are nested
within hotels, and hotels differ systemati-
cally in brand tier, property type, geographic
location, review volume, and rating dispersion
(Anguera-Torrell and Nicolau, 2023). Ignoring
this structure may lead to an incomplete un-
derstanding of whether a service attribute
functions as a broadly relevant satisfaction
driver or as a context-dependent driver whose
effect varies across hotel contexts. For exam-
ple, room comfort may represent a basic ex-
pectation in higher-tier hotels but a more
salient source of satisfaction or dissatisfaction
in lower-tier hotels (Kim et al., 2025). Similarly,
dining, entertainment, and breakfast-related
experiences may matter differently depend-
ing on hotel type, brand tier, and regional
market conditions.

Building on these gaps, this study revisits
the distinction between universal and con-
textual satisfaction drivers in hotel service
evaluations. Rather than defining universal
drivers as attributes that exert uniformly
positive effects across all properties, we con-
ceptualize them as attributes showing strong
average associations with satisfaction while
exhibiting comparatively limited contextual
variation. Contextual drivers, in contrast,
refer to attributes whose effects vary sub-
stantially across hotel-level characteristics,

such as brand tier, hotel type, location, and
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rating dispersion. This distinction aligns
with the logic of multilevel modeling, which
estimates average attribute effects while al-
lowing them to vary across hotels.

This study explores three main questions:
(1) Which key service attributes can be
identified from customer reviews at the sen-
tence level? (2) How do attribute-level sen-
tence frequency and sentiment relate to
overall satisfaction ratings? and (3) To what
degree do hotel-level characteristics, such as
brand tier, hotel type, location, and reputa-
tion, condition the relationships between at-
tribute frequency, attribute sentiment, and
satisfaction within a multilevel framework?

To answer these questions, this study ana-
lyzes 110,955 Yelp reviews from 2,952 hotels.
In the text-processing stage, review texts
are segmented into sentence-level units us-
ing sentence-boundary rules and tokenized
for subsequent analysis. Service attributes
are extracted through LDA topic modeling,
and the resulting topics are interpreted as
service-attribute categories. VADER senti-
ment analysis is then applied at the sen-
tence level to measure the evaluative tone
associated with each attribute. These sen-
tence-level measures are aggregated into re-
view-attribute-level frequency and senti-
ment variables. In the empirical stage, a
multilevel ordered logit model examines how
these variables are associated with ordinal

satisfaction ratings while accounting for the
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nested structure of reviews within hotels. As
an additional robustness check, the analysis
examines whether the main frequency-re-
lated patterns remain substantively mean-
ingful after controlling for review length and
review-year effects.

This study contributes to hospitality mar-
keting research in three ways. First, it ad-
vances research on review-based service at-
tributes by shifting the unit of attribute con-
struction from the review level to the sen-
tence level, thereby capturing multiple at-
tribute-specific evaluations within a single
review. Second, it links sentence-level at-
tribute frequency and sentiment to a multi-
level modeling framework, addressing the
hierarchical structure of hotel review data.
Third, it refines the universal-versus-con-
textual distinction by showing how service
attributes can have strong average associa-
tions with satisfaction while still varying
across brand tier, hotel type, location, and
rating-related hotel characteristics. The
findings provide practical insights for hotel
managers seeking to tailor service enhance-
ment strategies by hotel context rather than
relying on a uniform attribute-management

approach.
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Il. Theoretical Background

2.1 Review-Derived Service Attributes and
Satisfaction

Traditional frameworks, such as SERVQUAL
(Parasuraman et al., 1988), offer founda-
tional dimensions of service quality but rely
on preselected categories that may not fully
capture evolving customer priorities in hotel
contexts. Online review platforms enable
bottom-up discovery of service attributes
through unsolicited customer feedback, of-
fering a richer reflection of customer experi-
ences(Kim and Baek, 2025). Inductive text-
mining methods are useful for identifying
customer-discussed attributes without im-
posing a priori service categories, thereby
reducing the limitations of survey- driven
approaches.

Topic modeling techniques have been wide-
ly used for this purpose. Latent Dirichlet
Allocation (LDA), for example, discovers la-
tent themes in review corpora by identifying
clusters of frequently co-occurring words
corresponding to service dimensions such as
room cleanliness, staff friendliness, and
breakfast quality (Blei et al., 2003: Guo et
al., 2017). Although newer embedding-based
and generative approaches have expanded
the methodological options for topic model-

ing, LDA remains useful as an interpretable
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baseline procedure for extracting service-
attribute structures from large-scale con-
sumer reviews when the objective is trans-
parent attribute construction rather than
automated semantic generation.

At the same time, review-level topic meas-
ures can obscure multiple attribute-specific
evaluations within a single review. A cus-
tomer may discuss staff service, room com-
fort, and dining experience in different sen-
tences, often with different evaluative tones.
Sentence-based text analysis, therefore,
provides a more appropriate unit for con-
structing attribute-level variables in review
settings, where multiple service encounters
are described in a single review (Biischken
and Allenby, 2016: Chakraborty et al., 2022).
In this study, LDA is used to derive inter-
pretable service-attribute topics from the sen-
tence-level corpus, which are then interpreted
as service-attribute categories.

However, identifying which attributes cus-
tomers discuss is not sufficient. It is also
necessary to measure how customers eval-
uate those attributes. Lexicon-based senti-
ment tools such as VADER assign polarity
scores to text units and are well-suited to
short,

because they account for intensifiers, punc-

informal online-review expressions

tuation, capitalization, and negation (Hutto
and Gilbert, 2014). While transformer-based
sentiment models may offer additional ad-

vantages in complex linguistic contexts,
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VADER provides a transparent and scalable
sentiment measure for large-scale sentence-
level review analysis.

Accordingly, this study adopts a sen-
tence-level attribute-construction approach.
Review texts are divided into sentence-level
units, service-attribute topics are identified
through LDA, and sentiment scores are com-
puted for each sentence-level attribute
mention. This approach allows the analysis
to distinguish attribute salience, measured
as the number of sentences assigned to an
attribute within a review, from attribute
sentiment, measured as the evaluative tone

associated with that attribute.

2.2 Multilevel Modeling to Capture Contextual
and Organizational Variations

Customer reviews are nested within hotels,
which are further embedded in broader cate-
gories such as brand tiers, property types,
and regional markets (Lee et al., 2017).
This structure indicates that customer eval-
uations are not fully independent and are
shaped by hotel-specific and contextual
factors. Ignoring this structure risks over-
simplified conclusions because variation
across hotels may affect the observed rela-
tionship between service attributes and
satisfaction (Raudenbush and Bryk, 2002:
Radojevic et al., 2017).

Multilevel modeling provides a statistical
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framework for distinguishing between re-
view-level and hotel-level variation, thereby
capturing heterogeneity across organiza-
tional or contextual levels. In the hospitality
domain, prior research has recognized the
importance of hierarchical perspectives. For
example, Assaf et al. (2015) used multilevel
modeling to evaluate hotel efficiency across
regions, while Radojevic et al. (2017) exam-
ined the nested effects of online ratings
within hotel categories. These studies sug-
gest that customer perceptions and sat-
isfaction outcomes can vary systematically
across hotel class, chain affiliation, and geo-
graphic conditions.

Despite this recognition, relatively few stud-
ies link sentence-level review-derived attrib-
utes to multilevel modeling. This gap is im-
portant because service attributes may show
strong average relationships with satisfaction
yet vary substantially across hotel contexts
(Tubishat et al., 2018; Jeon et al., 2023; Kim
et al., 2025). For instance, breakfast quality
may influence satisfaction differently in
economy hotels, where inclusive meals are
central to perceptions of value, than in luxu-
ry hotels, where customers may prioritize
experiential amenities. Multilevel modeling
enables this study to estimate average at-
tribute effects while examining contextual
variation associated with hotel-level charac-
teristics, thereby providing a more precise

basis for distinguishing robust average driv-
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ers from context-dependent drivers.

IIl. Methodology

3.1 Data

This study used data collected from Yelp,
one of the largest online review platforms
and a popular tool in hospitality and tourism
research. Yelp provides detailed customer
evaluations, including numeric star ratings
(1-5 scale) and textual reviews, offering a
comprehensive view of customer satisfaction.
We assembled a dataset of 110,955 reviews
from 2,952 hotels across the United States
and Canada, spanning from 2016 to 2021.
For each hotel, metadata were gathered, in-
cluding brand tier (based on STR chain scale
classifications, such as Luxury, Upper Upscale,
Upscale, Upper Midscale, Midscale, and Econo-
my), hotel type (e.g., hotel, casino, spa), and
geographic location by state, province, or
territory. The review observations and hotel
counts were distributed as follows: Louisiana
(383 hotels; 18,243 reviews), Florida (554
hotels: 17,144 reviews), Nevada (117 ho-
tels: 13,873 reviews), Pennsylvania (385
hotels: 13,442 reviews), Tennessee (369 ho-
tels: 12,692 reviews), California (130 ho-
tels: 9,954 reviews), Missouri (194 hotels:
6,487 reviews), Arizona (188 hotels; 6,408
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reviews), Indiana (253 hotels: 5,281 re-
views), New Jersey (124 hotels: 2,632 re-
views), Idaho (80 hotels; 2,628 reviews),
[linois (69 hotels: 836 reviews), Delaware
(41 hotels; 811 reviews), Alberta, Canada
(64 hotels: 518 reviews), and the U.S. Virgin
Islands (1 hotel: 6 reviews). Additionally,
aggregated hotel-level metrics—total review
count, average star rating, and star-rating
variance—were included as structural con-
trol variables. This multi-dimensional data-
set enables us to analyze not only the con-
tent of individual reviews but also the
broader contextual factors that influence

satisfaction evaluations.

3.2 Topic Modeling

To identify service attributes from custom-
er reviews, this study applied LDA-based
topic modeling to sentence-level review units.
Before topic modeling, standard text pre-
processing was conducted to clean and refine
the review texts. This included removing
special characters, URLs, numbers, punctu-
ation, and other non-meaningful elements,
and converting all text to lowercase.

The cleaned review texts were segmented
into sentence-level units using sentence-
boundary rules and tokenization for sub-
sequent analysis. In this study, sentences
were used as the basic unit of attribute ex-

traction because a single review often con-
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tains multiple service evaluations across dif-
ferent sentences. Following sentence seg-
mentation and tokenization, part-of-speech
tagging was used to identify the grammatical
role of each word. For LDA-based topic mod-
eling, nouns and verbs were retained be-
cause they typically represent service objects
and actions explicitly mentioned by customers,
such as room,” “staff,” “breakfast,” “parking,’
and “clean.” This preprocessing step helped
reduce noise and sharpen the topical struc-
ture of the sentence-level review corpus.
LDA was then used to extract latent serv-
ice—attribute topics from the sentence-level
corpus. LDA is a probabilistic topic modeling
method that represents each text unit as a
mixture of topics and each topic as a dis-
tribution of words (Blei et al., 2003). In this
study, LDA was used as an interpretable
and scalable procedure for constructing serv-
ice-attribute categories from large-scale cus-
tomer reviews.

Each sentence was assigned to the topic
with the highest probability when the domi-
nant-topic probability exceeded 0.50. The
0.50 threshold was adopted as a majority-
probability criterion, meaning that a sen-
tence was assigned to a service-attribute
topic only when that topic accounted for
more than half of the estimated topic-proba-
bility mass for the sentence. This rule was
intended to improve assignment clarity and

reduce weak or ambiguous topic assign-
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ments, while retaining sufficient sentence
coverage for subsequent multilevel modeling.
This procedure is consistent with the proba-
bilistic interpretation of LDA topic mixtures
and prior review-based applications of topic
assignment (Blei et al., 2003; Kim et al.,
2025).

When no topic exceeded this threshold, the
adjacent sentence context was considered to
support attribute assignment. The resulting
topics were interpreted and labeled as serv-
ice-attribute categories based on their most
frequently associated words and their sub-
stantive relevance to hotel service experiences.
Through this process, six service attributes
were identified: Hotel Facilities, Room Comfort,
Customer Service, Breakfast Service, Enter-
tainment & Family, and Dining Experience.
This procedure enabled the construction of
sentence-level service-attribute indicators

rather than review-level topic measures.

3.3 Sentiment Analysis

To capture the evaluative tone of customer
reviews, we applied sentence-level senti-
ment analysis. This approach quantifies text
polarity and enables measurement of custom-
er evaluations of specific service attributes.
In this study, we employed the Valence
Aware Dictionary and Sentiment Reasoner
(VADER), a lexicon- and rule-based senti-

ment analysis tool widely used for short, in-
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formal user-generated texts, such as online
reviews (Hutto and Gilbert, 2014). VADER
was considered appropriate for this study
because it provided scalable sentence-level
sentiment scoring for a large corpus of cus-
tomer reviews while maintaining interpret-
ability in how the sentiment scores were
generated.

VADER assigns four sentiment scores to
each sentence: positive, negative, neutral,
and compound. The compound score ranges
from -1 to +1 and reflects a sentence’s over-
all sentiment polarity. Because it incorpo—
rates rule-based adjustments for intensifiers,
punctuation, capitalization, and negation,
the compound score was used as the primary
sentiment measure in this study. This score
captures the overall evaluative tone of each
sentence and is therefore suitable for linking
sentence-level service evaluations to overall
satisfaction ratings.

After each sentence was assigned to a
service-attribute topic through LDA-based
topic modeling, the corresponding VADER
compound score was linked to that sen-
tence-level attribute mention. When multi-
ple sentences within the same review re-
ferred to the same service attribute, their
compound scores were averaged to construct
the attribute-level sentiment score for that
review. Thus, for each review, the final sen-
timent variable represents the average eval-

uative tone associated with a specific service
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attribute. This procedure enabled us to ex-
amine how customers positive or negative
evaluations of different service attributes
are associated with their overall satisfaction
ratings.

In parallel with the sentiment measure,
attribute-level sentence frequency was cal-
culated as the number of sentences assigned
to each service attribute within a review.
Accordingly, the analysis captures two dis—
tinct aspects of review content: the fre-
quency with which a service attribute is dis-
cussed and the extent to which that attrib-

ute is evaluated positively or negatively.

3.3.1 Sentence-Level Sentiment Calculation

To ensure consistency with the notation
used in the multilevel model, we denote re-
view, hotel, service attribute, and sentence
by j,h,p, and s respectively. Each sentence
s within review j of hotel h was classified
into a specific service attribute p (e.g., ho-
tel facilities, room comfort). Using VADER,
we computed sentiment scores for each
sentence. Among the four sentiment meas-
ures, the compound score was used as the fi-
nal indicator, as it captures the overall po-
larity of the sentence while accounting for
punctuation, negation, and intensity. For
instance, take Sentence s within Review j
of hotel h: if the review states, "The hotel

was quite nice,” and the attribute is catego-
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rized as Hotel Facilities, then the sentiment
score (compound) might be compound”™ =0.2.
This score measures the evaluative tone ex-
pressed toward the relevant service attribute

at the sentence level.
3.3.2 Attribute-Level Sentiment Aggregation

When multiple sentences in review j re-
ferred to the same attribute p, their com-
pound scores were averaged to compute the
attribute-level sentiment score for that re-
view:

pjn jh
Y% compound?’

Sent,,:;, = Ss=1 7 TS
pjh Tyjn (1)

where Sent,;, denotes the final sentiment
score of attributes p in review j for hotel h,
compound” is the compound score of sen-
tence s linked to attribute p, and =, is the
number of sentences in review j of hotel &
assigned to attribute p. By combining topic
modeling and sentiment analysis, this ap-
proach ensures that the analysis not only
identifies which service attributes customers
discuss but also assesses their emotional va-
lence toward those attributes—an essential
step in linking extracted attributes to sat-

isfaction outcomes.
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3.4 Analvtical Framework: Multilevel Ordered
Logit Model

The hierarchical nature of hotel review da-
ta necessitates a multilevel modeling approach.
Reviews are nested within hotels, and ho-
tel-specific characteristics may systemati-
cally influence the relationship between
service attributes and customer satisfaction.
Because the dependent variable is an ordinal
star rating, this study employs a multilevel
ordered logit model that accounts for both
the ordered structure of satisfaction ratings

and the nesting of reviews within hotels.

3.4.1 Review-Level Model

At the review level, the dependent variable
is the star rating (starsj), which reflects
of hotel

h. The primary independent variables are

customer satisfaction for review j

the sentiment scores (Sent,;) and frequency
counts(Cnt,y;) for the six extracted service
attributes. The frequency count variable is
defined as attribute-level sentence fre-
quency, indicating the number of sentences
assigned to service attribute p within review
j of hotel h. Therefore, it captures the sen-
tence-level salience of a service attribute
rather than simple keyword occurrence. To
examine whether the effect of sentiment de-
pends on the salience of the attribute in the

review, the model includes an interaction
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term between sentiment and count (Sent,,
X Ont

pjh). A hotel-specific random intercept
is included to account for unobserved hetero-
geneity across hotels. The review-level or-

dered logit model is specified as follows:

logit[P(starsjy < ¢)] = 17— njn, c=12,34

Njn = Bon + Z[ BipnSentyjn + BoppCntyn +
p=1

Bapn(Sentyin X Cntyjp)] (2)

where starsjn denotes the ordinal star rat-
ing for review j of hotel h, Sent, ; denotes
the sentiment score of service attribute p ,
and COnt,

_n denotes the attribute-level sen-
tence frequency of service attribute p. The
threshold parameter 7. separates adjacent
star-rating categories in the ordered logit
model. The hotel-specific intercept 3,, cap-
tures unobserved heterogeneity across hotels.
This formulation links sentence-level service
attribute evaluations to overall satisfaction
ratings while accounting for the non-in-

dependence of reviews from the same hotel.
3.4.2 Hotel-Level Model

At the hotel level, the intercept and attrib-
ute-related effects are allowed to vary across
hotels and are modeled as a function of ho-
tel-level contextual characteristics. These

characteristics include location, brand tier,
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hotel type, total review count, average hotel
star rating, and star-rating variance. Location,
brand tier, and hotel type are specified as
dummy variables, while total review count,
average star rating, and star- rating var-
iance are included as continuous hotel-level
indicators. The hotel-specific sentiment and
frequency-count effects are modeled as fol-

lows:

ﬂmp’h = Ympo T YmpaStateDy, + ymplzBrandTierDh
+ YmpsHotelTypeD,, t YmpaReviewCounty,

+ YmpeVarStary + ump n (3)

Umpn ~ N(0,02,)

where $,,, denotes the hotel-specific co-
efficient for service attribute p and effect
type m. Here, m =1 refers to the sentiment ef-
fect, m =2 refers to the frequency-count effect,
and m =3 refers to the sentiment- by-count
interaction effect. State D,, BrandTierD,, and
Hotel Type D, denote hotel-level dummy vari-
ables for location, brand tier, and hotel type,
respectively. ReviewCount,, AvgStar,, and
VarStar, denote continuous hotel-level in-
dicators of review volume, average hotel rep-
utation, and rating dispersion. The random
component w,,, , captures unexplained cross-
hotel variation in the corresponding attrib-
ute effect.

The sentiment-by-count interaction term is

included in the review-level model, while the
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hotel-level specification focuses on how hotel
characteristics condition the sentiment and
frequency-count coefficients. Thus, (Table 3) re-
ports cross-level effects of hotel characteristics
on the attribute - satisfaction relationships. The
empirical analysis estimates two main model
specifications and one robustness-oriented
specification. Model 1 includes the main ef-
fects of attribute-level sentiment and sen-
tence frequency. Model 2 adds interaction
terms between sentiment and sentence
frequency. Model 3 additionally controls for
review length, measured as the number of
sentence units in each review, as well as re-
view-year fixed effects. The hotel-level speci-
fication further examines whether the effects
of attributes vary across hotel characteristics.
This framework enables the analysis to dis-
tinguish attributes that show strong average
associations with satisfaction from those
whose effects depend more heavily on ho-

tel-level contexts.

IV. Results

4.1 Service Attributes

(Table 1) presents the six service attrib-
utes extracted from the online hotel reviews
using the sentence-level LDA topic modeling

procedure. Each attribute is associated with
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representative vocabulary terms that cus-
tomers frequently mention, reflecting dis-
tinct dimensions of the hotel experience.
First, the customer service attribute en-
compasses a broad range of interactions be-
tween customers and hotel staff, including
terms such as ‘room,” “desk,” “staff.,” “front,”
“manager,” “checkout,” ‘reservation,” and “guest.”
These words suggest a focus on personnel re-
sponsiveness, professionalism, and problem
resolution. Second, the hotel facilities attrib-
ute captures the hotel’s physical and func-
tional infrastructure. Representative terms in-

clude “parking,” ‘restaurant,” “pool,” “beach,”

“lobby,” “property,” and “view,” indicating fea-
tures that contribute to customer comfort
and convenience. Third, Room Comfort cov-
ers elements of the guest room environment,
with key terms such as ‘bed,” “bathroom,”
“shower,” “cleaned,” “sleep,” and “towel” high-
lighting the importance of cleanliness, com-
fort, and quality in—room amenities. Fourth,
the breakfast service reflects customers
breakfast-related dining experiences. This
attribute includes words like “coffee,” “egg,”
“fridge,” "microwave,” "wifi,” and ‘kitchen,”
highlighting both food quality and service

factors that affect morning meals. Fifth,

(Table 1) Extracted Service Attributes and Associated \Words.

Service .
No. Attributes Top Associated Words
room, hotel, desk, staff, front, stay, service, called, manager, checkout,
Customer . . .
1 . asked, night, call, customer, reservation, booking, guest, phone, people,
Service . . .
staff, experience, check-in, card, issue, someone
hotel, room, stay, staff, location, place, parking, restaurant, area, night,
Hotel . . .
2 . service, view, street, breakfast, everything, bar, walk, pool, recommend,
Facilities . . .
beach, staying, walking, experience, lobby, property,
room, hotel, bed, place, night, door, floor, stay, bathroom, get, shower,
Room .
3 Comfort towel, wall, stayed. smell, sheet, people, toilet, elevator, water, sleep,
look, star, thing, work, cleaned, staff, hair, desk, need
Breakfast breakfast, coffee, morning, egg, room, water, bed, area, tv, hotel, fridge,
4 Service bathroom, pool, shower, microwave, towel, staff, suite, desk, stay,
machine, wifi, use, lobby, get, ice, work, kitchen, size, king
) pool, resort, casino, family, place, kid, get, area, people, reno, lot, beach,
Entertainment . .
5 & Famil park, game, spa, play, machine, fee, fun, money, want, site, see, love,
v thing, slot, enjoy, need, food, child
. food, drink, dining, bar, service, restaurant, dinner, wedding, bartender,
Dining . . . .
6 Experience order, place, menu, table, experience, cocktail, server, wine, meal, friend,
b event, beer, buffet, lunch, staff, party, night, glass
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Entertainment & Family attribute repre-
sents leisure and family-friendly offerings,
with terms such as “pool,” “casino,” “family,”
‘kid,” "park,” “game,” and “spa.” These fea-
tures often improve the overall customer ex-
perience by offering recreational options.
Lastly, the Dining Experience attribute,
which encompasses food and beverage services
beyond breakfast, includes top terms such as
“food,” “dining,” restaurant,” “cocktail,” “bar-
tender,” and “buffet,” emphasizing both the
culinary and social aspects of hospitality.
These extracted attributes confirm that
online reviews capture a wide range of serv-
ice dimensions, encompassing both func-
tional (e.g., room comfort, facilities) and ex-
periential or hedonic factors (e.g., entertain-
ment & family, dining), enabling an in-
depth investigation of the multiple facets
that influence customer satisfaction. This
holistic attribute set provides a rich founda-
tion for subsequent sentiment and hier-

archical modeling analyses.

4.2 Effects of Service Attributes on Customer
Satisfaction

(Table 2) presents the estimated associa-
tions between the six service attributes and
customer satisfaction. Models 1 and 2 serve
as the primary multilevel ordered logit
specifications. Model 1 includes the main ef-

fects of attribute-level sentiment and sen-

AFSHAL xsbH M4Z 20264 8Y

tence frequency, while Model 2 adds senti-
ment-by-frequency interaction terms.

Model 3 is included as a supplementary
specification with additional controls for re-
view length and review-year fixed effects.
Review length is measured as the number of
sentence units in each review, and re-
view-year fixed effects account for temporal
variation in review patterns and satisfaction
ratings during the 2016 - 2021 period. Therefore,
the substantive interpretation focuses pri-
marily on Models 1 and 2, particularly Model
2, because it includes both the main effects
and the sentiment-by-frequency interaction
terms. Model 3 is used to examine whether
the main frequency-related findings are sen-
sitive to textual volume and period-specific
variation. Model 4 further provides a stand-
ardized version of Model 3, in which con-
tinuous predictors, including attribute-level
sentiment, sentence frequency, and review
length, are z-standardized, and the inter-
action terms are constructed using stand-
ardized sentiment and standardized fre-
quency variables. Model 4 is included as a
supplementary sensitivity specification to
examine whether the findings are sensitive
to variable scaling and to improve the inter-
pretability of interaction terms, whose main
effects depend on the reference point of the

interacting variables.
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(Table 2) Effects of Service Attributes on Customer Satisfaction (Multilevel Ordered Logit Model)

Variables Model 1 Model 2 Model 3 Model 4
Hotel Sentiment 0.410* (0.080) | 0.390** (0.080) | 0.070™* (0.002) | 0.173** (0.010)
Facilitios Count -0.017* (0.007) | -0.012 (0.007) |-0.054"* (0.002) | -0.082 (0.009)
SentimentxCount 0.090* (0.040) | 0.005* (0.001) | 0.124* (0.014)
Room Sentiment 0.580** (0.090) | 0.550** (0.090) | 0.002 (0.002) | 0.117* (0.020)
Comfort. Count -0.110**0.030) |-0.090** (0.030) | -0.112** (0.003) |-0.188™* (0.007)
SentimentxCount -0.100" (0.040) | 0.041** (0.006) | 0.520"* (0.073)
Customer Sentiment 0.630** (0.090) | 0.610** (0.090) | 0.001** (0.000) | 0.085* (0.048)
Service Count 0.080** (0.020) | 0.070** (0.020) | 0.138** (0.003) | 0.536"* (0.015)
SentimentxCount 0.150** (0.050) | 0.001 (0.001) | 0.080** (0.113)
Breakfast Sentiment 0.220** (0.070) | 0.210** (0.070) | 0.030** (0.007) | 0.022** (0.008)
Service Count 0.020 (0.010) 0.010 (0.010) | 0.135™ (0.003) | 0.331 (0.007)
SentimentxCount 0.060 (0.040) | 0.019™ (0.003) | 0.069* (0.009)
Dining Sentiment 0.150* (0.070) | 0.130* (0.070) | 0.694* (0.027) | 0.199** (0.008)
Experience Count 0.070™ (0.020) | 0.060** (0.020) | 0.018"* (0.004) | 0.105** (0.008)
SentimentxCount 0.120* (0.050) | 0.036™ (0.007) | 0.044** (0.005)
Fntertainment Sentiment 0.110* (0.050) | 0.100* (0.050) | 0.174* (0.016) | 0.091** (0.008)
& Family Count 0.060* (0.030) | 0.050* (0.030) | -0.005* (0.002) | 0.014 (0.009)
SentimentxCount 0.070 (0.040) | -0.001 (0.000) 0.001(0.000)

Review Length

0.032** (0.001)

0.102** (0.011)

2017 0.004 (0.007) | 0.007 (0.019)
2018 0.015" (0.008) | 0.032 (0.019)
Year 2019 0.024™ (0.008) | 0.058" (0.019)
2020 0.072* (0.007) | 0.232" (0.023)
2021 0.086™ (0.007) | 0.253" (0.021)

Threshold (1)

Threshold 1/2

-4.650" (0.330)

-4.720™ (0.340)

-4.329"* (0.231)

-4.554™ (0.031)

Threshold 2/3

-2.180"* (0.310)

-2.250"* (0.320)

-1.291** (0.107)

-0.923" (0.007)

Threshold 3/4

0.550"* (0.170)

0.580"* (0.180)

0.066"* (0.006)

0.141** (0.006)

Threshold 4/5

2.870" (0.320)

2.930"* (0.330)

1.558™ (0.006)

4.880** (0.006)

AIC 37,570 37,420 34,001 34,001
Model fit BIC 37,590 317,450 34,027 34,027
Pseudo R 0.175 0.182 0.188 0.188

Notes: Standard errors are reported in parentheses. * p ¢ .05: ** p ( .01

(Figure 1) illustrates the key coefficients marily on Models 1 and 2, with particular

from the primary specifications in (Table 2), emphasis on Model 2, which includes both

focusing on sentiment, count, and senti- the main effects and the sentiment-by- fre-

ment-by-count interaction effects across the quency interaction terms. Models 3 and 4
six service attributes. serve as supplementary specifications: Model

The substantive interpretation focuses pri- 3 adds review length and review-year fixed
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Entertainment 4

Breakfast Service

(Figure 1) Estimated Effects of Sentiment & Count for Six Service Attributes on Customer Satisfaction

effects, while Model 4 standardizes the con-
tinuous predictors in Model 3 to assess
whether the key findings are sensitive to
variable scaling. This standardized specifi-
cation is useful because, in models with in-
teraction terms, main-effect coefficients are
conditional on the reference value of the in-
teracting variable rather than unconditional
average effects (Aiken and West, 1991:
Afshartous and Preston, 2011).

In the primary specifications (Models 1
and 2), sentiment coefficients are positive
and statistically significant across all six
This indicates that a

more positive evaluative tone toward a serv-

service attributes.

ice attribute is associated with a higher like-
lihood of a higher satisfaction rating. The
strongest average sentiment associations are
observed for Customer Service, Room Comfort,
and Hotel Facilities. In Model 1, Customer

Service shows the largest coefficient (0.630,

BYSHAT 553 ™45 2026 8Y

Roory Comfort

p € .01), followed by Room Comfort (0.580, p
( .01) and Hotel Facilities (0.410, p ¢ .01).
Model 2 yields a similar pattern after includ-
ing sentiment-by-frequency interaction terms,
with Customer Service (0.610, p ¢ .01),
Room Comfort (0.550, p ¢ .01), and Hotel
Facilities (0.390, p ¢ .01) remaining strong-
ly associated with satisfaction. These find-
ings suggest that Customer Service and
Room Comfort are strong average satisfaction
drivers in the full-sample model, though
they should not be interpreted as uniformly
positive drivers across all hotel contexts
The effects of attribute-level sentence fre-
quency are more mixed. Room Comfort shows
a negative and statistically significant co-
efficient in both Model 1 (-0.110, p ¢ .01)
and Model 2 (-0.090, p ¢ .01), suggesting
that frequent discussion of room-related is-
sues may reflect problem-focused or dissat—

isfaction-oriented review content. Hotel Facilities
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also shows a small negative coefficient in
Model 1 (-0.017, p € .05), but this effect be-
comes statistically nonsignificant when the
interaction terms are included in Model 2. By
contrast, Customer Service, Dining Experience,
and Entertainment & Family show positive
and statistically significant sentence-fre-
quency effects in the primary specifications.
For example, Customer Service remains pos-
itively associated with satisfaction in both
Model 1 (0.080, p ¢ .01) and Model 2
(0.070, p € .01). These results indicate that
attribute salience does not have a uniform
meaning across service dimensions: frequent
mentions may reflect positive engagement
for some attributes, while repeated mentions
may signal unresolved concerns or com-
plaints for others.

The negative or weakened frequency effects
for Room Comfort and Hotel Facilities can be
interpreted through the lens of the Kano
model. Core service attributes, such as Room
Comfort and Hotel Facilities, often function
as Must-Be or One-dimensional attributes:
when adequately delivered, customers may
take them for granted: however, when they
fail to meet expectations, they become highly
salient in reviews and are more likely to be
associated with dissatisfaction (Kano et al.,
1984; Matzler and Hinterhuber, 1998: Kim
et al., 2025). Thus, frequent mentions of
these core attributes may reflect negative

disconfirmation, unresolved service prob-
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lems, or unmet baseline expectations rather
than their positive importance.

The interaction results in Model 2 further
clarify how sentiment and salience jointly
relate to satisfaction. Positive and statisti-
cally significant interaction effects are found
for Customer Service (0.150, p  .01), Dining
Experience (0.120, p  .05), and Hotel Facilities
(0.090, p ¢ .05). These results suggest that
when these attributes are more salient in a
review, positive sentiment toward them is
more strongly associated with higher sat-
isfaction ratings. In contrast, Room Comfort
shows a negative interaction effect (-0.100,
p € .05), indicating that the positive associa-
tion between room-related sentiment and
satisfaction weakens as room comfort is dis-
cussed more frequently. This pattern is con-
sistent with the interpretation that repeated
discussion of room comfort often occurs in
contexts where customers are reporting con-
crete problems or unmet expectations. Breakfast
Service and Entertainment & Family do not
show statistically significant interaction ef-
fects in Model 2, suggesting that their senti-
ment effects are less dependent on with-
in-review sentence frequency in the full-
sample specification.

Model 3 further controls for review length
and review-year fixed effects. Review length
is positively associated with satisfaction
(0.032, p € .01), suggesting that longer re-

views tend to correspond to higher ratings
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after accounting for attribute-level senti-
ment and frequency. Because review length
has been treated in prior online review re-
search as an indicator of review depth or
textual richness rather than merely as a me-
chanical source of noise, this result suggests
that longer reviews may contain more elabo-
rate evaluations of the service experience
(Mudambi and Schuff, 2010; Ghose and
Ipeirotis, 2011). The year fixed effects show
a modest upward shift over time, with pos-
itive and significant coefficients from 2018
onward and larger estimates in 2020 (0.072,
p ¢ .01) and 2021 (0.086, p ¢ .01). However,
because the upward pattern began before
2020, the results may not be interpreted as
a clearly distinctive COVID-19 pattern.
Rather, the year effects indicate broader pe-
riod-specific variation in rating behavior and
review contexts during 2016 - 2021.

Overall, Model 3 broadly confirms the fre-
quency-related patterns observed in Models
1 and 2, while introducing several refine-
ments after controlling for review length and
review-year fixed effects. Most notably,
Breakfast Service frequency becomes pos-
itive and statistically significant (0.135, p ¢
.01), whereas it was positive but non-
significant in the primary specifications. Its
sentiment-by-frequency interaction also be-
comes positive and significant (0.019, p ¢
.01), suggesting that breakfast-related men-

tions are more strongly associated with sat-
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isfaction when accompanied by positive
sentiment. In addition, Entertainment &
Family frequency becomes slightly negative
and statistically significant (-0.005, p < .05),
while its interaction term turns negative but
remains nonsignificant. This may indicate
that entertainment- or family-related men-
tions receive more mixed evaluations once
overall review length and period-specific
variation are considered. These changes sug-
gest that some frequency-related estimates
are sensitive to the inclusion of textual vol-
ume and period-specific controls, which is
plausible because attribute-level sentence
counts are partly related to overall review
length.

Model 4 provides a standardized version of
Model 3 and shows that the main direction of
several key Model 2 findings is broadly re-
tained after standardization. Because the
model includes sentiment-by-frequency in-
teractions, differences between Models 3 and
4 should be understood primarily as differ-
ences in scaling and reference points rather
than as contradictory results. In particular,
the Customer Service count remains pos-
itive, the Room Comfort count remains neg-
ative, and the Dining Experience count re-
mains positive. These patterns are broadly
consistent with the main interpretation from
Model 2.

In summary, the results in (Table 2) show

strong conditional relationships between
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attribute-level sentiment and satisfaction,
particularly for Customer Service and Room
Comfort. However, the mixed-frequency ef-
fects and significant sentiment-by-frequency
interactions indicate that service attributes
should not be treated as universal drivers.
Instead, the results suggest that the roles of
attribute sentiment and frequency vary by
service dimension and warrant further ex-

amination across hotel contexts.

4.3 Cross-Level Effects of Hotel Characteristics

(Table 3) and (Figure 2) summarize how
hotel-level characteristics condition the at-
In the

multilevel framework, these coefficients in-

tribute - satisfaction relationships.

dicate whether the review-level effects of at-
tribute sentiment and sentence frequency
differ across hotel contexts, such as brand
tier, location, hotel type, review volume,
average hotel rating, and rating dispersion.
Thus, the estimates in (Table 3) should be
interpreted as cross-level effects on attrib-
ute-related coefficients rather than as direct
effects on satisfaction ratings. For example, a
positive coefficient indicates that the corre-
sponding hotel-level characteristic strength-
ens the attribute - satisfaction relationship
relative to the reference category, whereas a
negative coefficient indicates that the rela-
tionship becomes weaker or more negative

under that hotel-level condition.
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Brand tier shows the clearest source of
contextual heterogeneity. For higher-tier ho-
tels, especially Luxury, Upper Upscale, and
Upscale properties, sentiment-related co-
efficients are generally positive and statisti-
cally significant across several attributes.
For example, Luxury hotels show strong pos-
itive sentiment-related coefficients for Dining
Experience (1.44, p ¢ .01), Room Comfort
(1.32, p € .01), Customer Service (1.18, p ¢
.01), and Hotel Facilities (1.05, p ¢ .01).
These results suggest that in higher-tier ho-
tels, positive evaluations of both core and
experiential service attributes are strongly
associated with higher satisfaction ratings.

By contrast, Midscale and Economy hotels
show weaker or negative sentiment-related
coefficients for several attributes. For in-
stance, Kconomy hotels show negative co-
efficients for Room Comfort (-0.89, p ¢ .01),
Dining Experience (-0.75, p { .01), Customer
Service (-0.62, p € .01), Hotel Facilities (-0.56,
p ¢ .01), and Breakfast Service (-0.35, p ¢
.01). These sign reversals indicate that
service attributes do not operate uniformly
across hotel tiers. Therefore, attributes that
show strong positive average associations in
(Table 2) should be interpreted as robust
average drivers rather than as universally
positive drivers across all properties.

The count-related cross-level effects also
vary by brand tier, although the pattern is

more selective than that of the sentiment
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(Table 3) Cross-Level Effects of Hotel Characteristics on Attribute - Satisfaction Relationships

v Falgiolggiles C%OH(I)fI(?I“t Customer Service | Breakfast Service | Dining Experience Enterﬁu‘gﬁlﬂr{lgnt &
Sent. [ Cnt. | Sent. | Cnt. [ Sent. | Cnt. | Sent. [ Cnt. | Sent. [ Cnt. [ Sent. [ Cnt.
Brand Tier (Standard: Non)
Luxur .05 011 [1.327 [-0.15" [ .18 [ 0.23" [ 0.89™ [ 0.05 | 1.44™ | 0.18 [ 0.97" | 0.08
UXUTY 1 (0.18) | (0.09) | (0.21) | (0.07) | (0.19) | (0.08) | (0.17) | (0.06) | (0.25) | (0.09) | (0.20) | (0.05)
Upper 0.66 [ 0.19 [0.85" [ 0.13 [ 0.73% | 0.21F | 0.42" [ 0.09 | 0.58 | 0.17° | 0.39™ [ 0.12
Upscale | (0.17) | (0.08) | (0.20) | (0.09) | (0.18) | (0.09) | (0.15) | (0.06) | (0.19) | (0.08) | (0.14) | (0.05)
Unscale 0427 [ 013 1056 0.08 [0.39% [ 0.18 | 0.317 | 0.07 [ 047" | 0.14 | 0.25° [ 0.10
- (0.15) | (0.08) | (0.18) | (0.07) | (0.15) | (0.08) | (0.14) | (0.06) | (0.17) | (0.08) | (0.12) | (0.06)
Upper 0.19 0.07 0.23 0.09 0.15 0.12 0.21 0.06 0.17 0.10 0.13 0.08
Midscale | (0.15) | (0.08) | (0.17) | (0.09) | (0.14) | (0.07) | (0.13) | (0.05) | (0.16) | (0.07) | (0.11) | (0.06)
Midscale 0.38"1 -0.08 [-0.67""] 0.31™ [-0.42" | -0.11 [-0.297 | -0.04 [-0.52"| -0.13 | -0.21" | 0.03
(0.14) | (0.07) | (0.16) | (0.10) | (0.15) | (0.08) | (0.13) | (0.05) | (0.18) | (0.07) | (0.10) | (0.04)
Fconom 0.56™ | -0.25" [-0.89"* | 0.31"" [-0.62"" | -0.13 [-0.35"*| -0.04 [-0.75""| -0.15 |-0.27 | -0.05
V1 (0.16) | (0.10) | (0.18) | (0.11) | (0.17) | (0.09) | (0.14) | (0.06) | (0.20) | (0.08) | (0.12) | (0.05)
Location (State) (Standard: AB)
A7 -0.16 | -0.11 | -0.22 | -0.18 | -0.19 | -0.14 | -0.10 | -0.08 | -0.17 | -0.13 | -0.12 | -0.07
(0.14) | (0.09) | (0.15) | (0.10) | (0.13) | (0.08) | (0.09) | (0.07) | (0.14) | (0.09) | (0.11) | (0.06)
CA -0.23 1 -0.17° | -0.11 [-0.27"[-0.18 [-0.21"" | -0.08 | -0.15 [-0.23" | -0.19" | -0.13 | -0.11
(0.09 | (0.07) | (0.10) | (0.09) | (0.08) | (0.08) | (0.07) | (0.06) | (0.10) | (0.08) | (0.09) | (0.06)
DR 0.13 0.10 0.18 0.07 0.15 0.12 0.09 0.05 0.16 0.11 0.14 | 0.08
(0.22) | (0.15) | (0.24) | (0.14) | (0.20) | (0.14) | (0.17) | (0.12) | (0.21) | (0.15) | (0.18) | (0.13)
FL -0.11 | -0.09 | -0.14 | -0.08 | -0.13 | -0.10 | -0.06 | -0.04 | -0.12 | -0.08 | -0.09 | -0.05
(0.10) | (0.07) | (0.12) | (0.08) | (0.09) | (0.07) | (0.08) | (0.06) | (0.11) | (0.07) | (0.09) | (0.06)
D 0.04 0.03 0.07 0.02 0.05 0.03 0.02 0.01 0.06 0.03 0.03 0.02
(0.18) | (0.12) | (0.20) | (0.11) | (0.17) | (0.11) | (0.14) | (0.10) | (0.18) | (0.12) | (0.15) | (0.10)
1L -0.09 | -0.07 | -0.12 | -0.06 | -0.10 | -0.08 | -0.05 | -0.03 | -0.11 | -0.07 | -0.08 | -0.04
(0.16) | (0.11) | (0.17) | (0.10) | (0.15) | (0.10) | (0.12) | (0.09) | (0.16) | (0.11) | (0.13) | (0.09)
N -0.17 | -0.13 | -0.21 | -0.11 | -0.19 | -0.14 | -0.10 | -0.06 | -0.20 | -0.12 | -0.15 | -0.08
(0.14) | (0.10) | (0.15) | (0.09) | (0.13) | (0.09) | (0.11) | (0.08) | (0.14) | (0.10) | (0.12) | (0.08)
LA 0.255 1 0.19° 10317 [ 0.22° [0.27 | 0.15 | 0.18 | 0.12 [ 0.29% | 0.17 | 0.21" | 0.14
(0.12) | (0.09) | (0.11) | (0.10) | (0.10) | (0.09) | (0.08) | (0.07) | (0.11) | (0.08) | (0.10) | (0.07)
MO -0.06 | -0.05 | -0.08 | -0.04 | -0.07 | -0.05 | -0.03 | -0.02 | -0.07 | -0.05 | -0.05 | -0.03
(0.13) | (0.09) | (0.14) | (0.08) | (0.12) | (0.08) | (0.10) | (0.07) | (0.13) | (0.09) | (0.11) | (0.07)
NJ -0.15 | -0.12 | -0.19 | -0.10 | -0.17 | -0.13 | -0.09 | -0.05 | -0.18 | -0.11 | -0.13 | -0.07
(0.14) | (0.10) | (0.15) | (0.09) | (0.13) | (0.09) | (0.11) | (0.08) | (0.14) | (0.10) | (0.12) | (0.08)
NV 0.07 0.05 0.09 0.04 0.08 0.06 0.04 0.02 0.08 0.06 0.06 0.03
(0.15) | (0.10) | (0.16) | (0.09) | (0.14) | (0.09) | (0.11) | (0.08) | (0.15) | (0.10) | (0.12) | (0.08)
PA -0.08 | -0.06 | -0.10 | -0.05 | -0.09 | -0.07 | -0.04 | -0.03 | -0.09 | -0.06 | -0.07 | -0.04
(0.11) | (0.08) | (0.12) | (0.07) | (0.10) | (0.07) | (0.08) | (0.06) | (0.11) | (0.08) | (0.09) | (0.06)
™ -0.04 | -0.03 | -0.05 | -0.02 | -0.04 | -0.03 | -0.02 | -0.01 | -0.05 | -0.03 | -0.03 | -0.02
(0.13) | (0.09) | (0.14) | (0.08) | (0.12) | (0.08) | (0.10) | (0.07) | (0.13) | (0.09) | (0.11) | (0.07)
VI -0.31 | -0.24 | -0.39 | -0.20 | -0.35 | -0.27 | -0.18 | -0.11 | -0.37 | -0.23 | -0.27 | -0.15
(0.28) | (0.19) | (0.30) | (0.17) | (0.26) | (0.18) | (0.21) | (0.15) | (0.28) | (0.19) | (0.23) | (0.16)
Hotel Type (Standard: Hotel)
Casino -0.14 | -0.10 | -0.17 | -0.09 | -0.16 | -0.12 | -0.08 | -0.05 | -0.16 | -0.11 | -0.12 | -0.07
(0.10) | (0.07) | (0.11) | (0.06) | (0.09) | (0.06) | (0.07) | (0.05) | (0.10) | (0.07) | (0.08) | (0.05)
Spa 0.01 0.01 0.02 0.01 0.01 0.01 0.01 0.00 0.01 0.01 0.01 0.00
D (0.03) | (0.02) | (0.03) | (0.02) | (0.03) | (0.02) | (0.02) | (0.01) | (0.03) | (0.02) | (0.02) | (0.01)
Review and Rating
#of Total | 0.12° | 0.13° | 0.08 | 0.19° | 0.11 [ 0.16" | 0.07 0.10 0.09 T 0.15* | 0.06 0.11
Review (0.0zg (0.05) | (0.05) | (0.07) | (0.06) | (0.07) | (0.05) | (0.06) | (0.06) | (0.07) | (0.05) | (0.06)
Avg. Star by| 0.89 0.26" [ 0.85% | 0.13 [ 0.63 | 0.217 [ 0.42°* | 0.09 | 0.58 | 0.17° | 0.39" | 0.12
Hotel (0.15) | (0.09) | (0.17) | (0.08) | (0.14) | (0.09) | (0.12) | (0.07) | (0.16) | (0.08) | (0.13) | (0.07)
Star 0.22%1-0.15" [-0.30* | -0.11 [-0.25 | -0.09 | -0.18" | -0.07 [-0.27"*| -0.12 | 0.21" | -0.08
Variance | (0.08) | (0.07) | (0.09) | (0.06) | (0.08) | (0.06) | (0.07) | (0.05 | (0.10) | (0.07) [ (0.09) | (0.05)
Notes: Standard errors are reported in parentheses. * p { .05: ** p ( .01
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effects. In higher-tier hotels, Customer
Service count effects are positive and sig-
nificant for Luxury (0.23, p < .01), Upper
Upscale (0.21, p € .05), and Upscale hotels
(0.18, p ¢ .05). Dining Experience count ef-
fects are also positive for Luxury (0.18, p ¢
.05) and Upper Upscale hotels (0.17, p ¢
.05). In contrast, Room Comfort count effects
are positive and significant for Midscale
(0.31, p < .01) and Economy hotels (0.31, p
(.01), while the corresponding sentiment ef-
fects are negative. This suggests that room
comfort is highly salient in lower-tier hotels,
but frequent discussion of this attribute may
often arise in problem-focused evaluation
contexts.

Regional effects are more selective. California
shows negative and statistically significant co-
efficients for several attributes, including
Hotel Facilities sentiment (-0.23, p ¢ .01),
Room Comfort count (-0.27, p ( .01), Customer
Service sentiment (-0.18, p { .01), and Dining
Experience sentiment (-0.23, p { .01). Louisiana,
by contrast, shows positive coefficients for
several sentiment effects, including Room
Comfort (0.31, p ¢ .01), Customer Service
(0.27, p € .01), Dining Experience (0.29, p
.01), and Hotel Facilities (0.25, p ¢ .05).
Because most other state coefficients are not
statistically significant, the results suggest
selective regional heterogeneity rather than
a broad geographic pattern.

Hotel-type effects are relatively limited.
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Casino and Spa coefficients are mostly non-
significant across the service attributes.
Thus, the results do not provide strong evi-
dence that hotel type, as specified in this
model, systematically moderates the rela-
tionships between service attributes and
satisfaction.

Review- and rating-related hotel charac-
teristics provide additional evidence of con-
textual variation. Average hotel star rating
is positively and significantly associated
with several sentiment effects, including
Hotel Facilities (0.89, p € .01), Room Comfort
(0.85, p € .01), Customer Service (0.63, p ( .01),
Breakfast Service (0.42, p ( .01), Dining
Experience (0.58, p ¢ .01), and Entertainment
& Family (0.39, p ¢ .01). By contrast, star-
rating variance is negatively associated with
several sentiment effects, including Hotel
Facilities (-0.22, p ¢ .01), Room Comfort
(-0.30, p € .01), Customer Service (-0.25, p
( .01), Breakfast Service (-0.18, p < .05),
and Dining Experience (-0.27, p ¢ .01).
These results suggest that hotels with stron-
ger average reputations benefit more from
positive attribute evaluations, whereas great-
er rating dispersion weakens the association
between attribute sentiment and satisfaction.
This pattern underscores the role of con-

sistency in customer experiences.
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Sentiment y - Brand Tier (grey = n.s.)
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(Figure 2) Brand Tier Differences in Sentiment and Count Effects across Service Attributes

(Figure 2, visualizes brand-tier differences
in sentiment and sentence-frequency co-
efficients across the six service attributes.
The sentiment panel shows that higher-tier
hotels generally display stronger positive
sentiment-related coefficients, particularly for
Dining Experience, Room Comfort, Customer
Service, and Hotel Facilities. The count pan-
el shows that frequency effects are more at-
tribute-specific: Customer Service and Dining
Experience counts are more relevant in high-
er-tier segments, whereas Room Comfort count
effects are more pronounced in Midscale and
Economy hotels.

Overall, the results show that service at-
tributes differ not only in their average asso-

ciations with satisfaction but also in the ex-
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tent to which their effects vary across ho-
tel-level contexts. Customer Service and Room
Comfort show strong average associations in
the full-sample model, yet their effects still
vary by brand tier and other hotel characteristics.
Dining Experience and Entertainment &
Family show more context-sensitive pat-
terns, particularly across brand tiers. These
findings support a revised universal-versus-
contextual distinction: some attributes serve
as robust drivers of average satisfaction,
whereas others function primarily as con-
textual drivers whose effects depend on hotel

characteristics.
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V. Conclusion and Implications

This study examined how review-derived
service attributes are associated with cus-
tomer satisfaction in the hotel industry us-
ing a multilevel ordered logit framework. By
constructing service-attribute measures at
the sentence level and linking them to ho-
tel-level contextual characteristics, this study
provides a more fine-grained understanding
of how customers evaluate different dimensions
of the hotel experience.

Several key findings emerge from the
analysis. First, attribute-level sentiment is
positively associated with satisfaction across
all six extracted service attributes. Customer
Service and Room Comfort show particularly
strong average associations with satisfaction,
followed by Hotel Facilities. These findings
indicate that the evaluative tone of core
service experiences plays an important role
in overall satisfaction ratings. However,
these attributes should be interpreted as ro-
bust average drivers rather than uniformly
positive drivers across all hotel properties.

Second, attribute-level sentence frequency
shows more differentiated patterns. Frequent
discussion of Customer Service and Dining
Experience is positively associated with sat-
isfaction, whereas frequent discussion of Room
Comfort is negatively associated with satis-

faction. This suggests that attribute fre-
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quency should not be interpreted as a simple
measure of attribute importance. Rather,
frequency reflects attribute salience, which
may stem from either positive engagement or
problem-focused evaluation, depending on
the service dimension. This interpretation
aligns with the Kano model’s logic (Kim et
al., 2025): repeated mentions of basic serv-
ice attributes may signal unmet baseline ex-
pectations rather than indicate the im-
portance of those attributes, particularly
when those attributes are viewed as core re-
quirements of the hotel experience. Additional
robustness results controlling for review length
and review-year fixed effects provide further
support for this service-dimension-specific
interpretation of attribute frequency.

Third, the cross-level results show that
service-attribute effects vary systematically
across hotel characteristics. Brand tier rep-
resents the clearest source of heterogeneity.
In higher-tier hotels, positive sentiment to-
ward both core and experiential service at-
tributes is strongly associated with satisfaction.
In contrast, Midscale and Economy hotels
show weaker or negative sentiment-related
coefficients for several attributes, indicating
that the same service attribute may operate
differently depending on hotel context. Regional
differences and rating-related indicators,
particularly average hotel rating and rating
variance, further demonstrate that sat-

isfaction formation is conditioned by ho-

AHSHA L 55 M43 20264 8Y



Universal or Contextual? A Multilevel Analysis of Review-Derived Service Attributes in Hotel Satisfaction

tel-level characteristics.

This study contributes to hospitality mar-
keting research in three ways. First, it ad-
vances review-based service attribute re-
search by shifting the unit of attribute con-
struction from the review level to the sen-
tence level, thereby capturing multiple at-
tribute-specific evaluations embedded within
a single review. Second, it integrates attrib-
ute-level sentence frequency, attribute-level
sentiment, and multilevel ordered logit mod-
eling to account for the nested structure of
hotel review data. Third, it refines the uni-
versal-versus-contextual distinction by show-
ing that some service attributes have strong
average associations with satisfaction yet
exhibit meaningful contextual variation across
hotel tiers, locations, and rating-related
characteristics.

The findings also have managerial impli-
cations. For higher-tier hotels, managing
sentiment around service interactions, room
comfort, facilities, and dining experiences is
especially important because positive evalu-
ations of these attributes are strongly asso-
ciated with satisfaction in these segments.
For Midscale and Economy hotels, managers
should pay close attention to repeated men-
tions of core service attributes, especially
Room Comfort, because frequent discussion
may indicate unresolved service failures or
unmet baseline expectations. More broadly,

hotels should avoid applying a uniform serv-
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ice-improvement strategy across all proper-
ties and should calibrate service priorities
according to brand tier, regional market con-
ditions, and the stability of prior customer
evaluations.

In summary, this study shows that cus-
tomer satisfaction depends not only on which
service attributes customers mention but al-
so on how they evaluate those attributes
and, on the hotel, the level conditions under
which those evaluations occur. By combining
sentence-level attribute construction, VADER-
based sentiment analysis, and multilevel or-
dered logit modeling, this study offers a
framework for distinguishing robust average
satisfaction drivers from context- dependent

service attributes in hotel review data.

VI. Limitations and Future Research
Directions

This study provides insights into how re-
view-derived service attributes are asso-
ciated with hotel customer satisfaction, but
several limitations remain. First, the analy-
sis relies on online reviews from a single
platform, Yelp. Although Yelp provides a
large and rich source of user-generated re-
view data, its user base may differ from that of
other hospitality platforms, such as TripAdvisor,

Booking.com, or Google Reviews. Future re-
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search should examine whether the present
findings generalize across multiple review
platforms and hospitality markets. Combining
platform data with survey-based measures
would also help validate whether review- de-
rived attributes correspond to customers’
broader service expectations.

Second, this study used LDA-based topic
modeling to extract service-attribute catego-
ries from sentence-level review data. LDA is
transparent, scalable, and compatible with
regression-based modeling, but it relies on a
bag-of-words representation and may be less
effective at capturing contextual meaning in
short or ambiguous review sentences. This
limitation should be considered in light of
the present study’s purpose. The primary
objective was not to benchmark topic-model-
ing algorithms but to construct interpretable
sentence-level service-attribute variables
and examine how these variables relate to
satisfaction within a multilevel framework.
Nevertheless, the selection and labeling of the
final six attributes remain partly interpretive.
Future research should further validate at-
tribute construction using topic-coherence
metrics, alternative topic counts, subsample
stability checks, and human-coded evaluation.
Prior research suggests that topic-model
quality should be assessed not only by auto-
mated fit indicators but also by semantic in-
terpretability, assignment stability, and pre-
dictive relevance (Chang et al., 2009; Lau et
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al., 2014; Roder et al., 2015; Doogan and
Buntine, 2021 Kim et al., 2026). Future re-
search could also extend the present LDA-
based approach by comparing it with trans-
former-based topic modeling, embedding-
based classification, and LLM-assisted at-
tribute assignment. These comparisons would
help assess whether context-sensitive lan-
guage models yield more stable or semanti-
cally refined service-attribute structures and
whether the satisfaction-model results re-
main consistent across model families.
Third, although this study moved beyond
review-level aggregation by constructing serv-
ice- attribute variables at the sentence level,
sentence-level analysis is not free from
ambiguity. Some review sentences may con-
tain more than one service attribute, while
others may require neighboring sentences for
interpretation. The present study partially
addressed this issue by using sentence-
boundary rules, dominant-topic assignment,
and adjacent sentence context when topic
probabilities were ambiguous. Future re-
search could extend this approach through
larger-scale sentence-level validation in which
human evaluators assess both topic assign-
ment and sentiment classification. Such val-
idation would allow researchers to compare
LDA-based assignments with transformer-
or GPT-based classifications and examine
whether sentence-level attribute measures

remain stable across model families.
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Fourth, this study relied on VADER for
sentence-level sentiment analysis. VADER
is useful for large-scale review analysis be-
cause it is transparent, computationally effi-
cient, and suited to short user-generated
text (Hutto and Gilbert, 2014). Given that
the purpose of this study is to integrate sen-
tence-level sentiment measures into a multi-
level satisfaction model, VADER provides an
interpretable and scalable operational meas-
ure of evaluative tone. However, as a lex-
icon- and rule-based method, VADER may
not fully capture sarcasm, contrastive claus-
es, domain-specific idioms, or subtle con-
textual shifts in hotel reviews. Future re-
search should validate sentence-level senti-
ment scores against transformer-based sen-
timent classifiers, such as BERT, RoBERTa,
DistilBERT, or GPT-based approaches, and
ideally compare automated sentiment scores
with human-coded judgments (Kim 2025;
Kim et al., 2026). Recent consumer-review
research also suggests that sentiment meas-
ures can be evaluated not only by classi-
fication performance but also by their pre-
dictive validity in downstream marketing
models (Devlin et al., 2019; Liu et al.,
2019: Sanh et al., 2019 Kim et al., 2025).

Fifth, the frequency count variable was op—
erationalized as the number of sentences as-
signed to each service attribute within a
review. Although this measure is more pre-

cise than a simple keyword count, longer re-
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views may mechanically contain more attrib-
ute mentions. To partially address this is-
sue, Model 3 also controlled for review length
and review-year fixed effects, and several
frequency-related patterns remained mean-
ingful after these controls were included.
Nevertheless, the count variable should still
be interpreted as an indicator of attribute
salience rather than as a fully normalized
measure of attribute importance. Prior stud-
ies show that review length, depth, and tex-
tual characteristics can shape review help-
fulness and other outcomes, underscoring
the need to account for textual volume when in-
terpreting review-derived variables (Mudambi
and Schuff, 2010: Ghose and Ipeirotis,
2011). Future research could further refine
this measure by using normalized attrib-
ute-share indicators or by comparing sen-
tence-count measures with word-count-based
and proportion-based alternatives.

Finally, this study relies on observational
review data and uses ordinal satisfaction
ratings as the primary outcome. Therefore,
the estimated coefficients should be in-
terpreted as conditional statistical effects
rather than causal effects. Although the ro-
bustness specification includes review-year
fixed effects, unobserved factors such as
traveler purpose, trip type, seasonality, serv-
ice recovery experiences, and broader tempo-
ral shocks may still influence review ratings.
In particular, the COVID-19 period repre-
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sents an important contextual shock for the
travel and hospitality industry, but year
fixed effects alone cannot identify how such
disruptions changed traveler expectations,
service operations, or review behavior. Future
research could address these issues using
richer metadata, more granular temporal in-
formation, and, where appropriate, panel,
quasi-experimental, or pandemic-period re-
search designs. Future studies could also
link sentence-level attribute sentiment and
frequency to behavioral or market outcomes,
such as booking intentions, repeat visits, re-
view helpfulness, digital word-of-mouth, or
hotel performance. Presenting predicted prob-
abilities or marginal effects by brand tier
would also make the findings more intuitive for
managerial interpretation (Kim et al., 2026).
Overall, this study demonstrates the value
of integrating sentence-level review ana-
lytics with multilevel modeling and high-
lights the need for ongoing validation of
text-derived constructs. Future work using
human-referenced validation, transformer-
and LLM-based classification, normalized
salience measures, and richer contextual da-
ta would further strengthen review-based

research on service attributes.
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