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Abstract
The emergence of sports tourism has compelled sports managers to rethink the management
and improvement of sports facilities. Through service quality analysis, sports managers can
identify the strengths andweaknesses of their activities for possible advancement. Hence, this
study aims to develop a decision support model based on integrating online reviews and data
envelopment analysis to measure the degree of tourist satisfaction and provide benchmarking
goals for service improvement. The proposed model employs text mining techniques to dis-
cover service quality attributes from text reviews. According to the discovered service quality
attributes, we conduct sentiment analysis to reveal the sentiment polarities of the text reviews.
Then, we refine the polarities and ratings of online reviews into linguistic distribution assess-
ments. Furthermore, we develop a linguistic distribution output-oriented non-discretionary
bestpoint slack-based measure (BP-SBM) to compute the degree of tourist satisfaction and
benchmarking goals. The linguistic distribution output-oriented non-discretionary BP-SBM
can handle both positive and negative data values, thus overcoming the flaws of the traditional
model.Meanwhile, the proposed decision support model investigates how the service-quality
attributes interact to provide improvement pathways for an underperforming stadium based
on association rule mining. We test the applicability of the proposed decision support model
on some Elite stadia in Europe.
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1 Introduction

Sports teams have recognized the need to open up their facilities to the general public through
tourism to gain extra revenue and positive public relations. Sports and tourism are the two
fastest expanding tourism industries (Kurtzman & Zauhar, 2003). Every aspect of sports,
travel and tourism is now linked (Takata & Hallmann, 2021). Sports tourism is beneficial to
tourism growth (Cho et al., 2019). Individuals, regions, and countries all benefit from sports
tourism. Tourists may relate to their team’s history via sports tourism. Others, on the other
hand, consider sports tourism as the continuation of a national, regional, or personal tradition
and identity. Sports tourism is becoming an essential component of certain local development
programs, particularly in interior areas and territories where it may be combined with cultural
tourism and the natural environment, for example, to produce fascinating outcomes. From
2021 to 2030, the worldwide sports tourism market is expected to grow at a CAGR of 16.1%
from $323,420.0 million in 2020 to $1,803,704.0 million (Aniket & Roshan, 2021). This
illustrates that sports tourism’s economic and social effect extends well beyond the actual
athletic event. Locals and tourists alike benefit from the social and economic benefits it
creates.

Conventional wisdom held that sports tourism was limited to spectator vacations. Red-
mond made this remark between 1990 and 1991, saying that spectators are only one kind of
sports tourist (Redmond, 1981, 1990). Redmond categorized sports fans as “actors” of sports
tourism since they are the ones who visit sports venues like historic arenas and museums
dedicated to sports legends. Gibson (1998) definition of sports tourism is regarded as the
most thorough and accurate. He defined it as “Leisure-based travel that takes individuals
temporarily outside of their home communities to participate in physical activities, to watch
physical activities, or to venerate attractions associated with physical activities” (Gibson,
1998). Based on this definition, three types of sports tourism are identified: (1) active sports
tourism, (2) event sports tourism, and (3) nostalgia sports tourism. Over the last several years,
there has been a steady rise in studies related to sports tourism. As a result, most studies have
focused on today’s big sports shows (Niu & Zhang, 2021). It’s becoming more common to
see sporting facilities as tourist attractions in their own right, though (Vegara-Ferri et al.,
2020). Hence, in this research, we delve into nostalgia sports tourism. A well-known def-
inition of nostalgia sports tourism includes visiting sports stadia/arenas, halls of fame, and
other locations related to a sport’s history (Gibson, 1998). Particularly, this research focuses
on football stadium tours, a guided tour behind the stadium scenes.

A growing number of sports and tourism academics are attempting to understand better
elements that encourage people to participate in football stadium tours (Takata & Hallmann,
2021). Like inmanyother types of sports tourism, the desire to return is crucial, particularly for
tourism focused on sports heritage (Chalip&McGuirty, 2004).Many studies have shown that
repeat visitors stick around for a more extended period and are more likely to share favorable
word-of-mouth about the site (Oppermann, 2000). In addition to representing visitors’ loyalty,
the desire to return in the future might assist in forecasting their future behavior (Chen &
Rahman, 2018).Becausemany sporting events and tourismplaces compete for the same sports
tourists, it is critical to know and promote visitors’ intentions to return. The quality of service
is among the numerous factors scholars have studied concerning customer desire to return (de
Matta & Lowe, 2021). Managers who want to restore the image of their sporting facilities via
efficient marketing techniques must focus on service quality. There is a correlation between
greater satisfaction levels and better economic returns (de Matta & Lowe, 2021). Quality
service encourages sports fans to travel to cheer on their favorite teams, visit sports museums
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and halls, and form bonds with other fans who share their goals (Fairley, 2003). Tourists
expect a higher service quality from tourism managers since going for such experiences
necessitates more time and money than participating in other sports-related activities (Cho
et al., 2019).

Tourists often use tourism websites and social media to select tourist attractions based on
other visitors’ experiences. Text reviews and ratings on travelwebsites and socialmedia give a
wealth of data thatmaybeused tomeasure the quality of services offered (Yang et al., 2021). In
the case of football stadium tours,many touristswrite evaluations onTripadvisor.com to share
their thoughts and emotions. Managers may gauge tourist satisfaction and make adjustments
to their services due to the feedback they get from customers. Identifying service quality-
related factors is critical for increasing tourist satisfaction. Because of this, this research uses
online reviews to model service quality and assess football stadium attractions. This enables
service managers to identify areas for improvement in service quality immediately.

Evaluating the service quality of football stadium tours based on online reviews involves
the consideration of several conflicting inputs and outputs; hence can be achieved through
utilizing data envelopment analysis (DEA). Data envelopment analysis (Banker et al., 1984)
is a non-parametric modeling method that utilizes few assumptions to solve performance-
related problems with intricate relationships between several inputs and outputs. DEA has
been known to be a robust optimization technique to handle service quality measurement
(Park & Lee, 2021). Recently, Park and Lee (2021) integrated online reviews and DEA to
benchmark hotel service. The authors developed a decision-support framework for hotel
managers to comprehensively estimate the degree of guest satisfaction (i.e., service-quality
measure) togetherwith benchmarking guidelines on service quality improvement. As a result,
combining online reviews with DEA is a step on the right path. Nonetheless, online reviews
are riddled with inconsistencies and imprecision. Consequently, their usage in DEAmay lead
to erroneous results. Therefore, there is a pressing need to model online review uncertainties
and combine them with DEA for better benchmarking analysis.

To overcome the issue above, it is essential to address the issue of characterizing online
football stadium reviews. Herrera et al. (1995) replaced linguistic variables with a linguistic
term set (LTS) to explain imprecise knowledge. However, employing LTS to manage them
is problematic because of many online comments. However, Zhang et al. (2014) suggested
linguistic distribution assessments (LDAs) that may be utilized to define huge linguistic
variables. LDAs are strong sets for statistically summarizing group linguistic assessments.
LDAs have been used to solve various decision-making difficulties because of their high
feasibility in displaying qualitative and quantitative data (Nie et al., 2020; Wu et al., 2021a,
2021b; Wu et al., 2021a, 2021b; Xiao et al., 2020). LDAs are more versatile and resilient
than current linguistic representations since they can convey individual and group linguistic
judgments. As a result, we employ LDAs to define online football stadium reviews in this
research. To our knowledge, LDAs are yet to be used in DEA analysis to represent online
reviews.

This study aims to propose a data-driven decision support framework proficient in diagnos-
ing football stadium online reviews for benchmarking and providing improvement pathways
for service quality. First, it utilizes natural language processing techniques to extract the key
service quality attributes from online reviews. Afterward, we perform sentiment analysis to
reveal the polarity of tourists’ opinions towards different service quality attributes. In this
instance, we apply LDAs to refine the online reviews of the tourists. Then, we develop a
linguistic distribution DEAmodel to measure tourist satisfaction and perform benchmarking
analysis for quality improvement. The LDAs can model tourists’ opinions from positive,
neutral, and negative perspectives. Hence, the traditional DEAmodel cannot handle this kind
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of data. As a result, this study employs a non-positive slack-based measure (SBM) of DEA
to overcome this data challenge. In addition, the study employs association rule mining to
design a service quality improvement pathway.

Against this backdrop, the study contributes to the literature in the following ways:

1. Acquisition of service quality attributes. Attributes are used as rules to evaluate the
alternatives. Hence, the selection of attributes is considered essential. Based on online
text reviews, we utilize robust natural language processing (NLP) algorithms for mining
key service attributes, which serve as data for the DEA analysis instead of depending on
traditional service quality indices.

2. Description of tourists’ opinion. Online textual reviews are enormous in number and dis-
ordered in structure. Imprecision of tourists’ opinions leads to incomplete data, affecting
the decision results. Hence, how to describe tourists’ opinions to be involved in decision
analysis is of vital importance. This study defines some new rules to describe online
reviews using LDAs. Then, we design a novel score function of LDAs.

3. Development of measurement model. Service quality measurement is essential for ensur-
ing the revisit of tourists and the attraction of new tourists. Therefore, developing a robust
technique for benchmarking tourist satisfaction is crucial. This study proposes a linguistic
distribution output-oriented non-discretionary bestpoint slack-based measure (BP-SBM)
to model and benchmark the service quality of football stadia. The proposed method
can model the ignorance and incompleteness of online reviews that other DEA models
ignore. Meanwhile, the study exploits the association rule mining to design an improve-
ment pathway for managing sports tourism service quality.

The rest of the paper is summarized: Sect. 2 reviews the existing literature on service
quality, DEA, and LDAs. Section 3 discusses the variables for the DEA, data preparation
designs a novel score function for LDAs and proposes an output-oriented non-discretionary
linguistic distribution SBM of DEA for benchmarking analysis. Also, we conduct quality
associations based on the association rule mining approach. In Sect. 4, we output and discuss
the results of the tourist satisfaction measure, the benchmarking analysis, and the quality
association. Also, we conduct a comparative analysis in this section. Section 5 throws light on
some implications of the study. Section 6 presents the conclusion of the paper and elaborates
on future studies.

2 Related works

2.1 Service quality in sports facilities

In the tourism sector, most experiences are created for tourists (Mariani &Visani, 2019). As a
result, facilities and services are constantly evolving (Lau et al., 2021). Tourists’ evaluations
and satisfaction with such services, in particular, are influenced by service-based encounters
(Edensor et al., 2021). Tourists’ subjective reactions to exchanges with services and service
providers, both direct and indirect, are altered due to these encounters (Edensor et al., 2021).
Tourists must have physical comforts in addition to the services they get. Social media,
blogs, wikis, and other collaborative media have greatly simplified the examination of tourist
actions and impressions. Online reviews are a popular tool for tourists to share their thoughts
on tourist attractions they have visited. They disseminate a large quantity of information
based on a wealth of data and encourage the production of new knowledge (Darko & Liang,
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2022b). Using online reviews to enhance service quality, marketing, and the environment is
a fantastic potential for tourist businesses (Guo et al., 2017).

User satisfaction may be significantly influenced by how sports facilities are administered
(Cho et al., 2019). This field’s relevant research may be divided into functional and service
management streams. Studies focusing on the functional attributes of sports facilities utilize
technical approaches to evaluate specific building services management characteristics such
as air quality (Bunds et al., 2019; Silva & Ricketts, 2016), thermal condition (Bonser et al.,
2020; Losi et al., 2021), and heating energy consumption (Bonser et al., 2020; Sofotasiou
et al., 2014). Sports facilities’ technical performance was evaluated using engineering inves-
tigations (such as computer simulations and physical measurements) in these studies, often
undertaken from a financial or environmental aspect. The other studies focused on the service
aspect of sports facilities use user-centric analytic approaches to evaluate the management of
sports facilities, such as benchmarking analysis (Iversen, 2015; Liu et al., 2009), management
efficiency (Li&Li, 2021; Ramchandani et al., 2018), and qualitymanagement (Ramchandani
& Taylor, 2011).

In the administration of sports facilities, service quality is critical. Several studies have
investigated how service quality affects tourist satisfaction and return propensity. For exam-
ple, in Mazandaran province, Ghasemi and Sanaei, (2015) investigated the link between
attractive sports facilities and customer satisfaction as mediated by service quality. Álvarez-
García et al. (2019) investigated the impact of the characteristics that allow for the grading
of service quality perceived by sports and health facilities users on their satisfaction with the
service received. Ibrahim et al. (2020) investigated the effect of service quality dimensions
in sports facilities on use intention.

Most research on service quality in sports facilities has employed a quantitative approach,
including surveys and scale development methodologies. Survey-based service quality meth-
ods have certain disadvantages, such as being time-consuming, requiring a significant
financial commitment, and having lower accuracy owing to a lack of continuous period
assessment (Darko & Liang, 2022a). In conclusion, survey-based service quality instru-
ments are ineffective for rapid and proactive decision-making. Hence, the introduction of a
novel methodology to overcome the drawbacks of the survey-based methods is very crucial
(Weed & Bull, 2009). Processing online reviews has been identified as a potentially strong
alternative to assessing survey data (Park & Lee, 2021). As a result, there is a need for a
paradigm shift toward analyzing service quality in sports facility management by employing
tourist experiences through online reviews.

Indeed, little research has been conducted to explore tourist experiences in sports tourism,
notably football stadium tourism. For example, Edensor et al. (2021) evaluated tourist expe-
riences inside football stadia in the 2019–2020 season using TripAdvisor reviews from 44
English football stadia. The authors analyzed online reviews to enhance the visitor experience
in tourist sites, examiningmulti-dimensional encounters and establishing various dimensions
that assist management in comprehending the complexity of their offers. The research backed
earlier results regarding how stadiums act as pilgrimage and historical sites. In addition, two
new visitor experience characteristics were unveiled, demonstrating how stadiums serve as
restaurants and have practical and functional features that are essential to the tourist expe-
rience. With insights from the study of Edensor et al. (2021), we extend the application
of online football stadium reviews to investigate tourist satisfaction with football stadium
service quality.
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2.2 DEA studies

For many years, one of the main goals of DEA has been to assess the relative efficiency
of service-producing units (Zhu, 2022). As a result, several studies have used it to evaluate
customer satisfaction and service quality. DEA is a non-parametric multiple criteria decision-
making technique that comprises the identification of decision-making units (DMUs), a set
of inputs and outputs for each DMU and the measurement of efficiency values of DMUs.

DEA has been used in some tourism-related research for benchmarking purposes. For
example, Sellers-Rubio and Casado-Díaz (2018) used a two-stage double bootstrap data
envelopment analysis approach to evaluate the performance of the Spanish hotel business.
According to the findings, there is a substantial correlation between the environmental factors
studied and the overall inefficiency of hotels in Spain. Yin et al. (2020) provided a two-stage
hotel network structure model based on resource-based perspective theory (i.e., operations
stage and marketing stage). A bi-objective model built on DEA was proposed to assess the
hotel’s efficiency from two interdependent phases. Several efficiency studies use historical
data as the input and output variables of the DEA model, similar to the works mentioned
above.

Other research has eschewed historical data favoring survey data when developing DEA
models. For instance, Lee and Kim (2014) proposed a pure output-oriented Banker–Char-
nes–Cooper (BCC) approach for quantifying and benchmarking service quality across five
dimensions (i.e., tangibles, reliability, responsiveness, assurance, and empathy) using estab-
lished service performance criteria. Najafi et al. (2015) used the perceived service quality
index (PSQI) as a single measure to assess the multiple-item service quality concept. The
PSQI is calculated using a slack-based measure (SBM) of efficiency with constant inputs.

Recent advancements in social media and internet websites have resulted in massive
amounts of open-source data for decision-making. To better understand tourist experiences,
several studies used internet reviews as a data source for DEA models, namely ratings and
text reviews. Mariani and Visani (2019) published ground-breaking research that explored
the importance of online customer satisfaction rating scores for calculating efficiency scores
and enhancing the discriminative power ofDMUs (hotels) on hotel performance. They sought
to close the gap between online rating scores and hotel performance by applying a classical
input-oriented BCC-DEA model to a sample of various Italian hotel categories. The model
included three input variables (rooms, employees, and net operating expenses) and two output
variables (revenue and online rating scores). Park and Lee (2021) created a decision-support
framework based on DEA and sentiment opinions to thoroughly evaluate guest satisfaction
(i.e., service-quality metrics and benchmarking suggestions for improvement).

It is evident that different data sources are used in the DEA model for benchmarking
analysis. However, online reviews better describe tourists’ experiences as they provide rich
information. Hence, integrating online reviews with DEA is in the right direction. The pio-
neering works (Mariani & Visani, 2019; Park & Lee, 2021) provide the basis for using
online reviews in the DEA model. Nevertheless, online reviews are usually characterized by
ambiguous and incomplete information; hence their use in decision-making may result in
poor outcomes. Therefore, we aim to bridge this gap by modeling online reviews’ uncertain-
ties and integrating them with DEA for better benchmarking analysis.
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2.3 LDAs

With the rising ambiguity of information and decision-makers’ subjective cognition in recent
years, it has become more challenging to employ exact values for alternative assessments
throughout the decision-making process. As a result, decision-makers are more likely to use
language phrases to describe their intuitive views regarding assessment difficulties. Numer-
ous linguistic evaluations in real-world decision-making, such as online reviews on the tourist
website (TripAdvisor.com), take the form of distributed assessments (Yu et al., 2018). As a
result, linguistic distribution assessments (LDAs) are seen as an appropriate representation
of the subjective ambiguity and objective distributed assessment of decision makers’ view-
points. Compared to a variety of other linguistic models, LDAs can effectively represent
uncertain information while maintaining the integrity of group linguistic information. To
more accurately and completely express group views, it is critical to use LDAs to convey
group linguistic assessments.

The LDAs-based expressions have shown productive results due to their great practicality
in representing qualitative and quantitative information. For example, through linguistics,
Xiao et al. (2020) investigated how to handle individual semantics and consensus in large-
scale group decision-making. Nie et al. (2020) used LDAs to construct a cloud-based quality
function deployment (QFD) model in conjunction with the TODIM approach to improve the
quality of healthcare services. Again, Wu et al. (2021a, 2021b) created a quantum frame-
work for simulating interference effects in multiple criterion group decision-making for
linguistic distributions. Wu et al., (2021a, 2021b) suggested a model of multi-criteria group
decision-making based on linguistic distributions that integrate extended TODIMwith quan-
tum decision theory.

A detailed examination of the available literature demonstrates that the LDAs model
is employed to reflect individual rather than group linguistic judgments. However, many
LDAs are group evaluations, such as movie ratings, product praise ratings, and emotional
views. Only a few studies have examined group linguistic assessments via online reviews.
For instance, Yu et al. (2018) used LDAs to develop a multi-criteria decision-making model
for hotel selection. The authors used their suggested model to convert online reviews into
LDAs to assess hotels and choose the ideal one. According to Yu et al. (2018), group lin-
guistic assessments such as online reviews may be represented as LDAs. Because the LDAs’
representation of linguistic information is more convenient and thorough, this research uses
the LDAs to express the distributed group linguistic evaluation information, which is more
consistent with the current environment.

In what follows, we present some fundamentals of the LDAs based on the results of Zhang
et al. (2014) and Yu et al. (2018), which can serve as the theoretical background for the rest
of the paper.

Definition 1. Let S = {sδ|δ = −τ, . . . ,−1, 0, 1, . . . , τ } be a linguistic term set (LTS); then
an LDA is defined as follows:

Ld =
⎧
⎨

⎩

(
s(τ ), β(τ)

)
|s(τ ) ∈ S, β(τ) > 0, τ = 1, 2, . . . , |Ld|,

|Ld|∑

τ

β(τ) = 1

⎫
⎬

⎭
, (1)

where s(τ ), β(τ) is the τ − th element in the LDA and comprises a linguistic term s(τ ) and
its symbolic proportion β(τ). The term |Ld| represents the number of elements in the LDA.
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Let S = {sδ|δ = −τ, . . . ,−1, 0, 1, . . . , τ } be an LTS and Ld ={
(
s(τ ), β(τ)

)|s(τ ) ∈ S, β(τ) ≥ 0, τ = 1, 2, . . . , |Ld|,
|Ld|∑

τ

β(τ) = 1

}

be an LDA, then a

score function value Ld is given as E(Ld) =
|Ld|∑

τ=1
β(τ)�

(
s(τ )

)
, where the term �

(
s(τ )

)
is

the subscript of the linguistic term s(τ ).
For any two LDAs Ld1 and Ld2, if E(Ld1) > E(Ld2), then Ld1 is greater than Ld2; if

E(Ld1) = E(Ld2), then Ld1 and Ld2 have the same score; if E(Ld1) < E(Ld2), then Ld1
is lesser than Ld2.

3 A data-driven decision support framework

This study proposes a comprehensive data-driven decision support framework to adeptly
diagnose football stadium online reviews for benchmarking and improving service qual-
ity management pathways. The proposed framework comprises four phases: service quality
attributes extraction, sentiment analysis and transformation, benchmarking analysis, and ser-
vice quality improvement analysis. Figure 1 summarizes the comprehensive decision support
model.

3.1 Variable selection

According to the suggested linguistic distribution SBM of DEA, we need to define the input
and the output components to calculate the degree of tourist satisfaction. Two dimensions,
firm reputation and service quality, are significant drivers in gauging customer happiness.
Firm reputation is defined as a stakeholder’s total judgment of a firm over time which may
be based on personal experiences or the experiences of third parties. TripAdvisor’s 2018
research estimated that 97% of company owners regard online reputation management as
crucial to their companies (Erskine, 2018). Other firm characteristics may be used to measure
reputation, such as tourists per year, annual revenue, or the firm’s age. However, this study
focuses on using tourist experiences through online reviews other than historical data to
measure online reputation.Afirm’s online reputation is reflected in its ratings (Luca&Reshef,
2021). Online rating is one of the crucial pieces of information in a firm’s reputation since
it provides experiences from prior customers. Hence, some research has used online ratings
as a proxy for firms’ reputations (Chiles, 2021; Luca & Reshef, 2021). For instance, Luca
and Reshef (2021) evaluated the influence of pricing on business reputation using internet
ratings to measure firm reputation. Also, Chiles (2021) studied the influence of required
extra fees on business reputation in the U.S. hotel market using data gathered from two
major online travel sites. The author used disparities in surcharge disclosure across booking
channels to find concealed “resort fees” causal influence on passenger evaluations. Based on
the conversations thus far, we use online ratings as the proxy for the stadium’s reputation in
the suggested approach.

On the other side, the quality of service is a significant indicator of tourist satisfaction
(Masriki & Frinaldi, 2021; Santos et al., 2020). Numerous researchers have demonstrated a
link between service quality and tourist satisfaction (e.g., Masriki & Frinaldi, 2021; Moro
et al., 2020; Santos et al., 2020; Su&Teng, 2018). In recent years, online textual reviews have
developed into a valuable data source for assessing service quality. Textual reviews are used
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Fig. 1 Framework of the proposed data-driven decision support model

123



194 Annals of Operations Research (2023) 325:185–218

to identify service quality characteristics, and sentiment analysis is used to determine overall
imprecision (Nilashi et al., 2021a, 2021b). For instance, Nilashi et al. (2021a, 2021b) studied
travelers’ satisfaction in Malaysian hotels during the COVID-19 outbreak through online
customers’ reviews.Moreover, the authors examinedwhether service quality during COVID-
19 has an impact on hotel performance criteria and consequently customers’ satisfaction. As
an aspect of smart tourismKim et al. (2017) applied the sentiment analysis method to analyze
the quality of tourism destinations. Also, Thu et al. (2021) presented a method to measure
guest satisfaction based on sentiment lexicon that is developed for hospitality domain. Based
on these previous studies, it is possible to analyze service quality of football tourism using
online reviews and sentiment analysis. Therefore, using the proceduresmentioned inSect. 3.2,
we extract essential service quality attributes from stadium online text reviews. We analyze
the service quality attributes to ascertain their sentiment polarity for further analyses.

There is substantial proof that afirm reputation significantly impacts consumers’ evaluative
opinions, such as quality assessments (Andreassen & Lindestad, 1998; Darden & Schwing-
hammer, 1985). A firm reputation is essential to service quality (Anderson & Sullivan, 1993;
Blanchard & Galloway, 1994). Gronroos (1988), for example, presented three determinants
of service quality: technical excellence, professionalism and abilities, and image. The image
dimension is concerned with one’s reputation and credibility. Furthermore, Bloemer et al.
(1998) researched image-related problems in banks and discovered that a bank’s favorable
brand image considerably affects perceived service quality. In other words, brand image
(reputation) is an essential indicator of service quality. Wu (2011) investigated the influence
of hospital brand image on service quality, patient satisfaction, and loyalty. The findings
revealed that hospital brand image improves service quality, patient satisfaction, and loyalty.
In addition, Vimla and Taneja (2021) provided a conceptual framework in which they found
that hospital brand image positively impacted service quality.

As a result, the research hypothesizes that stadium reputation (input) influences the qual-
ity of service (output) offered by stadium management, based on a link between company
reputation and service quality that the literature has experimentally supported. As a result, in
the proposed DEA model, we use online ratings to proxy stadium reputation and sentiment
polarity as a surrogate for service quality qualities. In online decision-making, we propose
that ratings and feelings have distinct proximities. Apart from the fact that numeric ratings
may not wholly capture the “polarity of information in the text evaluations” (Hu et al., 2014),
we believe that feelings may play a different function in the decision-making process than
ratings. Tourists may use various types of information throughout different stages of the
selection process since search, assessment, and choosing in an online environment may be
highly complex. Hu et al. (2014) investigated the function of review sentiment in moderating
the impact of product ratings on sales. The authors discovered that ratings did not affect sales;
however, average sentiments negatively and substantially affect sales. Their findings show
that ratings indirectly influence sales rank through sentiments, whereas sentiments directly
impact sales rank. Based on these statements, we conclude that online ratings and sentiments
may be included in the proposed DEA model since they play distinct roles in the decision
process.

3.2 Data preparation

Data preparation involves two main stages: extracting online football stadium reviews and
data preprocessing. Natural language processing (NLP) techniques are employed to accom-
plish the data preparation phase. A detailed explanation of each step is discussed below.
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3.2.1 Crawling the online reviews

This step crawls online football stadium reviews from Tripadvisor.com (https://www.
tripadvisor.com), a popular travelwebsite globally.We scrape online football stadium reviews
using python programming based on selenium. Typically, OCRs contain much information
such as reviewer name, review date, text reviews, numerical reviews (ratings), etc. Therefore,
the required information can be obtained by utilizing a python crawler.

3.2.2 Preprocessing the textual reviews

First, we leverage RegEx (Malik et al., 2021) and other normalization techniques to clean
the text reviews by eliminating special characters (e.g., &, %, @, *, #, etc.) and unclarified
numbers. SymSpell (Garbe, 2019) is used to correct typo errors, and the text reviews are
translated into lower cases. Next, we perform tokenization based on SpaCy (Goyal et al.,
2018) to break down the text reviews into words. Afterward, we delete English stop words
(e.g., “I,” “am,” “what,” “is,” etc.) from the tokenized words. Then, to bring single word
concepts together, stemming techniques are used, inwhichmultiple versions of theword, such
as “absolutely,” “absolute,” and “absoluteness,” are reduced into the single token “absolute.”

3.3 Extraction of service quality attributes

We utilize the Latent Dirichlet allocation (Blei et al., 2003) topic modeling approach to
grasp the hidden attributes of service quality from the textual reviews. In other words, we
discover per-attribute word distributions (i.e., per-topic word distributions) for identifying
service quality attributes and per-review attribute distributions (i.e., per-document topic dis-
tributions) for vectorizing each review for further analyses. Note that topics extracted from
the Latent Dirichlet allocation model correspond to service quality attributes. Based on the
Gibbs Sampling formula, all the words in the textual reviews are iterated, reorganized, and
each word’s feature distributions are updated. The outcome of the trained Latent Dirich-
let allocation model includes a “Topic-word” matrix. We integrate similar topics and finalize
the topic’s name, representing significant service quality attributes Fr (r = 1, 2, . . . , q)

Let Ti (i = 1, 2, · · · , v) denote a textual review and Fr (r = 1, 2, . . . , q) represent an
attribute. Then, we construct the text-attribute matrix based on the outcome of the Latent
Dirichlet allocation model. Each value in the text-attribute matrix represents how a textual
review belongs to a specific attribute. For each textual review, we can select the max value
from its text-attribute probability vector as the primary attribute for the text. Hence, each
service attribute is a cluster of several textual reviews.

3.4 Translation of sentiment scores into LDAs

In this subsection, we conduct sentiment analysis on the cluster of service quality attributes
containing a group of similar textual reviews. Based on these textual reviews, we use the
VADER (Hutto & Gilbert, 2014) sentiment analyzer to detect the sentiment score of each
textual review. Let ϕ represent the sentiment score where ϕ ∈ [−1, 1]. In this case, 1 rep-
resents the most positive opinion, while − 1 denotes the most negative opinion. Based on
sentiment scores, stadium managers can interpret tourist experiences regarding each key
service quality attribute. The sentiment scores have three levels, i.e., positive, neutral, and
negative.
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Subsequently, we employ the LDAs to help summarize the sentiment scores regarding
the service quality attributes. The LDAs help quantify the accurate reflection of tourist feel-
ings and overcome the uncertainty in benchmarking tourist satisfaction. According to the
framework of the LDAs, we describe the sentiment scores using five linguistic labels:

(a) If ϕ is between − 1 and − 0.5, it can be denoted as very negative (s−2);
(b) If ϕ is between − 0.5 and 0, it can be marked as negative (s−1);
(c) If ϕ is equal to 0, it can be denoted as general (s0);
(d) If ϕ is between 0 and 0.5, it can be designated as positive (s1);
(e) If ϕ is between 0.5 and 1, it can be represented as very positive (s2).

On the other hand, we translate the rating score provided by the tourist as well into five
linguistic labels:

(a) If μ is equal to 1, it can be denoted as very negative (s−2);
(b) If μ is equal to 2, it can be characterized as negative (s−1);
(c) If μ is equal to 3, it can be denoted as general (s0);
(d) If μ is equal to 4, it can be marked as positive (s1);
(e) If μ is equal to 5, it can be represented as very positive (s2).

Meanwhile, we calculate the frequency of each linguistic term and obtain the LDAs.
The LDAs obtained based on the sentiment scores are used to evaluate the service quality

attributes. Similarly, the LDAs generated from the rating scores are utilized to measure a
firm reputation. Subsequently, we introduce the LDAs into the DEA framework and propose
a benchmarking methodology for analyzing football tourism service quality.

3.5 Linguistic distribution SBM of DEA

In this part, we develop an approach for benchmarking sports stadia. The benchmarking study
evaluates each stadium’s degree of tourist satisfaction and offers a target stadium for other
stadia with low tourist satisfaction (Park & Lee, 2021). SBM of DEA (Tone et al., 2020) is
an appropriate approach for performing the benchmarking study since it directly models the
input or output slacks without assuming proportional changes of inputs or outputs. Hence,
we integrate it with LDAs and propose an improved linguistic distribution SBM of DEA.

This research assumes that LDAs have a different impact on tourist satisfaction and bench-
marking strategies. Specifically, the LDAs over the multiple outputs and inputs for the SBM
DEAmay be positive, negative, or zero. Therefore, we apply the Basepoint (BP)-SBM DEA
(Tone et al., 2020) model to handle this problem. The BP-SBM DEA assumes that all inputs
or outputs are discretionary, i.e., controlled by each DMU manager, and can be changed
at their will. However, in any realistic case, non-discretionary inputs or outputs may exist
beyond managers’ control. For example, location can be considered non-discretionary. This
is because a location’s selection for a particular project, such as buildings, involves sev-
eral decision factors such as accessibility, security, competition, and growth potential. Once
established, a firm often chooses to remain in its initial location owing to external economies
of scale. A place that has been connected with a particular sector acquires specialized skills
and knowledge over time. A relocation choice entails potentially large expenditures, such as
equipment transfer. Hence, selecting a location is a long-term decision and may not be easily
altered by managers. These non-discretionary inputs or outputs are usually excluded from
the benchmarking analysis but aid in measuring efficiency.
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Estimating the LDAs, and the quest to measure the ideal service quality (i.e., the extent
of tourist satisfaction) over multiple key service attributes require developing an output-
oriented BP-SBM DEA with multiple outputs and less input. In this paper, the LDAs of
service attributes are used as outputs, while the LDAs of rating used as a proxy for stadium
reputation are considered an input. Tone et al. (2020) introduced the following BP-SBM
DEA as Model 1 to handle non-positive exact numbers.

Model 1

θo = min

1 − 1
n

n∑

i=1

η−
io

xio

1 + 1
h

h∑

i=1

η+
io
yio

s.t .

⎧
⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

m∑

j=1
λ j x i j + η−

io = xio, (i = 1, 2, . . . , n)

m∑

j=1
λ j yi j − η+

io = yio, (i = 1, 2, . . . , h)

η−
io ≥ 0, η+

io ≥ 0, λ j ≥ 0 ( j = 1, 2, . . . ,m)

where xi j = xi j − xmin
i > 0(∀i, j) and yi j = yi j − ymin

i > 0(∀i, j) are the modified base
point used to translate the negative inputs and outputs. The optimal solution of Model 1 is(
θo, λ

∗
j , η

∗−
io , η∗+

io

)
.

Inspired by the above idea, we modify the BP-SBM DEA model in the linguistic distri-
bution environment by introducing LDAs into the BP-SBM DEA. The fundamental basis of
this research lies in how stadium managers can improve tourist satisfaction through service
quality attributes. Hence, we adopt the output-oriented variant of the BP-SBM DEA to mea-
sure the degree of tourist satisfaction. Again, we argue that some service quality attributes are
beyond the control of stadium managers. Therefore, we introduce non-discretionary outputs
in the BP-SBM DEA.

Definition 2. For a set of inputs X = {xi |i = 1, 2, . . . , n} and a set of outputs Y =
{yr |r = 1, 2, . . . , q} of the stadium k (k = 1, 2, . . . ,m), suppose that the values of input
are contained in a linguistic distribution input matrix (LDIM) I = (
ik)n×m , and the
outputs are contained in a linguistic distribution output matrix (LDOM) O = (
rk)n×q .

According to the proposed output-oriented non-discretionary BP-SBM DEA, when the
input–output data contain both LDAs, for the assessed DMUs, the output-oriented non-
discretionary BP-SBM DEA in a linguistic distribution environment is defined as Model 2,
i.e.,
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Model 2

θk = min

1 − ε
n

n∑

i=1

η−
ik


ik

1 + 1
h

h∑

r=1

η+
r Dk


r Dk

s.t .

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

m∑

j=1
λ j
 i j + η−

ik = 
 ik (i ∈ I )

m∑

j=1
λ j
r D j + η−

r Dk
= 
r Dk (r D ∈ O)

m∑

j=1
λ j
r ND j = 
r NDk (r ND ∈ O)

η−
ik ≥ 0, η+

r Dk
≥ 0, λ j ≥ 0 ( j = 1, 2, . . . ,m)

In Model 2, ε is a negligible positive integer; r D and r ND represent discretionary and
non-discretionary outputs in the LDOM , η−

ik and η+
r Dk

are the slack variables connected

with the inputs and the discretionary outputs, respectively; 
 i j = 
i j − (
i )
min > 0(∀i, j);


r j = 
r j − (
r )
min > 0(∀r , j); λ j is the weight assigned to the j th stadium. Thus, the

optimal solution of Model 1 is
(
θk, λ

∗
j , η

∗−
ik , η∗+

r Dk

)
.

To solve Model 2, we design an improved score function of LDAs. The improved score
function can handle the hesitancy of the linguistic terms. In light of the basic idea of Lin et al.
(2021), we define an improved score function for LDAs as follows:

Definition3. Let S be anLTSand Ld = {(
s(τ ), β(τ)

)|s(τ ) ∈ S, β(τ) > 0, τ = 1, 2, . . . , |Ld|}
be an LDA on S, then an improved score function value of Ld is defined as:

I score(Ld) =
|Ld|∑

τ=1

(
1 − μ

(
s(τ )

))
×

⎛

⎝
|Ld|∑

τ=1

β(τ)�
(
s(τ )

)
⎞

⎠, (2)

where μ
(
s(τ )

)
is the hesitance measure of s(τ ) and it is computed based on (5):

μ
(
s(τ )

)
= 1 −

∣
∣
∣
∣
∣
�(sτ ) −

(|Ld|∑

τ=1
βτ · �(sτ )

)∣
∣
∣
∣
∣

2τ
. (3)

From Definition 3, it can be observed that the I score(Ld) considers the hesitance degree
and uncertainty of LDAs.

When the input arguments ofModel 2 are LDAs, according to the improved score function
I score(Ld), we modify it as follows:
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Model 3

θk = min

1 − ε
n

n∑

i=1

⎛

⎜
⎜
⎝

η−
ik

|Ld|∑

τ=1

(
1−μ

(
s(τ )
ik

))
×

(|Ld|∑

τ=1
β

(τ)
ik �

(
s(τ )
ik

)
)

⎞

⎟
⎟
⎠

1 + 1
h

h∑

r=1

⎛

⎜
⎜
⎝

η+
r D k

|Ld|∑

τ=1

(
1−μ

(
s(τ )
rk

))
×

(|Ld|∑

τ=1
β

(τ)
rk �

(
s(τ )
rk

)
)

⎞

⎟
⎟
⎠

s.t .

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

m∑

j=1
λ j

|Ld|∑

τ=1

(
1 − μ

(
s(τ )
i j

))
×

(|Ld|∑

τ=1
β

(τ)

i j �
(
s(τ )
i j

)
)

+ η−
i j =

|Ld|∑

τ=1

(
1 − μ

(
s(τ )
ik

))
×

(|Ld|∑

τ=1
β

(τ)

ik �
(
s(τ )
ik

)
)

m∑

j=1
λ j

|Ld|∑

τ=1

(
1 − μ

(
s(τ )

r D j

))
×

(|Ld|∑

τ=1
β

(τ)

r D j�
(
s(τ )

r D j

)
)

+ η−
r Dk

=
|Ld|∑

τ=1

(
1 − μ

(
s(τ )

r Dk

))
×

(|Ld|∑

τ=1
β

(τ)

r Dk�
(
s(τ )

r Dk

)
)

m∑

j=1
λ j

|Ld|∑

τ=1

(
1 − μ

(
s(τ )

r ND j

))
×

(|Ld|∑

τ=1
β

(τ)

r ND j�
(
s(τ )

r ND j

)
)

=
|Ld|∑

τ=1

(
1 − μ

(
s(τ )

r NDk

))
×

(|Ld|∑

τ=1
β

(τ)

r NDk�
(
s(τ )

r NDk

)
)

η−
ik ≥ 0, η+

r Dk
≥ 0, λ j ≥ 0( j = 1, 2, . . . ,m)

Let I scoreI (
ik) =
|Ld|∑

τ

(
1 − μ

(
s(τ )
ik

))
×

(|Ld|∑

τ=1
β

(τ)
ik �

(
s(τ )
ik

)
)

and I scoreO(
rk) =
|Ld|∑

τ

(
1 − μ

(
s(τ )
rk

))
×

(|Ld|∑

τ=1
β

(τ)
rk �

(
s(τ )
rk

)
)

, then we simply the Model 3 as follows:

Model 4

θk = min

1 − ε
n

n∑

i=1

η−
ik

I scoreI
(

ik

)

1 + 1
h

h∑

r=1

η+
r Dk

I scoreO
(

r Dk

)

s.t .

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

m∑

j=1
λ j I scoreI

(

 i j

) + η−
ik = I scoreI

(

 ik

)
, (i = 1, 2, . . . , n)

m∑

j=1
λ j I scoreO

(

r D j

) − η+
r Dk

= I scoreO
(

r Dk

)
, (r = 1, 2, . . . , h)

m∑

j=1
λ j I scoreO

(

r ND j

) = I scoreO
(

r NDk

)
, (r = 1, 2, . . . , z)

η−
ik ≥ 0, η+

r Dk
≥ 0, λ j ≥ 0,

where ε is a negligible positive integer; r D and r ND represent discretionary and non-
discretionary outputs, respectively. η−

ik and η+
r Dk

are the slack variables connected with

the inputs and the discretionary outputs, respectively;I score
(

 i j

) = I score
(

i j

) −
I score(
i )

min > 0(∀i, j); I score(
r j
) = I score

(

r j

) − I score(
r )
min > 0(∀r , j);

I scoreI
(

 i j

)
and I scoreO

(

r j

)
are the score functions of the translated LDI and LDO

respectively for the j th stadium, and I scoreO
(

rk

)
are the score functions of the translated

LDI and LDO for the kth stadium; λ j is the weight assigned to the j th stadium. Thus, the

optimal solution of Model 4 is
(
θk, λ

∗
j , η

∗−
ik , η∗+

r Dk

)
.

The tourist satisfaction score θk is a means rather than an end to improving the service
quality. The primary purpose of θk is to identify the pathway for each stadium to improve
its service quality. If θk = 1 then stadium k is considered the best practice; otherwise, it
is an underperformed stadium. It must be emphasized that the condition θk = 1 is equal
to both η∗−

ik = 0 and η∗+
r Dk

= 0 (Tone et al., 2020). As a result, the stadia can be divided
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into two classes, i.e., benchmarks (best-practice stadia) if a stadium obtains a score of 1 and
underperformed stadia needing a benchmark for service quality improvement. To improve
the tourist satisfaction of an inefficient stadium, we determine its benchmark as follows:

�k =
{
j |λ∗

j > 0
}

( j = 1, 2, . . . , n). (4)

When a stadium underperforms, the output level in (4) can be employed as the origin for
setting benchmarks to enhance tourist satisfaction. Each underperformed stadiumcan become
the best practice stadium by fine-tuning its operations to the benchmark goals determined by
the best practice stadium that describes its reference frontier. An inefficient stadium k can
improve and become efficient by increasing the output shortage as follows:



yrk = I scoreO

(

r Dk

) + η+∗
r Dk

. (5)

3.6 Service quality association

In this subsection,we re-investigate the sentiment orientations for an underperformed stadium
to estimate the quality association between the service quality attributes for improvement.
This step utilizes association rule mining (Agrawal et al., 1993) to perform the association
analysis. The association rule explains the similarity (or dissimilarity) between two service
quality attributes of the underperforming stadium. Let Fr → Fv be the association rule
between the service quality attributes Fr and Fv of each stadium (r , v = 1, 2, . . . , q; r �= v).
According to the association rule, we compute the support, confidence, and lift of the rule
Fr → Fv as follows (Alam et al., 2021):

support(Fr → Fv) = |Fr ∪ Fv|
|q| = supp(Fr ∪ Fv), (6)

con f (Fr → Fv) = Supp(Fr ∪ Fv)

Supp(Fr )
, (7)

li f t(Fr → Fv) = Supp(Fr → Fv)

Supp(Fr ) · Supp(Fv)
. (8)

Support indicates the frequency of combining two key service attributes in the collection
of service attributes. Confidence indicates the normalized effect of a key service feature on
a rule and can be explained as the credibility of one key service feature impacting another
feature. The lift is the best option to determine the polarity of association rules since the
support and confidence cannot achieve that. According to each association rule Fr → Fv ,
the following remarks can be concluded:

Remark 1. If li f t(Fr → Fv) = 1, then Fr , and Fv are autonomous of each other.

Remark 2. If li f t(Fr → Fv) > 1, then Fr , and Fv are positively interrelated.

Remark 3. If li f t(Fr → Fv) < 1, then Fr and Fv are negatively interrelated.

Referring to the works of Xu et al. (2019) and Liang et al. (2020), we use the centrality to
calculate the weight of the service attributes. The weight importance is computed based on
the weight of the association rule�rv , which is obtained according to the following remarks:

Remark 4. If li f t(Fr → Fv) ≥ 1, then �rv is �rv = con f (Fr → Fv).
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Remark 5. If li f t(Fr → Fv) < 1, then �rv = −con f (Fr → Fv).

The degree of centrality �r sums the outdegree of Fr and the indegree of Fr together.
The outdegree value Fr is determined by adding the weights of all association rules that go
to this key service feature. In contrast, the indegree value Fr is determined by adding the
weights of all association rules that go out of this key service feature. Therefore, the degree
of centrality of the key service feature Fr is ascertained as follows:

�(Fr ) = Outdegree(Fr ) + Indegree(Fr ). (9)

According to the degree of centrality, we determine the weight and importance of the key
service attributes as follows:

w(Fr ) = �(Fr )
z∑

i=1
(Fr )

. (10)

Based on the weight information, the service quality attribute with the highest weight is
the most important. The lift values of the association mining indicate the direction of the
relationship between the attributes. Therefore, we can deduce the improvement pathway by
utilizing the weight of the attributes and their lift values. The improvement algorithm is
presented as follows:

Step 1Arrange each underperforming stadium’s service quality attributes in a descending
order based on Eq. (10).

Step 2 Choose the first service quality attribute for further analysis.
Step 3Check the association rule between the first-ranked attribute and the other attributes

that need improvement.
Step 4 Based on Remarks 1–4, the direction of the association between the first-ranked

attribute and the other attributes can be ascertained.

(a) If the lift values are greater than 1, improving the first-ranked attribute can translate into
the growth of the other attributes. Hence, the underperforming stadium can follow this
path.

(b) If the lift values are less than 1, improving the first-ranked attribute can reduce the growth
of the other attributes. Hence, the underperforming stadium should ignore this path.

(c) If the lift values are equal to 1, the improvement of the first-ranked attribute does not
affect the other attributes. Hence, the attributes should be improved individually.

4 Decision analysis

In this study, we experiment using theUnion of European Football Associations (UEFA) Elite
stadia. UEFA categorizes stadia as category one, two, three, or UEFA elite stadia (worldsta-
diumdatabase.com). A stadium must be recognized as an elite stadium to host the final of the
UEFA Champions League or the UEFA Europa League, UEFA’s two elite club competitions.
These stadia are adding new usages within stadia to attract diverse tourists throughout the
year (Edensor et al., 2021), with some moving to new multi-functional arenas. These tourists
seek experiences other than watching football matches.

First, we sample the top seven football leagues (England, Spain, Italy, Germany, France,
Portugal, and the Netherlands) according to UEFA’s 2020/2021 country coefficients. Then,
the ten most popular elite stadia in these leagues with a capacity of 50,000–100,000 are
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selected for further studies. This study draws on TripAdvisor reviews to comprehensively
investigate tourist satisfaction within a football stadium. We crawl 15,177 online reviews,
including ratings and text reviews, using python programming based on selenium. The data
is collected from 2018 to 2020, and the sample includes only reviews written in English.

4.1 Data acquisition

According to Sect. 3.2.2, the textual reviews are preprocessed using RegEx, SymSpell, and
SpaCy natural language techniques. The preprocess allows us to have fine-grain reviews to
extract the key service attributes. Employing the processes of Sect. 3.2.3, we identify the key
service quality attributes from the cleaned textual reviews. Five topics are obtained from the
latent Dirichlet allocation model. The topics and their keywords are presented in Table 1.

The study compares the results, and conflicts are handled through group discussions to
arrive at the final description of each topic, as suggested by Glowacki et al. (2018). Also, we
refer to the textual reviews to obtain insight into renaming each topic. Hence, the following
five service quality attributes (topics) are ascertained: facilities (F1), service (F2), atmosphere
(F3), guest support (F4), and location (F5).

The Latent Dirichlet allocationmodel produces the dominant topic for each textual review.
Then, we can group similar textual reviews under each topic (service quality attribute.). The
VADER sentiment algorithm is applied to obtain the sentiment scores of the textual reviews
under each service quality attribute. Based on the translation rules of Sect. 3.3, we convert
the sentiment scores into LDAs. Also, the ratings are translated as well. Subsequently, we
build the input and output matrix in Table 2. In Table 2, the LDAs represent the evaluation
of each stadium concerning each variable. For example, the LDAs of facilities concerning
AllianzArena denote that 89.5%of the tourists have very positive opinions about the facilities
while 7% have positive opinions. Also, 1% of the tourists have general opinions. Meanwhile,
1% of the tourists have negative opinions about the facilities while 0.6% have very negative
opinions.

4.2 Benchmarking analysis results

UsingModel 3 of subsection 3.5, we derive benchmarking results of the linguistic distribution
output-oriented non-discretionary BP-SBM method. The results are displayed in Table 3. In
Table 3, the scores of theLDAs are ascertained using the improved score function I score(Ld)

and (2).
A stadium with a score of 1 has the highest grade of tourist satisfaction and has the

opportunity to become a target for an underperformed stadium having a score lower than 1.
Table 3 shows that Camp Nou, San Siro, Stade de France, Veltins-Arena, Stadion Feijenoord,
and Old Trafford are the best practice stadia. Allianz Arena, Santiago Bernabeu, Stadio
Olimpico, and Wembley are the underperformed stadia. Accordingly, the underperforming
stadia choose stadium numbers 3, 6, 7, and 10 as their benchmarks. Camp Nou acts as a
benchmark for four underperformed stadia, i.e., Allianz Arena, Santiago Bernabeu, Stadio
Olimpico, andWembley. San Siro is a benchmark for two underperformed stadia, i.e., Allianz
Arena and Stadio Olimpico. Also, Stade de France is a benchmark for only one stadium, i.e.,
Wembley.Old Trafford is a benchmark for four stadia, i.e., AllianzArena, SantiagoBernabeu,
Stadio Olimpico, and Wembley. On the one hand, Camp Nou and Old Trafford are the most
selected benchmarks for the underperforming stadia. On the other hand, Veltins-Arena and
Stadion Feijenoord are ignored as benchmarks by the underperformed stadia though they

123



Annals of Operations Research (2023) 325:185–218 203

Ta
bl
e
1
To

pi
cs

an
d
re
la
te
d
w
or
ds

To
pi
cs

R
el
at
ed

ke
yw

or
ds

To
pi
c
1

M
us
eu
m

Pi
tc
h

E
ve
nt

Fo
ot
ba
ll

R
oo

m
G
am

e

Pl
ay
er

C
on

ce
rt

Ph
ot
o

Pr
es
s

To
pi
c
2

Fa
n

G
ui
de

T
ic
ke
t

W
ay

T
im

e
Pe
op

le

H
el
p

O
ly
m
pi
cs

M
an

N
ew

To
pi
c
3

Fa
n

D
ay

Pl
ac
e

E
xp
er
ie
nc
e

G
re
at

Pr
es
s

V
is
it

O
ld

A
re
a

A
tm

os
ph
er
e

To
pi
c
4

St
af
f

L
eg
en
d

In
te
re
st

Te
am

G
ro
un

d
In
fo
rm

at
io
n

G
ui
de

su
pp

or
t

T
ha
nk

O
rg
an
iz
e

To
pi
c
5

Fo
od

M
at
ch

B
ir
th
da
y

123



204 Annals of Operations Research (2023) 325:185–218

Ta
bl
e
1
(c
on

tin
ue
d)

To
pi
cs

R
el
at
ed

ke
yw

or
ds

Se
at

V
en
ue

U
ni
t

D
ri
nk

V
ie
w

W
es
t

Pa
rk

br
ill
ia
nt

123



Annals of Operations Research (2023) 325:185–218 205

Ta
bl
e
2
L
in
gu
is
tic

di
st
ri
bu
tio

n
as
se
ss
m
en
ts
ba
se
d
on

th
e
se
nt
im

en
ts
co
re
s

N
o

St
ad
iu
m

In
pu

t
O
ut
pu

ts

St
ad
iu
m

re
pu
ta
tio

n
Fa
ci
lit
ie
s

Se
rv
ic
e

A
tm

os
ph
er
e

G
ue
st
su
pp
or
t

L
oc
at
io
n

1
A
lli
an
z
A
re
na

s −
2
{ 0.

00
3} ,

s −
1
{ 0.

00
5} ,

s 0
{ 0.

01
3} ,

s 1
{ 0.

03
8} ,

s 2
{ 0.

94
3}

s −
2
{ 0.

00
6} ,

s −
1
{ 0.

01
1} ,

s 0
{ 0.

01
1} ,

s 1
{ 0.

07
7} ,

s 2
{ 0.

89
5}

s −
2
{ 0.

03
3} ,

s −
1
{ 0.

03
7} ,

s 0
{ 0.

01
1} ,

s 1
{ 0.

05
6} ,

s 2
{ 0.

86
2}

s −
2
{ 0.

04
1} ,

s −
1
{ 0.

05
0} ,

s 0
{ 0.

02
3} ,

s 1
{ 0.

12
3} ,

s 2
{ 0.

76
3}

s −
2
{ 0.

00
5} ,

s −
1
{ 0.

03
2} ,

s 0
{ 0.

02
0} ,

s 1
{ 0.

07
1} ,

s 2
{ 0.

87
3}

s −
2
{ 0.

03
3} ,

s −
1
{ 0.

06
6} ,

s 1
{ 0.

08
8} ,

s 2
{ 0.

81
2}

2
Sa
nt
ia
go

B
er
na
be
u

s −
2
{ 0.

01
8} ,

s −
1
{ 0.

00
9} ,

s 0
{ 0.

02
5} ,

s 1
{ 0.

09
6} ,

s 2
{ 0.

85
1}

s −
2
{ 0.

00
9} ,

s −
1
{ 0.

01
9} ,

s 0
{ 0.

00
9} ,

s 1
{ 0.

04
6} ,

s 2
{ 0.

91
7}

s −
2
{ 0.

00
8} ,

s −
1
{ 0.

01
6} ,

s 0
{ 0.

00
8} ,

s 1
{ 0.

03
5} ,

s 2
{ 0.

93
2}

s −
2
{ 0.

11
1} ,

s −
1
{ 0.

06
3} ,

s 1
{ 0.

03
2} ,

s 2
{ 0.

79
4}

s −
2
{ 0.

01
3} ,

s −
1
{ 0.

01
1} ,

s 0
{ 0.

01
3} ,

s 1
{ 0.

06
6} ,

s 2
{ 0.

89
7}

s −
2
{ 0.

02
7} ,

s −
1
{ 0.

01
7} ,

s 0
{ 0.

01
4} ,

s 1
{ 0.

06
5} ,

s 2
{ 0.

87
8}

3
C
am

p
N
ou

s −
2
{ 0.

12
0} ,

s −
1
{ 0.

01
0} ,

s 0
{ 0.

03
8} ,

s 1
{ 0.

13
5} ,

s 2
{ 0.

69
8}

s −
2
{ 0.

00
6} ,

s −
1
{ 0.

01
1} ,

s 0
{ 0.

00
6} ,

s 1
{ 0.

08
6} ,

s 2
{ 0.

89
1}

s −
2
{ 0.

03
1} ,

s −
1
{ 0.

02
0} ,

s 0
{ 0.

00
4} ,

s 1
{ 0.

06
3} ,

s 2
{ 0.

88
2}

s −
2
{ 0.

18
1} ,

s −
1
{ 0.

11
7} ,

s 0
{ 0.

01
1} ,

s 1
{ 0.

06
4} ,

s 2
{ 0.

62
8}

s −
2
{ 0.

02
3} ,

s −
1
{ 0.

02
6} ,

s 0
{ 0.

00
4} ,

s 1
{ 0.

10
5} ,

s 2
{ 0.

84
2}

s −
2
{ 0.

07
9} ,

s −
1
{ 0.

06
6} ,

s 0
{ 0.

02
9} ,

s 1
{ 0.

10
4} ,

s 2
{ 0.

72
2}

4
St
ad
io

O
lim

pi
co

s −
2
{ 0.

01
7} ,

s −
1
{ 0.

00
1} ,

s 1
{ 0.

23
0} ,

s 2
{ 0.

75
2}

s −
2
{ 0.

01
9} ,

s 0
{ 0.

03
8} ,

s 1
{ 0.

01
9} ,

s 2
{ 0.

92
5}

s −
1
{ 0.

02
7} ,

s 0
{ 0.

00
5} ,

s 1
{ 0.

07
5} ,

s 2
{ 0.

89
2}

s −
2
{ 0.

16
7} ,

s −
1
{ 0.

08
3} ,

s 1
{ 0.

08
3} ,

s 2
{ 0.

66
7}

s −
2
{ 0.

02
2} ,

s −
1
{ 0.

01
8} ,

s 1
{ 0.

03
1} ,

s 2
{ 0.

92
8}

s −
2
{ 0.

04
0} ,

s −
1
{ 0.

06
0} ,

s 0
{ 0.

04
0} ,

s 1
{ 0.

06
0} ,

s 2
{ 0.

80
0}

123



206 Annals of Operations Research (2023) 325:185–218

Ta
bl
e
2
(c
on

tin
ue
d)

N
o

St
ad
iu
m

In
pu

t
O
ut
pu

ts

St
ad
iu
m

re
pu
ta
tio

n
Fa
ci
lit
ie
s

Se
rv
ic
e

A
tm

os
ph
er
e

G
ue
st
su
pp
or
t

L
oc
at
io
n

5
W
em

bl
ey

St
ad
iu
m

s 0
{ 0.

12
3} ,

s 2
{ 0.

87
7}

s 1
{ 0.

03
9} ,

s 2
{ 0.

96
1}

s −
2
{ 0.

00
6} ,

s −
1
{ 0.

00
7} ,

s 0
{ 0.

00
4} ,

s 1
{ 0.

03
1} ,

s 2
{ 0.

95
2}

s −
2
{ 0.

05
3} ,

s −
1
{ 0.

09
2} ,

s 1
{ 0.

07
9} ,

s 2
{ 0.

77
6}

s −
2
{ 0.

01
9} ,

s −
1
{ 0.

01
4} ,

s 0
{ 0.

00
5} ,

s 1
{ 0.

02
3} ,

s 2
{ 0.

93
9}

s −
2
{ 0.

02
2} ,

s −
1
{ 0.

03
4} ,

s 0
{ 0.

01
1} ,

s 1
{ 0.

03
4} ,

s 2
{ 0.

89
9}

6
Sa
n
Si
ro

s −
2
{ 0.

02
4} ,

s −
1
{ 0.

01
4} ,

s 0
{ 0.

03
7} ,

s 1
{ 0.

02
4} ,

s 2
{ 0.

90
1}

s −
1
{ 0.

05
6} ,

s 2
{ 0.

94
4}

s −
2
{ 0.

02
9} ,

s −
1
{ 0.

02
9} ,

s 0
{ 0.

01
7} ,

s 1
{ 0.

05
2} ,

s 2
{ 0.

87
3}

s −
2
{ 0.

12
1} ,

s −
1
{ 0.

06
1} ,

s 0
{ 0.

03
0} ,

s 1
{ 0.

09
1} ,

s 2
{ 0.

69
7}

s −
2
{ 0.

02
4} ,

s −
1
{ 0.

05
9} ,

s 1
{ 0.

11
8} ,

s 2
{ 0.

80
0}

s −
2
{ 0.

07
5} ,

s −
1
{ 0.

07
5} ,

s 0
{ 0.

10
0} ,

s 1
{ 0.

05
0} ,

s 2
{ 0.

70
0}

7
St
ad
e
de

Fr
an
ce

s −
2
{ 0.

03
4} ,

s −
1
{ 0.

02
4} ,

s 0
{ 0.

03
4} ,

s 1
{ 0.

13
5} ,

s 2
{ 0.

77
3}

s −
1
{ 0.

01
3} ,

s 0
{ 0.

00
6} ,

s 1
{ 0.

02
2} ,

s 2
{ 0.

95
9}

s −
2
{ 0.

01
3} ,

s −
1
{ 0.

01
1} ,

s 0
{ 0.

00
7} ,

s 1
{ 0.

03
3} ,

s 2
{ 0.

93
7}

s −
2
{ 0.

16
1} ,

s −
1
{ 0.

01
6} ,

s 1
{ 0.

12
9} ,

s 2
{ 0.

69
4}

s −
2
{ 0.

01
4} ,

s −
1
{ 0.

01
4} ,

s 1
{ 0.

03
6} ,

s 2
{ 0.

93
5}

s −
2
{ 0.

01
2} ,

s −
1
{ 0.

04
1} ,

s 0
{ 0.

01
2} ,

s 1
{ 0.

09
4} ,

s 2
{ 0.

84
2}

8
V
el
tin

s
A
re
na

s −
2
{ 0.

10
0} ,

s 2
{ 0.

90
0}

s −
2
{ 0.

00
5} ,

s −
1
{ 0.

00
5} ,

s 1
{ 0.

01
1} ,

s 2
{ 0.

97
9}

s −
2
{ 0.

00
2} ,

s −
1
{ 0.

00
7} ,

s 0
{ 0.

00
2} ,

s 1
{ 0.

02
7} ,

s 2
{ 0.

96
1}

s −
2
{ 0.

07
4} ,

s 2
{ 0.

92
6}

s −
2
{ 0.

01
4} ,

s 1
{ 0.

04
1} ,

s 2
{ 0.

94
5}

s −
2
{ 0.

04
7} ,

s −
1
{ 0.

06
3} ,

s 1
{ 0.

07
8} ,

s 2
{ 0.

81
3}

123



Annals of Operations Research (2023) 325:185–218 207

Ta
bl
e
2
(c
on

tin
ue
d)

N
o

St
ad
iu
m

In
pu

t
O
ut
pu

ts

St
ad
iu
m

re
pu
ta
tio

n
Fa
ci
lit
ie
s

Se
rv
ic
e

A
tm

os
ph
er
e

G
ue
st
su
pp
or
t

L
oc
at
io
n

9
St
ad
iu
m

Fe
ije

no
or
d

s −
2
{ 0.

00
3} ,

s −
1
{ 0.

00
5} ,

s 0
{ 0.

01
3} ,

s 1
{ 0.

03
8} ,

s 2
{ 0.

94
3}

s −
1
{ 0.

00
8} ,

s 0
{ 0.

00
8} ,

s 1
{ 0.

01
6} ,

s 2
{ 0.

96
8}

s 1
{ 0.

02
2} ,

s 2
{ 0.

97
8}

s −
2
{ 0.

09
1} ,

s 2
{ 0.

90
9}

s 2
{ 1.

00
0}

s −
2
{ 0.

04
0} ,

s −
1
{ 0.

08
0} ,

s 2
{ 0.

88
0}

10
O
ld

T
ra
ff
or
d

s −
2
{ 0.

00
1} ,

s −
1
{ 0.

07
0} ,

s 1
{ 0.

01
0} ,

s 2
{ 0.

91
9}

s 2
{ 1.

00
0}

s −
2
{ 0.

04
1} ,

s −
1
{ 0.

05
0} ,

s 0
{ 0.

02
3} ,

s 1
{ 0.

12
3} ,

s 2
{ 0.

76
3}

s −
2
{ 0.

00
7} ,

s −
1
{ 0.

01
3} ,

s 0
{ 0.

01
0} ,

s 1
{ 0.

05
9} ,

s 2
{ 0.

91
2}

s −
1
{ 0.

00
8} ,

s 0
{ 0.

00
8} ,

s 1
{ 0.

01
6} ,

s 2
{ 0.

96
8}

s −
2
{ 0.

04
5} ,

s −
1
{ 0.

05
7} ,

s 0
{ 0.

00
7} ,

s 1
{ 0.

10
2} ,

s 2
{ 0.

78
9}

123



208 Annals of Operations Research (2023) 325:185–218

Ta
bl
e
3
To

ur
is
ts
at
is
fa
ct
io
n
sc
or
es
,L

D
A
s
sc
or
es
,a
nd

be
nc
hm

ar
ki
ng

go
al
s

N
o.

St
ad
ia

Sc
or
es

Sc
or
es

of
th
e
L
D
A
s

B
en
ch
m
ar
ki
ng

go
al
s

B
en
ch
m
ar
ks

(S
ta
di
um

N
o.
)

Fa
ci
lit
ie
s

Se
rv
ic
e

A
tm

os
ph
er
e

G
ue
st

su
pp

or
t

Fa
ci
lit
ie
s

Se
rv
ic
e

A
tm

os
ph
er
e

G
ue
st

su
pp

or
t

1
A
lli
an
z
A
re
na

0.
82

2
4.
39

4
4.
13

8
3.
78

6
3.
24

3
5.
84

6
5.
13

2
4.
89

6
3.
24

3
3,
6,
10

2
Sa
nt
ia
go

B
er
na
be
u

0.
76

5
4.
39

0
4.
31

5
4.
48

1
2.
67

2
6.
64

1
5.
99

7
5.
80

2
2.
76

2
3,
10

3
C
am

p
N
ou

1.
00

0
4.
39

8
3.
92

8
4.
02

9
1.
43

8
4.
39

8
3.
92

8
4.
02

9
1.
43

8
3

4
St
ad
io

O
lim

pi
co

0.
79

4
4.
34

5
4.
32

3
4.
35

4
1.
75

0
5.
32

4
4.
80

6
4.
35

4
2.
97

3
3,
6,
10

5
W
em

bl
ey

0.
86

4
4.
84

5
4.
41

3
4.
66

9
2.
97

3
6.
04

5
5.
57

0
5.
22

5
2.
97

3
3,
7,
10

6
Sa
n
Si
ro

1.
00

0
4.
34

9
3.
55

7
3.
90

7
2.
23

0
4.
34

9
3.
55

7
3.
90

7
2.
23

0
6

7
St
ad
e
de

Fr
an
ce

1.
00

0
4.
71

2
4.
47

0
4.
49

3
2.
22

2
4.
71

2
4.
47

0
4.
49

3
2.
22

2
7

8
V
el
tin

s-
A
re
na

1.
00

0
4.
81

8
4.
61

9
4.
75

5
3.
88

2
4.
81

8
4.
61

9
4.
75

5
3.
88

8
8

9
St
ad
io
n
Fe
ije

no
or
d

1.
00

0
4.
77

8
5.
00

0
4.
91

2
3.
64

3
4.
77

8
5.
00

0
4.
91

2
3.
64

3
9

10
O
ld

T
ra
ff
or
d

1.
00

0
5.
00

0
4.
77

8
3.
24

3
4.
44

0
5.
00

0
4.
77

8
3.
24

3
4.
44

0
10

123



Annals of Operations Research (2023) 325:185–218 209

Table 4 Improvement goals of the underperformed stadia

No Stadium Facilities Service Atmosphere Guest support

1 Allianz Arena 1.452 0.994 1.110 0

2 Santiago Bernabeu 2.251 1.682 1.321 0.090

4 Stadio Olimpico 0.979 0.483 0 1.223

5 Wembley 1.200 1.157 0.556 0

are best practice stadia. In line with the benchmarking goals, the underperformed stadia can
achieve tourists satisfaction score of 1 and be the best practices as their benchmarks.

Based on the scores of the LDAs and the benchmarking goals, we can deduce the improve-
ment values for the underperformed stadia. The outcome is given in Table 4.

According to Table 4, the underperforming stadia can improve their outputs (service
quality attributes) through the improvement goals. Allianz Arena obtained satisfaction of
0.822. Allianz Arena can become a best practice stadium as its benchmark by improving on
the following three service quality attributes: facilities, service, and atmosphere. Santiago
Bernabeu obtained the lowest satisfaction of 0.765. Santiago Bernabeu can become the best
practical stadium by improving on the following four service quality attributes: facilities,
service, atmosphere, and guest support. The satisfaction for Stadio Olimpico is 0.794. Stadio
Olimpico needs to improve on three service attributes: facilities, service, and guest support.
For Wembley, the satisfaction is 0.864. Wembley qualifies as a best practice stadium by
improving three service quality attributes: facilities, service, and atmosphere.

4.3 Service quality association results

The benchmarking improvement goals convey the service quality attributes needed for
improvement. However, due to limited resources, we need to knowwhich one ismore relevant
to improve first and how its improvement can ensure the growth of the other attributes. Uti-
lizing XLSTAT software (XLSTAT, 2007), we deduce some association rules of the service
quality attributes to help an underperformed stadium.

According to (6–8), we compute the support, confidence, and lift measures. We set the
minimum threshold for support to 0.1 and the minimum threshold for confidence to 0.05.
Results for the support, the confidence, and the lift of the four underperforming stadia are
presented in Table 5.

Using (10), we compute the relative importance of the service quality attributes for each
underperformed stadium. The result is listed in Table 6. The service quality attribute with the
highest weight importance score for each underperforming stadium is selected as the pivotal
point for the improvement analysis.

Based on Steps 1–4 in subsection 3.6, we provide some improvement paths for the under-
performed stadia. In Table 6 F1 is the most important service quality attribute for Allianz
Arena. Since the lift values (1.155, 1.156, and 1.620) are greater than 1, we know that F1
has a positive association with F2, F3 and F4. This means that the improvement of F1 can
enhance the other the service quality attributes. For Santiago Bernabeu, F1 is the most impor-
tant attribute for improvement. According to the lift values (1.002, 3.375, and 1.620) for this
stadium, F1 has a positive association with F2, F3, and F4. Hence, the improvement of F1
can drive the growth of the other attributes. F1 is the most important service attribute for
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Table 6 Weight importance of service quality attributes for the underperformed stadia

No Stadium F1 F2 F3 F4

1 Allianz Arena 0.379 0.138 0.358 0.125

2 Santiago Bernabeu 0.362 0.123 0.166 0.349

4 Stadio Olimpico 0.368 0.091 0.276 0.265

5 Wembley 0.154 0.132 0.352 0.361

Stadio Olimpico. From the lift values (1.205, 1.429, and 1.231) F1 has a positive relationship
with F2, F3, and F4. Therefore, the improvement of F1 enhances the other attributes. For
Wembley, F4 is the most important service quality attribute for improvement. In line with
the lift values (3.199, 2.000, and 1.542), F4 has a positive association with F1, F2 and F3.
Therefore, the growth of F4 improves the other attributes.

4.4 Comparative analysis

In what follows, we conduct a comparative analysis using the Tripadvisor.com rating survey
system. Tripadvisor.com provides an overall rating for stadia, representing the degree of
tourists’ satisfaction. The rating survey system usually generates tourists’ satisfaction scores
ranging from 1 to 5, with 5 being the highest. Based on the overall ratings, we can rank the
respective stadia. As a result, we compare our degree of tourist satisfaction obtained from
the proposed model with Tripadvisor.com. Figure 2 shows the result of the comparison. We
observe that the rating scores have little discrimination power over the stadia. From Fig. 2,
8 of the 10 stadia have a rating score of 4.5. For instance, stadia 1, 2, 3, and 5 have a similar

0
0.5
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1.5

2
2.5

3
3.5

4
4.5

5

Degree of visitor satisfaction Rating score

Fig. 2 Comparative degrees of tourist satisfaction and the rating scores estimated by Tripadvisor.com
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rating score of 4.5; however, their estimated degrees of tourist satisfaction obtained from the
proposedmodel are 0.822, 0.765, 1, and 0.864, respectively. Extant studies (López Fernández
& Serrano Bedia, 2004; Núñez-Serrano et al., 2014; Oliveira et al., 2013) have raised issues
concerning the worth of rating scores as a good estimator of satisfaction. They concluded
that the rating survey method is irrelevant in measuring the effectiveness of decision-making
units.

We conduct another experiment to examine tourist satisfaction considering the discre-
tionary and non-discretionary nature of the service quality attributes. Our proposed model
contends that one of service quality’s attributes (i.e., location) is non-discretionary because
decision-makers have little control over it. We consider the situation where all the service
quality attributes are discretionary and compare them with our results. The experimental
outcomes are fitted in Fig. 3.

Figure 3 reveals that the two situations under observation produce different tourist sat-
isfaction degrees. Considering that all the key service quality attributes are discretionary,
stadia 3, 7, and 10 (i.e., Camp Nou, Stade de France, and Old Trafford) are the best prac-
tice stadia, while the rest are underperformed. While our proposed case (non-discretionary)
considers four stadia to be underperformed, the other case (discretionary) selects seven sta-
dia. The Pearson correlation coefficient estimated between these two methods is 0.354. This
implies that the two methods are marginally associated yet necessarily distinct to contribute
to the stadium benchmarking. Selecting service quality attributes as outputs for the SBM
DEA is crucial as it affects the degrees of tourist satisfaction. Hence, decision-makers should
consider the types of outputs, i.e., discretionary and non-discretionary, when evaluating cus-
tomer satisfaction. We contend that our proposed model, which considers non-discretionary
outputs, is superior because it models real-world problems where decision-makers do not
always control all their resources.

0
0.2
0.4
0.6
0.8
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Fig. 3 Comparative analysis considering discretionary and non-discretionary outputs in the proposed SBM
DEA
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5 Implications

This paper develops a linguistic distribution SBM of DEA based on online reviews to model
the degree of tourist satisfaction regarding football stadium service quality. The results pro-
vide some practical implications in sports tourism benchmarking and offer insights for
decision-makers. Theoretically, this study extends previous research on sports tourism by
designing data-driven decision support for benchmarking football stadia. Although tourists’
experiences play a significant role in improving football facilities, previous studies focused
much on supply-sided perspectives. Therefore, this study shows that analyzing tourist expe-
riences through online reviews can be valuable for investigating football stadium service
quality. The results shed light on how text mining approaches can extract service quality
attributes for benchmarking tourist satisfaction.

Additional value is added to this research in that it analyzes tourists’ sentiments through
the concept of LDAs. LDAs enhance the applicability of tourist opinions by modeling the
uncertainties associated with them. Through LDAs, we can effortlessly address the problem
of group evaluation. This study also contributes by improving the SBM of DEA to accom-
modate LDAs. The proposed linguistic distribution SBM of DEA is a powerful method
for measuring decision-making units’ performance. Moreover, the improvement pathway of
quality association designed in this study enhances benchmarking analysis.

Also, the study provides practical implications for the sports industry, notably football
stadium tourism. Stadium managers can leverage the data mining techniques discussed in
this study to identify significant service quality attributes from the voluminous online reviews.
The sentiment analysis is helpful for managers to discover tourists’ feelings and perceptions
regarding service quality attributes. As a result, managers may recognize the strength and
weaknesses of their sports facilities. The benchmarking studies will aid decision-makers in
gauging the degrees of tourist satisfaction (benchmarking scores) and develop strategies to
reach the status of best-practice stadia. Also, through the association analysis, managers can
ascertain the importance of service quality attributes in improving tourist satisfaction.

6 Conclusion

The past decade has seen top-flight football teams positioning themselves as tourist attrac-
tions, influencing tourists to visit their stadia attractions (e.g., live matches, stadium tours,
and museums) on match days or non-match days. Consequently, a series of investigations
emerged to cover this new tourism trend through management, tourism, heritage, geography,
and economic lenses. This study focuses on stadium tours other than involvement in sports
activities.Measuring tourists’ satisfaction through service quality is necessary to improve sta-
dium tourism. Therefore, this study proposes a decision-support model to measure the extent
of tourist satisfaction and define benchmarking plans for football stadia utilizing online
reviews. We employ text mining techniques such as Latent Dirichlet allocation to extract
service quality attributes according to the proposed model. Then, we conduct sentiment anal-
ysis to reveal the polarities of the text reviews. To solve uncertainty and fuzziness in online
reviews, we employ LDAs to transform the sentiment opinions. In addition, we design an
improved score function for LDAs and integrate it with an output-oriented non-discretionary
BP-SBM of DEA to benchmark the degree of tourist satisfaction of football stadia tours.
Meanwhile, utilizing association rule mining, we examine the interrelationship between the
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service quality attributes of an underperformed stadium. Based on the strength of the associa-
tion pattern, we design an approach for improving the service quality attributes. The strength
of the proposed decision-support model is that transparent processes are followed to identify
the data for the DEA model. Instead of relying on traditional service quality models and
surveys, the proposed model builds a service quality framework from online reviews, which
are timely and less costly. Also, the introduction of LDAs aid in analyzing group evaluations
devoid of uncertainties. Again, the proposed model goes beyond just benchmarking tourist
satisfaction to provide improvement pathways for the underperforming stadium where less
attention has been given. The limitation of this study is that it measures tourist satisfaction
for a specific period instead of overtime periods. Therefore, future studies would upgrade
the proposed model using a dynamic DEA model to examine the progressive enhancement
of tourist satisfaction over time.
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