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Abstract

Research on urban space usage based on social media data has attracted growing atten‑
tion, particularly in urban parks. Sports venues, as important built‑environment facilities,
have also begun to be examined through online reviews of satisfaction and sentiment, but
systematic, theory‑driven, multidimensional coding of user behavior and emotion across
different venue types remains underexplored. This study extends a park‑based analytical
framework to eight paid sports venues in Tianzhu, Shunyi, Beijing, using 5317 Dianping
and Meituan reviews. A five‑dimension analytical framework was constructed covering
Physical Activity (PA), Children’s Physical Activity (CPA), Social Interaction (SI), Posi‑
tive Emotion (PE), and Service Perception (SP), combining manual coding, Tencent word‑
embedding expansion, and a hybrid matching strategy (jieba segmentation for PA/CPA
and substringmatching for SI/PE/SP). Themain contributions are: (1) a theory‑drivenmul‑
tidimensional behavior‑emotion coding framework adapted to sports venues; (2) system‑
atic comparison of child‑oriented and adult‑oriented venue types; (3) operationalization
of SP as a first‑pass indicator of the institutional/service layer of space production, with
its measurement limitations explicitly assessed; and (4) a hybrid matching strategy that
accommodates the distinct semantic forms of behavioral and evaluative vocabulary. The
study provides transferable analytical tools and evidence‑based design and management
implications for sports venues as built environments.

Keywords: social media data; text mining; behavior analysis; sentiment analysis; built
environment; production of space theory

1. Introduction
1.1. Research Background

As important facilities within the urban built environment, urban sports venues play
a positive role in promoting residents’ physical and mental health as well as social interac‑
tion. However, traditional research on sports venue usage has largely relied on question‑
naire surveys and on‑site observation, which are limited by small sample sizes and high
costs, making it difficult to capture large‑scale, fine‑grained user behavior patterns [1,2].
In recent years, social media data—with its advantages of large sample sizes, low cost,
and real‑time availability—has been widely applied in studies of urban park usage and,
increasingly, of sports venues [1,3].

At themethodological level, prior studies have demonstrated the feasibility of extract‑
ing behavioral and emotional dimensions from social media reviews of urban spaces, pre‑
dominantly in public park contexts [2]. Recent studies of sports venues have examineduser
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satisfaction and sentiment through online comments [3], multi‑dimensional visitor percep‑
tions of sports parks [1], and service quality frameworks for urban sports facilities at the
urban scale [4]. However, these studies have not yet combined a theory‑driven scheme
with systematic comparisons across venue types. In addition, within user evaluations of
paid spaces, feedback on venue operations and management (e.g., price, facilities, and ser‑
vices) accounts for a very high proportion. This dimension—seldom addressed in park
research—is crucial to understanding the user experience at sports venues and connects
user behavior to the physical and institutional design of the built environment.

Viewed through the lens of production of space theory [5], this dimensional gap is
not accidental. Lefebvre deconstructs the social production of space into three interrelated
dimensions: “spatial practice,” “representations of space,” and “representational spaces.”
Free parks are characterized by public openness, with relatively transparent institutional
arrangements; therefore, Su & Sun’s four‑dimension framework can already effectively
cover the two levels of spatial practice (PA, CPA) and representational spaces (PE, SI) [2].
Paid sports venues, in contrast, require users to enter through a transaction, and their insti‑
tutional arrangements—pricing, booking, coaching, and service protocols—exert a strong
constraining effect on how space is used. This institutional layer is not salient in free park
contexts, yet it is crucial for understanding user behavior and evaluations in paid spaces.
Therefore, we introduce a corresponding new dimension, namely Service Perception (SP),
as an operational measure of this institutional/service dimension.

The study site is located in Tianzhu Town, Shunyi District, Beijing—situated in the
core area of the Capital Airport Economic Demonstration Zone and adjacent to Beijing
Capital International Airport. As a key international sports and cultural district in Shunyi,
Tianzhu Town was incorporated into the “1 + 3” modern industrial system under the
Shunyi DistrictMaster Plan (2017–2035)—adevelopment framework led by the airport econ‑
omy and supported by international sports, cultural creativity, and comprehensive health
as its core pillars. The eight sports venues in the study area cover diverse business types—
forming a venue cluster centered on high‑end sports training with a coexistence of diverse
business formats. These venues exhibit significant variation in operational models, ser‑
vice pricing, and user composition, providing a rich research context for analyzing user
behavior and perception characteristics across different types of sports venues.

Based on the above analysis, this study proposes the following research questions:
(1) How can the analytical framework originally developed for park reviews be transferred
and applied to the sports venue context? (2) What unique characteristics do the behavioral
and emotional dimensions of sports venue users exhibit? (3) What differences exist in
the dimensional distribution across different venue types? (4) Is the newly added Service
Perception dimension valid at both theoretical and empirical levels? (5) How does it cor‑
respond to the institutional space dimension in production of space theory?

The contributions of this study are fourfold. First, we provide a theory‑drivenmultidi‑
mensional behavior‑emotion coding framework that transfers and extends the park‑based
framework to sports venues while explicitly operationalizing the institutional/service di‑
mension through SP. Second, we conduct a systematic comparison of child‑oriented and
adult‑oriented venue types, defined a priori by business type and operating model. Third,
we introduce SP as an operational measure of the “representations of space” layer in paid
venues, connecting user reviews to the built environment and service conditions that me‑
diate spatial practice. Fourth, we develop a hybrid matching strategy—jieba segmentation
for PA/CPA and substring matching for SI/PE/SP—that responds to the distinct semantic
forms of behavioral and evaluative vocabulary in Chinese social media text.
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1.2. User Behavior Research at Urban Sports Venues

Sports venues are not only physical carriers of sports activities but also integral com‑
ponents of urban public life. Scholars have conducted extensive research on sports venues
across dimensions such as spatial planning and layout [6,7], socio‑economic benefits [8],
and spatial satisfaction in commercial sports complexes [9]. At the user behavior level,
existing studies have predominantly employed methods such as the SOPARC systematic
observationmethod [10] and questionnaire surveys [11] to investigate users’ activity types,
usage frequency, and satisfaction at sports venues.

While providing detailed observations, traditional research methods also exhibit no‑
table limitations. Although systematic observation methods such as SOPARC can objec‑
tively record users’ exercise types, intensity, age groups, and gender, they struggle to cap‑
ture subjective experiences, affective evaluations, and underlying motivations [12]. Ques‑
tionnaire surveys, while capable of obtaining subjective data on satisfaction, perceived
quality, and behavioral intentions, suffer from limitations such as small sample sizes, recall
bias, and social desirability bias, with survey costs increasing exponentially as sample size
grows. In recent years, studies have begun exploring the use of internet big data for senti‑
ment mining at sports venues. Zou et al. [3] combined deep learning, topic analysis, and
social network analysis to extract consumer satisfaction and its influencing factors from
online reviews, finding that activity type, course design, and facility conditions were core
drivers of positive evaluations, while coach attitude, integrity, and qualifications could
trigger negative evaluations. Taking the Nanjing Youth Olympic Sports Park as a case
study, Chen & Han [1] used web text analysis and sentiment analysis to investigate visi‑
tors’ multi‑dimensional perceptions of the sports park, categorizing feedback into six key
domains and finding that social interaction elicited the most positive emotions, whereas
management services received the lowest evaluations. Collectively, these studies demon‑
strate that social media data provide a novel data foundation andmethodological pathway
for sports venue research; our study builds on them by adding a theory‑driven, dimension‑
specific coding scheme and systematic venue‑type comparison.

In the domain of service quality and consumer satisfaction research at sports venues,
traditionalmethods still dominate. Through a questionnaire survey,Ma&Kaplanidou [13]
examined the relationship between service quality perception and behavioral intentions
among international baseball consumers, finding that consumers with high team identi‑
fication were more sensitive to service quality. Castillo‑Rodriguez et al. [11] conducted
a case study on perceived quality at sports centers in southern Spain, identifying facility
maintenance, staff professionalism, and ancillary services as key factors influencing over‑
all user satisfaction. Brown et al. [14], through a survey of 603 London Olympics spec‑
tators, found that sports involvement and place attachment had a significant impact on
revisit intention. More recently, Yang & Tang [4] developed a multidimensional spatial
evaluation framework for assessing service quality in Shanghai’s urban sports facilities,
examining accessibility, variegation, and coherence across municipal to community levels.
Their study highlights that service quality in sports venues is a spatially heterogeneous
construct requiring integrated assessment approaches—a perspective that aligns with the
multidimensional analytical framework adopted in this study. However, these traditional
survey methods are constrained by their spatiotemporal scope and sample size, making it
difficult to fully reflect the authentic experiences of sports venue users [15]. At the method‑
ological level, Yue &Dai [15] proposed an ant‑colony‑algorithm‑basedmethod for predict‑
ing urban nationwide fitness demands, while Wan & Tang [16] designed an optimization
algorithm for equipment allocation in smart urban community amateur sports training—
demonstrating, from different angles, the application potential of data‑driven methods in
sports facility research.
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Notably, as paid spaces, sports venues exhibit user behavior patterns that differ from
those of free and open‑access parks. Chen [7] investigated the planning and management
of large‑scale urban sports venues in China, noting that operational models, pricing strate‑
gies, and service provision directly affect users’ usage frequency and satisfaction. Com‑
mercial sports complexes likewise face bottlenecks between spatial configuration and user
satisfaction, suggesting that architectural and spatial variables matter for how users evalu‑
ate sports spaces [9]. Unlike urban parks, sports venue users’ behavioral choices are jointly
constrained by multiple factors, including price, transportation accessibility, facility qual‑
ity, and course scheduling. Moreover, the post‑pandemic era has witnessed a heightened
awareness of nationwide fitness and an upgrade in sports consumption, further driving
the functional transformation of sports venues—from single sports facilities toward com‑
prehensive spaces integrating fitness, social interaction, and leisure.

However, existing research still lacks a systematic deconstruction and analysis of the
multi‑dimensional behavioral and emotional characteristics of sports venue users during
their usage experience, and in particular, comparative studies on the differences in user
behavior patterns across different venue types remain scarce. Furthermore, while existing
studies have examined user satisfaction and behavioral intentions through survey‑based
approaches, the role of physical spatial characteristics of venues in shaping user experience
remains underexplored. Spatial attributes such as court orientation, spectator sightlines,
circulation paths, and amenity placement may influence how users navigate, interact, and
evaluate their experience within sports venues. This aspect warrants further investigation,
and the present study begins to address it by compiling venue‑level spatial profiles along‑
side social‑media‑derived behavior and emotion data.

1.3. Social Media Data and Urban Space Research

With the development ofWeb 2.0 technologies, local lifestyle service platforms such as
Dianping and Meituan have accumulated vast amounts of user‑generated content. These
data offer advantages such as large sample sizes, fine granularity, and strong timeliness,
providing an unprecedented data foundation for urban research. These data have proven
particularly valuable for investigating people’s perceptions of the built environment and
their behavioral responseswithin it [17]. In recent years, scholars have leveraged social me‑
dia data to achieve fruitful results in studies of park usage analysis [2], tourism destination
perception [18], and urban renewal evaluation [19].

The application of user‑generated content (UGC) in urban research has evolved from
simple visit counts to semantic‑level behavioral and emotional analysis. Ilieva & McP‑
hearson [20] reviewed the application potential of social media data from the perspective
of urban sustainability, noting that such data can compensate for the limitations of tra‑
ditional data through the advantages of large sample sizes, low cost, and real‑time avail‑
ability. Kandt & Batty [21] further positioned such studies as an integral part of urban
analytics, emphasizing their bridging role between big data and urban policy. Within the
specific domain of park usage research, Donahue et al. [22] used Flickr geotagged pho‑
tos to analyze the drivers of urban park visitation in the Twin Cities, USA, finding that
park area, facility diversity, and surrounding population density were key variables influ‑
encing visitation frequency. Plunz et al. [23] analyzed the sentiment orientation of park‑
related Twitter posts in New York City and proposed a social‑media‑based approach for
assessing park well‑being, validating the analytical effectiveness of social media data at
the emotional level. Kim et al. [24] further employed Google Maps user reviews and an
opportunity algorithm to evaluate quality equity in Los Angeles urban parks, finding that
safety concerns were the most serious aspect of service inadequacy in low‑income and
minority communities.
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At the level of methodological innovation, researchers have continuously explored
how to extract structured behavioral and perceptual information from massive volumes
of unstructured text. Huang et al. [25] proposed an approach integrating deep‑learning‑
based socialmedia data analysiswith questionnaire surveys to quantifymulti‑dimensional
perceptions of urban parks, finding that social media data and survey data exhibit
good complementarity in extracting perceived dimensions of parks. In a parallel vein,
Li & Wang [17] applied NLP‑based sentiment analysis to Dianping reviews of 129 urban
street spaces in Shanghai, constructing a perception lexicon and quantifying citizens’ emo‑
tional responses across six types of built environment elements. Zhang et al. [26] intro‑
duced the Post‑Occupancy Social Media Evaluation (POSE) framework using New York’s
Bryant Park as a case study. Combining descriptive statistics with social network analysis,
they identified and quantified the interactive relationships among park activities, settings,
and emotions. Gao & Fang [27] used Flickr photo data to investigate the influence mecha‑
nism of urban park spatial characteristics on joggers’ emotional responses, finding that the
accessibility and integration of green spaces were positively correlated with the frequency
and uniformity of emotional responses. Collectively, these studies demonstrate that social
media data can capture not only binary information on whether a space is used but also
deeper semantic insights into how it is used and how users feel about it.

In the Chinese context, local lifestyle service platforms such as Dianping and Meituan—
containing detailed user review texts and rating information—have become important data
sources for urban space research. Su & Sun [2] proposed a hybrid method of manual coding +
word embedding expansion + machine‑learning‑assisted coding using Dianping review data,
extracting four dimensions—physical activity, children’s physical activity, social interaction,
and positive emotion—from 23,910 park reviews, achieving a fine‑grained deconstruction of
park use behavior. Taking Shanghai as a case study, Huai et al. [28] compared the consistency
between social media data and survey data inmeasuring park visitation, satisfaction, and their
influencing factors, finding that the two data sources showed good consistency at the macro
level but diverged at themicro level. ZuoYanlei [29] assessed the cultural ecosystem services of
urban parks in Beijing and analyzed their influencing factors using social media data, further
extending the application boundaries of social media data in urban space research.

Extending this line of inquiry further, Tang & Zhao [30] combined grounded the‑
ory with social media text and image analysis to evaluate public perception of cultural
heritage value across 12 historic urban parks in Shanghai, demonstrating the applicabil‑
ity of mixed‑method approaches to perception research in Chinese built environments.
More recently, Zhai et al. [31] developed an innovative analytical framework by quanti‑
fying the two‑dimensional emotional characteristics of Valence and Arousal; their study
revealed complex human–environment emotional interactions under extreme climatic
conditions—demonstrating that social media text analysis can capture fine‑grained emo‑
tional responses to built environment characteristics. These studies provide the method‑
ological foundation and empirical experience for the present study.

1.4. Hybrid Methodological Framework: From Parks to Sports Venues

The hybrid methodological framework proposed by Su & Sun [2] serves as the
methodological foundation of this study. The framework comprises three core steps.
(1) Manual coding and seed keyword extraction: a small number of samples are drawn
from the review data through stratified sampling for manual coding, and seed keywords
corresponding to the theoretical dimensions are extracted. (2) Word embedding expan‑
sion: the semantic space of a pre‑trained Chinese word embedding corpus (Tencent AI
Lab Embedding) is utilized to expand seed keywords into semantically similar terms.
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(3) Machine‑learning‑assisted coding: the expanded keyword library is applied to auto‑
mated annotation of the full sample.

The theoretical rationale of this method is that the quality of seed keywords directly
affects the effectiveness of word embedding expansion, while the semantic coverage of the
word embeddings determines the recall rate of automated annotation. A large number of
existing studies have demonstrated that seed keywords extracted through manual coding
achieve high precision and that combining them with semantic expansion via word em‑
beddings can significantly improve recall, thereby achieving a balance between precision
and recall.

In this study, we introduced two important extensions to the original framework.
First, we added the Service Perception (SP) dimension to reflect the characteristics of sports
venues as paid spaces. Second, we adopted a hybrid matching strategy—combining jieba
word segmentation matching with text substring matching—to accommodate the optimal
matching accuracy for different dimensions.

The theoretical rationale for the first extension was detailed in Section 1.1: within
Lefebvre’s framework [5], the institutional arrangements of paid spaces exert a strong shap‑
ing effect on user behavior, yet the original four‑dimension framework did not cover this
aspect. The addition of the Service Perception dimension enables the analytical frame‑
work to simultaneously capture spatial practice, representational spaces, and the institu‑
tional space, thereby providing amore complete characterization of user experience at paid
sports venues.

The second extension stems from the corpus characteristics of Chinese social media
text. Sports behavior vocabulary (e.g., “打球” (play ball), “训练” (training), “滑冰” (skat‑
ing)) mostly appears as single‑character or two‑character words and exhibits high gener‑
ality across different sports. Applying exact matching after jieba word segmentation can
effectively avoid false positives caused by substring inclusion (for example, “打球” would
not be falsely matched to the character “球” in “打球鞋” (basketball shoes)). In contrast,
evaluative vocabulary (e.g., “停车不方便” (inconvenient parking), “环境很好” (nice envi‑
ronment), “前台热情” (friendly front desk)) mostly consists of compound phrases or fixed
collocations with rich semantic variation. Text substring matching can capture these sig‑
nals more comprehensively, avoiding the omission of semantic units caused by overly fine‑
grained word segmentation.

Furthermore, the hybrid matching strategy serves as a key technical enabler for the
successful implementation of this methodological transfer. By tailoring the matching ap‑
proach to the semantic features of each dimension, this strategy contributes to improving
annotation accuracy in Chinese social media text and offers a reference for method selec‑
tion in similar tasks in future research. It should be noted that the strengths of this hy‑
brid framework lie in its strong interpretability, low requirement for labeled sample size,
and flexible adaptability to different theoretical frameworks. However, its performance
is highly dependent on the quality of the seed keyword library and the domain coverage
of the word embeddings, and it may have coverage gaps for low‑frequency vocabulary or
emerging expressions. Future studies could incorporate pre‑trained language models for
semantic similarity computation to further improve the annotation accuracy of dimensions
with low F1 scores.

2. Materials and Methods
2.1. Study Area and Data

The study site is located in Tianzhu Town, Shunyi District, Beijing, which lies in the
core area of the Capital Airport Economic Demonstration Zone. In recent years, centered
on the development of the Tianzhu International Sports and Cultural District, the area has
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pursued a development orientation toward high‑end cultural and sports formats. At the
present stage, building upon high‑end sports training, a cluster of sports complexes, train‑
ing venues, and recreational facilities has gradually taken shape. This study selected eight
representative sports venues within the area as research subjects (Table 1). Their distri‑
bution is shown in Figure 1, and they cover diverse business types, including ice sports,
ball sports, and comprehensive recreation. Their spatial characteristics—indoor/outdoor
organization, floor area, court and rink counts, and vertical structure—are summarized
in Table 1 and provide the built‑environment context for interpreting user behavior and
emotion patterns.

Table 1. Basic information of the study venues.

Venue Name Type Total After
Cleaning Outdoor/Indoor Venue Scale Venue

Functions/Facilities

3A Ice Space Ice sports 869 Indoor

Located in two adjacent
factory buildings, with a
total area of 5000 m2.
Among them, the ice
rink area is 3760 m2

Three ice rinks at the
Tianzhu site; the

facilities of the venue
include a land training
area, physical training

center, cafe, etc.

Yuanli Sports
Center

Comprehensive
sports 113 Mixed

Covers an area of over
12,000 m2, with 6000 m2

of outdoor activity
space (excluding the

parking lot)

Provide professional
sports venues,

integrating over twenty
sports such as tennis,
football and basketball.

Guantu
Family
Sports
Center

Parent–child
sports 2641 Indoor

Covers an area of
approximately 5000 m2,
including an 800 m2

dining area

Includes six main theme
areas and

over 30 playable
facilities.

Qihangjia
T‑one

Basketball
Club

Basketball
training 30 Indoor

Total area is over
3000 m2, among which
the basketball court

covers an area of 1800 m2

Equipped with a
complete set of safe and
high‑quality basketball

facilities inside.

Zongyu
Badminton

Hall
Badminton 641 Indoor Covers an area of

over 2000 m2

Layouts 14
competition‑grade

courts.

Jushan
Basketball

Club
Basketball 448 Indoor Covers an area of

over 2500 m2

Includes 3 standard
fields and one
children’s area.

PartyMars
Indoor

amusement
park

484 Indoor

The structure is similar
to the 3A Ice Space,

covering an area of over
8000 m2

Equipped with three
major trend‑based

sports matrices, 8 theme
areas, and 114 facilities

all in one.

Feifan Power
Tennis Club

Tennis
training 91 Indoor Covers an area of

approximately 5000 m2

Including
6 international standard

courts and 7 youth
transition courts.

The research data were sourced from two platforms, Dianping andMeituan, through
web scraping of user reviews for the eight venues over the past five years. The data were
collected in July 2026 and include four fields: anonymized usernames, ratings (1–5 stars),
review content, and review timestamp. The two platforms yielded a total of 8323 raw
records, which were reduced to 5317 valid reviews after data cleaning steps including
cross‑platform deduplication and short‑review filtering. Detailed steps of the data clean‑
ing process are described in Section 2.4.

https://doi.org/10.3390/buildings16214393

https://doi.org/10.3390/buildings16214393


Buildings 2026, 16, 4393 8 of 27

Figure 1.Distribution of the study venues.

To support the comparative analysis, the eight venues were pre‑classified into two
groups on the basis of business type and operating model, not on the basis of any out‑
come measure: a child/family‑oriented group (3A Ice Space, Guantu Family Sports Cen‑
ter, PartyMars), whose primary market is parent–child activities and youth training, and
an adult‑sports‑oriented group (Yuanli Sports Center, Qihangjia T‑one Basketball Club,
Zongyu Badminton Hall, Jushan Basketball Club, Feifan Power Tennis Club), whose pri‑
marymarket is adult recreational and training participation. This a priori grouping is used
in Section 3.5.

2.2. Five‑Dimension Analytical Framework

Based on the four‑dimension framework, this study added the service perception di‑
mension, forming a five‑dimension analytical framework. Within Lefebvre’s production of
space theoretical framework [5], the representations of space dimension of paid venues—
encompassing pricing strategies, management systems, and service procedures—exert a
significant shaping effect on users’ spatial practices. This dimension is not salient in free
park contexts, yet it is crucial for understanding user behavior and evaluations in paid
spaces. The addition of the Service Perception dimension provides a first operational ap‑
proximation of this institutional/service dimension; its measurement validity is examined
and qualified in Section 3.1. The operational definitions and example keywords for each
dimension are presented in Table 2.

The coding work shall follow the following rules: (1) A single review can be labeled
withmultiple dimensions simultaneously. (2)When a review contains descriptions of both
adult and children’s activities, CPA is prioritized to reflect the dominant scenario of family
users, with PA coded as negative. (3) Service Perception is codedwhen a review contains at
least one explicit reference to venue operations or management. It records topic presence
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only; it does not encode whether the evaluation is positive, and it excludes external factors
such as weather or transportation.

Table 2.Operational definitions of the five‑dimension analytical framework.

Dimension Abbreviation Operational Definition Example Keywords

Physical Activity PA
Any sports, fitness, or exercise
activity personally engaged in

by the user

Playing ball, running,
swimming, lifting
weights, yoga

Children’s Physical
Activity CPA

Explicit mention of children’s
participation in sports
activities or training

Children learning to swim,
youth fitness, taking kids, baby

Social Interaction SI
Mention of activities with others,

social relationships, or
community belonging

Hanging out with friends,
sports buddies, club,

team building

Positive Emotion PE
Expression of positive affect such
as satisfaction, enjoyment, or
willingness to recommend

Happy, satisfied, awesome,
hidden gem, recommend

Service Perception SP

Presence of an explicit mention of
venue operations and

management, including price,
facilities, or services; a

polarity‑neutral binary indicator

Parking price, front desk,
coach, facilities

2.3. Research Method Workflow

The methodological workflow of this study consists of three stages (Figure 2):
Stage 1—Data collection and cleaning: review data are collected from the Dianping

and Meituan platforms and undergo deduplication, cleaning, and standardization to pro‑
duce a structured dataset.

Stage 2—NLP text mining: several samples are drawn from the filtered reviews
through stratified sampling and coded for the five dimensions. Seed keywords are ex‑
tracted from the coding results, then undergo manual review to remove noise and merge
synonyms, forming an initial seed keyword library. Cosine similarity is then computed
for each seed keyword to obtain semantically similar terms. After manual screening to
remove noise, an expanded keyword library is formed. Finally, the hybrid matching strat‑
egy is applied to perform automated dimension annotation on the valid reviews, and the
annotation accuracy is validated against the manually coded sample.

Stage 3—Supplementary analysis and cross‑validation: the ROST CM6 text sentiment anal‑
ysis tool (version 6.0; ROST Team, Wuhan University, Wuhan, China; accessed 10 July 2026) is
employed to conduct an independent sentiment analysis on the full sample, which is then cross‑
validated with the keyword annotation results. Welch’s t‑test and theMann–Whitney U test are
used to describe differences in the five‑dimension detection rates between the two pre‑defined
venue groups. Pearson correlation analysis is conducted to describe the association patterns
among the dimensions. These supplementary analyses aim to validate the robustness of the
keyword annotation results from multiple perspectives and to provide descriptive, hypothesis‑
generating support for venue operation strategies.
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Figure 2.Research technical workflow.

2.4. Data Cleaning

Data cleaning comprised the following steps (Table 3):
(1) Standardizing field names and encoding formats: Dianping used GBK encod‑

ing and Meituan used UTF‑8 encoding; both were uniformly converted to UTF‑8‑SIG.
(2) Extracting venue names from file names. (3) Removing whitespace and noise from text.
(4) Filtering out records with review text fewer than 5 characters. (5) Filtering out records
with ratings < 1 or >5. (6) Deduplicating by the composite key of [review text, rating] to
eliminate duplicate reviews posted by the same user across the two platforms.

https://doi.org/10.3390/buildings16214393
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Table 3. Statistical results of each data cleaning step.

Cleaning Step Description Removed Remaining

À Raw data merging Dianping (3096) + Meituan (5227) — 8323

Á Review length filtering Removed reviews with fewer
than 5 characters 35 8288

Â Rating range filtering Filtered anomalous records with
ratings < 1 or > 5 251 8037

Ã Cross‑platform
deduplication

Deduplicated by [review text +
rating] to eliminate duplicate
reviews between platforms

2720 5317

Ultimately, 5317 valid reviews were obtained from the original 8323 raw records.

2.5. Seed Keyword Library Construction

The seed keyword library was constructed through the following steps:

(1) Coding sample extraction: from the 5317 cleaned reviews, stratified systematic sam‑
pling was conducted by venue, drawing approximately 28 to 37 reviews per venue
while considering rating distribution, resulting in a total of 227 reviews. In addition,
100 reviews that were not part of this development sample were coded by the au‑
thors under the same protocol and served as an independent test set; none of these
100 reviews was used for lexicon construction, noise cleaning, or strategy selection.

(2) Manual coding: researchers read each review and determined whether each of the
five dimensions (PA, CPA, SI, PE, SP) was present (binary 0/1 labeling), recording
the specific phrases or vocabulary supporting each dimensional judgment in a key‑
words_evidence field.

(3) Seed keyword extraction: the keywords_evidence from all 227 coded reviews was
aggregated, word frequencies were tallied by dimension, and keywords with a fre‑
quency ≥ 1 were retained.

(4) Manual review: synonyms were merged, noise words were removed, and domain
expert knowledge was supplemented.

This process yielded 388 seed keywords in total, with the distribution across dimen‑
sions presented in Table 4.

Table 4.Distribution of the seed keyword library.

Dimension Seed Keywords Examples

PA 26 Playing ball, training, attending class,
skating, rock climbing, trial lessons

CPA 36 Children attending class, kids, taking
children, parent–child, children

SI 11 Hanging out with friends, sports
buddies, team building, club

PE 22 Happy, satisfied, recommended, fun,
worth recommending

SP 293
Good environment, professional

coaches, convenient parking, expensive,
poor service

2.6. Word Embedding Expansion

This study selected the tencent‑ailab‑embedding‑zh‑d100‑v0.2.0‑s (Tencent AI Lab,
Shenzhen, China; accessed 10 July 2026) as the word embedding model, which contains
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2 million entries with 200‑dimensional vectors, covering common Chinese vocabulary,
with a file size of 3.82 GB. The resulting expansion statistics are summarized in Table 5.

Table 5.Word embedding expansion statistics.

Dimension Seed Keywords Candidate
Expanded Terms

Terms After
Cleaning Expansion Ratio

PA 26 201 215 8.3×
CPA 36 180 196 5.4×
SI 11 66 72 6.5×
PE 22 287 295 13.4×
SP 293 3408 3661 12.5×

The expansion method involved computing the cosine similarity between each seed
keyword and all 2 million entries in the word embedding space, retaining the top 15 (simi‑
larity threshold ≥ 0.55) as candidate synonyms. For compound seed keywords not found
in the embedding vocabulary, jieba word segmentation was applied first to decompose
them into individual words before expansion.

The word embedding expansion results underwent a four‑step cleaning process:
(1) Removing seed keywords unrelated to sports venues. (2) Cross‑dimension relocation,
manually correcting keywords assigned to the wrong dimension. (3) Within‑dimension
deduplication, retaining only one instance when the same term appearedmultiple times in
the same dimension. (4) Removing grammatical function words such as “与” (and), “以及”
(as well as), and “好啊” (okay).This process ultimately yielded 4439 expanded keywords.

The variation in expansion ratios across dimensions reflects the semantic concentra‑
tion of seed keywords in each dimension. PE and SP exhibited higher expansion ratios
(13.4× and 12.5×), indicating that their seed keywords occupy a more dispersed semantic
space with abundant substring matches, whereas PA and CPA had relatively lower expan‑
sion ratios (8.3× and 5.4×), suggesting that sports behavior vocabulary has more clearly
defined semantic boundaries.

2.7. Automated Annotation Strategy

The hybrid matching strategy was adopted after systematic comparison of three al‑
ternative strategies. For the PA and CPA dimensions, jieba word segmentation matching
was used: after segmenting the review text, each segmentation unit was checked against
the keyword set. For the SI, PE, and SP dimensions, text substring matching was applied,
where a keyword was considered a match if it appeared as a substring of the review text.
Experiments showed that keywords in the PA and CPA dimensions predominantly consist
of single‑character and two‑character words, making jieba word segmentation matching
effective in reducing false positives from substring matches, whereas keywords in the SI,
PE, and SP dimensions are mostly compound phrases, where substring matching can cap‑
ture semantic signals more comprehensively. Furthermore, during automated annotation,
when the same review detected both PA and CPA, CPA was assigned higher priority than
PA, a mutual exclusivity rule that ensured mutually exclusive dimension labeling. The
implications of this rule for the PA‑CPA correlation are discussed in Section 3.6.

Development performance was checked against the 227 development reviews; final
performance was evaluated on the independent test set of 100 manually coded reviews
using precision, recall, and F1 score. The F1 score is the harmonic mean of precision and
recall, calculated as:

F1 =
2PR

P + R
(1)
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Strategy C was fixed before test‑set evaluation on semantic grounds (Section 1.4). We
report all three strategies on the independent test set for transparency: Cmatched Strategy
A’s precision for PA and CPA (1.00 and 0.94), achieved a mean F1 of 0.79, and reproduced
the pre‑specified pattern; no test‑set result influenced the choice of method. The perfor‑
mance comparison is presented in Table 6.

Table 6. Performance comparison of different matching strategies on the independent test set.

Strategy PA‑P PA‑R PA‑F1 CPA‑P CPA‑R CPA‑F1 SI‑P SI‑R SI‑F1 PE‑P PE‑R PE‑F1 SP‑P SP‑R SP‑F1

A
(jieba all) 1 0.56 0.72 0.94 1 0.97 0.7 0.41 0.52 0.85 0.83 0.84 0.7 0.96 0.81

B
(substring

all)
0.95 0.72 0.82 0.91 1 0.95 0.41 0.88 0.56 0.82 0.94 0.87 0.7 0.99 0.82

C
(hybrid) 1 0.56 0.72 0.94 1 0.97 0.41 0.88 0.56 0.82 0.94 0.87 0.7 0.99 0.82

These results confirm that a one‑size‑fits‑all matching approach is suboptimal for a
multi‑dimensional annotation task. The semantic nature of keywords varies across di‑
mensions: PA and CPA keywords are predominantly short action verbs (e.g., “打球” (play
ball), “跑步” (run)) that benefit from token‑level matching to avoid noise, whereas SI, PE,
and SP keywords are largely compound phrases (e.g., “约朋友” (meet friends), “环境不错”
(nice environment), “停车方便” (convenient parking)) that require substring‑level match‑
ing to capture their full semantic scope. The hybrid strategy leverages these differences
dimension‑specifically.

It should be noted that the selection of the hybrid matching strategy was informed
by systematic preliminary experiments. In initial trials, jieba word segmentation match‑
ing was uniformly applied to all dimensions, which revealed that the recall rates for
the PE and SP dimensions were low because a large number of evaluative phrases (e.g.,
“停车不太方便” (parking is not very convenient)) could not be matched by segmented in‑
dividual words. Conversely, applying substring matching uniformly to all dimensions
led to a high number of false positives in the PA dimension. The hybrid matching strategy
therefore balanced the false‑positive risk of substring matching in PA/CPA and the recall
loss of token‑level matching in SI/PE/SP; its mean F1was close to the best‑performing strat‑
egy while preserving the expected precision advantage.

3. Results
3.1. Full‑Sample Annotation Results

The automated annotation results for the 5317 reviews are presented in Table 7; the
final hybrid strategy was evaluated on an independent test set of 100 manually coded re‑
views, and the resulting precision, recall, and F1 values are also reported in Table 7. In
terms of overall distribution, the Service Perception (SP) dimension exhibited the highest
automated detection rate (5148 reviews, 96.8%), indicating that service‑related topics were
widely mentioned. Throughout this paper, SP is a polarity‑neutral indicator of whether
price, facilities, or service topics were mentioned. Because a high automated rate may
partly reflect the breadth of the SP keyword set, Section 3.1 reports dedicated validity di‑
agnostics (Table 8). The Positive Emotion (PE) dimension had a detection rate of 82.6%,
indicating that most reviews contained positive emotional vocabulary.
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Table 7.Overall detection rates of the five dimensions and independent test‑set performance.

Dimension Detected Reviews Detection Rate Test Precision Test Recall Test F1

PA 802 15.1% 100% 56% 0.72
CPA 3360 63.2% 94% 100% 0.97
SI 285 5.4% 41% 88% 0.56
PE 4394 82.6% 82% 94% 0.87
SP 5148 96.8% 70% 99% 0.82

Table 8. SP validity diagnostics: strict compound‑phrase sensitivity and manual review.

Definition SP Keywords Full Sample Detection Test P/R/F1 TP/FP/FN Interpretation

Full SP lexicon 3661 5148 (96.8%) 0.70/0,99/0.82 67/29/1 Near‑saturated

Strict
compound
phrase (≥4
characters)

1946 2633 (49.5%) 0.81/0.71/0.76 48/11/20
Higher
precision,
lower recall

Notes: 5317 reviews; 5148 were detected by SP (96.8%); the full SP lexicon contains 3661 keywords.
Detection counts and rates refer to reviews. SP is a polarity‑neutral mention indicator.

The Children’s Physical Activity (CPA) dimension had a detection rate of 63.2%, indi‑
cating that children’s activities and parent–child scenarios were prominent in the reviews
collected in this study. This value describes the review sample and should not be inter‑
preted as the composition of actual local sports venue clients. The Physical Activity (PA)
dimension had a detection rate of 15.1%, substantially lower than CPA, partly attributable
to this study’s coding rule (CPA prioritized over PA when both were present), and partly
reflecting the predominant business characteristics of the area’s venues, namely children’s
training and parent–child activities. Social Interaction (SI) had the lowest detection rate at
just 5.4%, indicating that direct descriptions of social behavior are relatively rare in sports
venue reviews and that social interaction may exist more implicitly within the context of
other dimensions.

To examine whether the high SP detection rate is a meaningful topic indicator or
an artefact of broad substring matching, we computed two complementary diagnostics
(Table 8). First, a strict compound‑phrase subset was formed by retaining only SP key‑
words with an effective length of at least four Chinese characters (1946 of 3661 keywords).
When this strict subset was applied, the full‑sample SP detection rate dropped from 96.8%
to 49.5%, while independent test set precision increased from 0.70 to 0.81 and recall fell
from 0.99 to 0.71 (F1 = 0.76 vs. 0.82). Second, among the 5148 SP‑positive reviews, 2633
(51.1%) contained at least one compound SP phrase; the remainder were detected only
through shorter, more general terms. The most frequent hits were generic terms such as
“可以” (1764 reviews), “场地” (1697), “服务” (1225), “干净” (1066), and “教练” (937). Man‑
ual review of the 100‑review independent test set identified SP in 68 reviews, whereas the
automated full lexicon identified 96, with 29 false positives and 1 false negative. These re‑
sults indicate that the 96.8% value is an automated detection rate for the full SP lexicon. It
is not equivalent to the manually verified proportion of service‑topic mentions and should
not be interpreted as service quality or polarity.

3.2. Dimension Distribution Across Venues

The five‑dimension distribution varied across venues (Table 9, Figure 3). In child‑
activity‑oriented venues such as Guantu Family Sports Center, PartyMars, and 3A Ice
Space, CPA detection rates reached 81.8%, 72.3%, and 70.8%, respectively. These values
were the highest among the three behavior‑related dimensions (PA, CPA, SI), although PE
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and SP were higher than CPA in these venues. CPA therefore indicates a child/family
behavior emphasis rather than dominance across all five dimensions. In adult‑sports‑
oriented venues such as Yuanli Sports Center, Feifan Power Tennis Club, Jushan Basketball
Club, and Qihangjia T‑one Basketball Club, PA detection rates were 38.9%, 36.3%, 30.6%,
and 36.7%, respectively, and exceeded their CPA detection rates. Zongyu Badminton
Hall exhibited a PA detection rate of 25.3% and a CPA rate of 16.4%, falling between the
two venue categories, indicating participation by both adults and youth. The radar chart
(Figure 3) shows the resulting dimensional profiles.

Table 9. Five‑dimension distribution across venues.

Venue Reviews PA CPA SI PE SP

3A Ice Space 869 19.9% 70.8% 3.3% 84.3% 98.2%
Yuanli Sports Center 113 38.9% 21.2% 9.7% 70.8% 97.3%

Guantu Family Sports Center 2641 7.5% 81.8% 6.5% 83.8% 97.0%
Qihangjia T‑one Basketball Club 30 36.7% 26.7% 6.7% 70.0% 93.3%

Zongyu Badminton Hall 641 25.3% 16.4% 3.9% 82.2% 98.6%
Jushan Basketball Club 448 30.6% 16.3% 6.0% 81.5% 94.2%

PartyMars 484 8.9% 72.3% 3.1% 79.5% 93.2%
Feifan Power Tennis Club 91 36.3% 27.5% 4.4% 75.8% 100.0%

Figure 3.Radar chart of five‑dimensional distribution across venues.

Across venues, SP detection under the full lexicon ranged from 93.2% to 100.0%, with
a full‑sample rate of 96.8%. The adult‑sport‑oriented venues had SP rates of 97.3% (Yuanli),
93.3% (Qihangjia), 98.6% (Zongyu), 94.2% (Jushan), and 100.0% (Feifan), matching the
venue values in Table 9. Because SP is a polarity‑neutral topic indicator, these values
describe topic salience rather than service quality or the manually verified proportion of
service‑topic mentions.

3.3. Cross‑Analysis of Ratings and Dimensions

The relationship between rating levels and dimension detection rates is shown in
Figures 4 and 5. Figures 4 and 5 were generated from the same rating‑by‑dimension ma‑
trix. The SP rate was 87.9% for 3‑star reviews, 97.5% for 4‑star reviews, and 96.6% for 5‑star
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reviews; the corresponding rates were 94.4% and 100.0% for 1‑ and 2‑star reviews, respec‑
tively. The PE detection rate was 84.9% for 5‑star reviews, 79.9% for 4‑star reviews, and
48.5–58.3% for reviews rated 3 stars or below. This gradient is consistent with the greater
frequency of positive emotional vocabulary in high‑rating reviews. Even among 1–3 star
reviews, PE remained close to 50%, indicating that positive aspects may coexist with a low
overall rating.

Figure 4.Rating–dimension cross‑heatmap.

Figure 5.Rating–dimension trend chart.

SP detection ranged from 87.9% to 100.0% across rating levels, with the minimum at
3 stars. This variation describes how often service‑related language was automatically de‑
tected, not whether those mentions were manually verified as service topics or whether
they were favorable or unfavorable. The rating‑dimension cross‑analysis shows two pat‑
terns. First, PE remained near 50% in 1–3‑star reviews, indicating that positive affect can
coexist with a low overall rating. Second, CPA peaked in 4‑star reviews at 76.0%, which is
consistent with family‑oriented use of these venues.

3.4. Cross‑Dimension Co‑Occurrence Analysis

The conditional co‑occurrence probabilities P(B|A) and Jaccard coefficients are shown
in Figure 6; rows are conditioning dimensions (A), and columns are target dimensions (B).
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When SI was present, P(PE|SI) = 91.6% and P(CPA|SI) = 73.0%. For CPA and SP, 3299 re‑
views contained both dimensions, giving P(SP|CPA) = 3299/3360 = 98.2% and P(CPA|SP) =
3299/5148 = 64.1%. Because SI has an independent‑test F1 of 0.56, these patterns are treated
as exploratory.

Figure 6.Heatmap of conditional co‑occurrence probabilities among dimensions.

The Jaccard matrix (Figure 7) provides a symmetric overlap measure that is less sen‑
sitive to the high prevalence of PE; by construction, J(A,B) = J(B,A). The SI‑PE coefficient
is 0.059: 261 reviews contained both SI and PE, so 261/(285 + 4394 − 261) = 0.059, and
the reverse PE‑SI cell is also 0.059. The PE‑SP coefficient is 0.813. For PA and the two
highly prevalent dimensions, the values are distinct: the PA‑PE coefficient is 0.143, whereas
the PA‑SP coefficient is 0.148. These Jaccard coefficients measure set overlap and are
not conditional probabilities: for example, P(PE|PA) = 651/802 = 81.2% and P(SP|PA) =
765/802 = 95.4%, and these quantities should not be confused with J(PA,PE) = 0.143 or
J(PA,SP) = 0.148. The high conditional probability P(PE|SI) = 91.6% should not be inter‑
preted as a strong association, because PE was present in 82.6% of all reviews. Given the
low F1 for SI, the SI‑PE pattern remains exploratory.

Further analysis of intra‑venue co‑occurrence patterns (Figure 8) reveals functional
positioning differences across venue types. Training‑oriented venues (e.g., 3A Ice Space,
Guantu Family Sports Center) showed prominent CPA‑PE co‑occurrence, consistent with
youth‑training scenarios. Adult‑oriented venues such as Yuanli Sports Center and Jushan
Basketball Club showed stronger PA‑PE co‑occurrence. Zongyu Badminton Hall had con‑
siderable co‑occurrence with both PA and CPA, consistent with participation by adults
and youth. Given the measurement limits of PA and SI, these venue‑level patterns are
exploratory.
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Figure 7.Heatmap of Jaccard similarity among dimensions.

Figure 8.Comparison of conditional co‑occurrence patterns by venue.

3.5. Statistical Tests of Venue‑Type Differences

To examine whether the association between venue type and behavioral dimensions
was descriptively stable (Figure 9), the eight venues were divided into two groups defined
a priori in Section 2.1. Because groupmembershipwas not derived fromoutcomevariables,
the tests are descriptive rather than confirmatory.
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Figure 9. Boxplot of between‑group differences by venue type.

Welch’s t‑test results showed higher PA detection rate in adult‑oriented venues
(M = 33.5%, SD = 5.6%) than in child‑oriented venues (M = 12.1%, SD = 6.8%, t = −4.620,
p = 0.012), with a large effect size (Cohen’s d = −3.58). The mean CPA detection rate was
higher in child‑oriented venues (M = 75.0%, SD = 6.0%) than in adult‑oriented venues
(M = 21.6%, SD = 5.4%, t = 12.692, p < 0.001), with a large effect size (Cohen’s d = 9.56).
SP did not differ significantly between groups (p = 0.777, Cohen’s d = 0.21) and remained
high in both groups, which is consistentwith its topic‑screening interpretation (Section 3.1).
Given the small number of venues, these comparisons are descriptive.

Effect sizes were Cohen’s d = 3.58 for PA and Cohen’s d = 9.56 for CPA. SP showed
only a small absolute between‑group difference (96.1% vs. 96.7%; Cohen’s d = 0.21,
p = 0.777), which is consistent with its role as a broad topic indicator.

3.6. Inter‑Dimension Correlation Analysis

Pearson correlations of the five venue‑level detection rates are summarized in
Figure 10; the pairwise venue‑level distributions are shown in Figure 11. PA and CPA were
strongly negatively correlated (r = −0.865, p = 0.006), largely because the coding rule assigns
CPA priority when both are present; this not an independent behavioral finding. PE and SP
had a weak correlation (r = 0.202, p = 0.631; 95% CI [−0.586,0.794]). All venue‑level correla‑
tions are based on only eight observations and therefore have wide confidence intervals.

Figure 10.Correlation matrix of the five dimensions.
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Figure 11. Scatterplot matrix of the five dimensions.

Within Lefebvre’s triadic framework [5], PE can be interpreted as capturing represen‑
tational spaces through affective language, while SP flags mentions of pricing, facilities,
and service protocols associated with representations of space. Because SP does not en‑
code valence and the PE‑SP correlation is weak and non‑significant, the present data do
not support claims about unfavorable service or emotional decoupling. The theoretical
link is therefore interpretive and exploratory.

3.7. Sentiment Analysis Cross‑Validation

To assess the complementarity of the two methods, ROST CM6 was applied to the
same reviews (Figures 12 and 13). PE is a review‑level binary indicator based on posi‑
tive emotional vocabulary, whereas ROST classifies the overall sentiment of the complete
review as positive, neutral, or negative.
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Figure 12.ROST sentiment composition for the full sample and eight venues.

Figure 13.Correspondence between PE coding and ROST sentiment, overall and by venue.

ROST classified 4765 reviews (89.62%) as positive, 17 (0.32%) as neutral, and 535 (10.06%)
as negative. Figure 12 shows the overall composition and the same three‑category distribu‑
tion for each venue. Among positive reviews, 58.92% were classified as highly positive.

At the venue level, Figure 13a cross‑tabulates PE presencewith the three ROST classes,
and Figure 13b compares venue‑level PE detection with the ROST positive rate. PartyMars
hadPE = 79.5% andROSTpositive = 73.35%; although still predominantly positive, thiswas
the lowest venue‑level ROST positive rate and was accompanied by the highest negative
share (26.24%). This pattern indicates a more mixed whole‑review appraisal than the PE
indicator alone, not a negative overall sentiment. Because ROST classifies the entire review
and SP is polarity‑neutral, the present results cannot determine which content drove the
ROST label and do not support attribution to service quality.
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4. Discussion
4.1. Methodological Contributions

The primary methodological contribution of this study is the theory‑driven extension
of the park‑based analytical framework to sports venues. SP was added as a polarity‑
neutral screening indicator of service‑related topics and achieved an independent test‑set
F1 score of 0.82. Because generic vocabulary also contributes to SP detection, this supports
feasibility rather than a fully validated SP construct (Section 3.1).

Thismethodological transfer is enabled by a hybridmatching strategy that applies dif‑
ferent matchingmethods tailored to the semantic characteristics of each dimension. Exper‑
iments showed that sports behavior vocabulary (PA/CPA) is more suited to exact matching
after jieba word segmentation, while evaluative vocabulary (PE/SP) is better suited to sub‑
stringmatching for generalized detection. This finding provides a reference for optimizing
keyword annotation methods in Chinese social media text.

At the theoretical level, the addition of the Service Perception dimension not only car‑
ries methodological value but also reflects the structural differences in spatial production
mechanisms between free parks and paid sports venues. Lefebvre’s production of space
theory [5] deconstructs the social production of space into three interrelated dimensions:
“spatial practice,” “representations of space,” and “representational spaces.” Within this
framework, the original four dimensions (PA, CPA, PE, SI) primarily correspond to two
levels: spatial practice (physical activity occurring in the physical environment) and rep‑
resentational spaces (emotional experience and social interaction).

Paid sports venues are service‑mediated spaces users enter through booking, tick‑
eting, or admission, and pricing, operating rules, and service procedures shape spatial
practice. On the independent test set, F1 scores were 0.97 (CPA), 0.87 (PE), 0.82 (SP), 0.72
(PA), and 0.56 (SI). SP combines relatively stable service phrases with generic terms, which
explains its high automated detection rate (96.8%) but limits its interpretation as a vali‑
datedperceptionmeasure. The underlying reason is that the Service Perception vocabulary
(e.g., “服务” (service), “态度” (attitude), “环境” (environment), “价格” (price), “设施” (fa‑
cilities)) has relatively stable semantic boundaries in Dianping and Meituan reviews, with
users’ evaluations following relatively fixed expression patterns. Relative to PA and SI, SP
keywords include more stable service‑related phrases, although the lexicon also contains
generic terms whose hits inflate the detection rate (Section 3.1). In contrast, physical ac‑
tivity expressions are highly dependent on specific sports contexts (general terms such as
“打球” (play ball), “锻炼” (exercise), and “运动” (sports) lack contextual discriminability),
while social interaction signals appear in diverse short‑phrase forms (e.g., “组局” (organize
a gathering), “拜师” (take a coach), “约战” (arrange amatch)), whose semantic variants are
difficult to exhaust with a fixed keyword library.

The above methodological exploration lays the groundwork for understanding user be‑
havior characteristics at sports venues. The following section further discusses the practical
implications for venue operations management based on the five‑dimension analysis results.

4.2. Implications of the Findings for Venue Operations

The five‑dimension analysis results of this study offer multi‑dimensional decision‑
making references for sports venue operations management. First, in child‑activity‑
oriented venues (Guantu Family Sports Center CPA = 81.8%, 3A Ice Space CPA = 70.8%,
PartyMars CPA = 72.3%), CPA was the most frequently detected behavioral dimension
(PA, CPA, SI), although PE and SP were higher than CPA. This pattern is consistent with
a family/youth‑training emphasis and suggests the value of family auxiliary spaces and
parent–child programming, but it does not identify individual users or establish that CPA
dominates every dimension. At the operational level, family‑friendly facilities (e.g., parent
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rest areas, children’s safety installations) could be strategically reinforced, while parent–
child interactive activities and course products could be developed to enhance user reten‑
tion and average revenue per customer. Second, adult‑sports‑oriented venues, whose PA
detection rates were significantly higher at the venue level, are consistent with a user pro‑
file dominated by adult physical activity; because PA has an independent test F1 of 0.72,
this pattern is interpreted as a venue‑level aggregate tendency rather than a review‑level
classification, and its strength should be treated cautiously. Operational implications in‑
clude fostering sports communities and developing adult fitness products.

Viewed through the lens of production of space theory [5], the differentiation be‑
tween the two venue types can be interpreted as different modes of spatial production.
Child‑activity‑oriented venues, dominated by CPA, resemble a “structured reproduction”
mode—children’s bodies are organized andmanagedwithin an adult‑designed institution‑
alized training system, and spatial practice is highly subordinated to representations of
space (curriculum systems, coach assignments, schedules). Adult‑sports‑oriented venues,
with higher venue‑level PA, are more consistent with “self‑directed participation,” in
which adult users independently determine the content and pace of their physical activ‑
ities. This interpretation is tentative: PA detection at the review level is imperfect (test
F1 = 0.72), so the distinction is supportedmainly at the venue‑aggregate level. The contrast
with Su & Sun’s park‑based classification [2] remains useful because, in paid venues, rep‑
resentations of space (pricing, membership systems, course bundling) directly shape user
composition and behavior patterns.

Notably, SP detection ranged from 93.2% to 100% across venues, with a full‑sample
rate of 96.8%. This value is an automated detection rate and is not equivalent to the man‑
ually verified proportion of service‑topic mentions. Users frequently comment on op‑
erational and facility‑related aspects; however, because the high SP rate partly reflects
broad and generic keyword matching (Section 3.1), this supports the inclusion of an SP‑
related dimension only as a content‑level analytical category, not as evidence of a validated
service‑perception construct. However, as shown in Section 3.1, the near‑saturated rate
partly reflects the breadth of the keyword set; SP should therefore be interpreted through
content‑level analysis rather than as a dimension that discriminates between venues or
rating groups. From the rating–dimension cross‑analysis, the PE dimension maintained a
detection rate above 48% across all rating levels, indicating that sports venue users tend to
express positive emotions even when their experience is suboptimal—a finding consistent
with Zou et al. [3], suggesting that venue operators should attend to the channeling and
transformation of users’ emotional needs in managing negative reviews.

Examining this further through the triadic framework, the PE‑SP association was
weak, positive, and non‑significant (r = 0.202, p = 0.6311; 95% CI [−0.5860, 0.7938]). Be‑
cause SP is polarity‑neutral and ROST scores complete reviews, the present data cannot
identify favorable or unfavorable service perceptions nor establish that service evaluations
and positive affect are decoupled. SP remains a topic‑screening indicator for representa‑
tions of space, and the proposed relationship is retained only as a direction for future work
with valence‑coded SP data.

Finally, the venue spatial profiles in Table 1 link these behavioral and perceptual pat‑
terns to the built environment. Child‑oriented venues with large indoor activity floors and
upper rest/dining levels (e.g., Guantu, 3A Ice Space) appear to support the extended stays
and family supervision reflected in high CPA and PE rates. Adult‑oriented venues with
multiple courts and training spaces (e.g., Yuanli’s 11 tennis courts and FIBAA‑level basket‑
ball courts; Jushan’s three full courts plus a children’s court) provide the spatial capacity for
the adult participation patterns observed in PA rates. For design practice, these results sug‑
gest paying attention to family auxiliary spaces (rest areas, sightlines from waiting zones,
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accessible routes), clear circulation between activity zones, and flexiblemultifunctional lay‑
outs that can serve both youth training and adult recreation. Directmeasurement of spatial
variables remains a future step (Section 4.3), as not all venues publicly report precise areas,
capacities, or floor configurations.

Furthermore, it should be noted that this study analyzed user behavior and percep‑
tions through textual review data without directly measuring the physical spatial config‑
urations of the venues themselves. Factors such as layout efficiency, circulation design,
spectator sightlines, and the ergonomic arrangement of ancillary facilitiesmaymediate the
behavioral and perceptual patterns identified here. Future research could extend the cur‑
rent framework by incorporating measurable spatial variables, thereby bridging the gap
between architectural design parameters and user experiential outcomes captured through
social media analytics.

4.3. Limitations and Future Directions

In addition, this study has the following limitations.
First, on the independent test set, annotation accuracy was relatively low for SI

(F1 = 0.56) and PA (F1 = 0.72). The primary reason is that physical activity vocabulary (e.g.,
“打球” (play ball), “锻炼” (exercise), “运动” (sports)) often appears as generic expressions
in reviews, lacking the discriminability to identify specific sports contexts, while social
interaction signals exhibit highly diverse expression forms (e.g., short‑phrase structures
such as “组局” (organize a gathering), “拜师” (take a coach), “约战” (arrange a match),
“认识朋友” (make friends)), making it difficult for the seed keyword library to comprehen‑
sively cover their semantic variants. Future research could introduce pre‑trained language
models (e.g., BERT, Word2Vec) for semantic similarity computation to replace keyword
matching, thereby improving the annotation accuracy of low‑F1 dimensions. Second, the
data sources of this study were limited to Dianping and Meituan, introducing platform
selection bias: Meituan users are predominantly family consumers, while Dianping users
are mainly young consumers. Future studies could expand to social platforms such as Xi‑
aohongshu and Douyin to enrich sample diversity. Third, as this study was conducted
in a single specific area, the number of venues collected (8) and the sample size (5317 re‑
views) are relatively limited. Future research should validate the generalizability of the
methodological framework across more cities and venue types. Fourth, the coding rules
of this study established a mutual exclusivity mechanism prioritizing CPA over PA. While
this methodologically avoids double‑counting in the same review, it also results in com‑
plete mutual exclusivity between PA and CPA in the annotation results (conditional co‑
occurrence probability = 0%), potentially systematically underestimating the true propor‑
tion of adult–child co‑activity scenarios. Future research could explore multi‑label classifi‑
cation strategies to replace the priority rule, thereby more accurately capturing the actual
situations of multi‑dimensional behavioral co‑occurrence.

As a single‑region case study, this research provides in‑depth, context‑rich insights
into the specific mechanisms of user behavior within Tianzhu’s sports venue cluster—a
type of knowledge that multi‑city surveys with standardized indicators may sacrifice for
breadth. The eight venues analyzed represent diverse business models, pricing tiers, and
user demographics within a spatially bounded setting, enabling a controlled comparison
that isolates venue‑level effects from confounding regional variations. However, this ana‑
lytical depth comes at a cost to statistical generalizability. The findings are situated within
the Chinese socio‑cultural context, where sports consumption patterns, platform review
culture, and urban spatial policies differ markedly from those in Western or other Asian
contexts. Future multi‑city comparative studies—particularly those spanning different ur‑
ban hierarchies (e.g., first‑tier versus emerging cities) and cultural contexts (e.g., East Asian
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versus European sports venue clusters)—could test the cross‑contextual stability of the five‑
dimension framework and establish its boundary conditions.

Meanwhile, Su & Sun [2] further trained a multi‑label machine learning classifier on
the basis of the expanded keyword library, which represents an important direction for
refining the automated annotation workflow in future iterations of this study. The near‑
saturated SP dimension also points to a need for content‑level qualitative validation: future
research could combine keyword extraction with semi‑structured interviews or on‑site ob‑
servations to examinewhat specific service conditions users refer to and how spatial config‑
urations mediate those perceptions. Direct measurement of venue‑level spatial variables
(area, court/rink counts, floor configuration, capacity, accessibility) would allow the venue
profiles compiled in Table 1 to be tested as explanatory variables in multi‑city samples.

Finally, because the SP lexicon contains generic and activity‑related terms, future
work should construct a curated SP lexicon that distinguishes genuine service evaluations
from topic mentions and validate it with content‑level annotation of SP‑positive reviews.

5. Conclusions
This study constructed a five‑dimension analytical framework—Physical Activity

(PA), Children’s Physical Activity (CPA), Social Interaction (SI), Positive Emotion (PE),
and Service Perception (SP)—based on 5317 Dianping andMeituan reviews of eight sports
venues in Tianzhu, Shunyi, Beijing, and interpreted the results through Lefebvre’s produc‑
tion of space theory [5]. The conclusions answer the five research questions as follows.

(1) The park‑based framework can be transferred to sports venues through two exten‑
sions: adding SP as an operational measure of the institutional/service dimension
and adopting a hybrid matching strategy that uses jieba segmentation for PA/CPA
and substring matching for SI/PE/SP. On the 100‑review independent test set, the hy‑
brid strategy achieved F1 scores of 0.97 (CPA), 0.87 (PE), 0.82 (SP), 0.72 (PA), and 0.56
(SI), demonstrating that the framework is workable while highlighting dimensions
that require more careful interpretation.

(2) The collected reviews show distinct behavior‑emotion profiles: PE is high (82.6%),
the full SP lexicon achieved an automated detection rate of 96.8%, CPA was detected
in 63.2% of reviews, and PA (15.1%) is lower partly because CPA takes priority when
both are present. These proportions describe the review sample; in particular, CPA
should not be interpreted as the composition of actual local sports venue clients, and
96.8% should not be interpreted as the manually verified proportion of service‑topic
mentions. PA and SI conclusions are limited by their test F1 values and are treated as
venue‑level or exploratory patterns.

(3) Pre‑defined venue‑type comparisons, based on business type and operating model
rather than on outcome data, show descriptively consistent differences: child/family‑
oriented venues exhibit higher venue‑level CPA rates, while adult‑sports‑oriented
venues exhibit higher venue‑level PA rates. Given n = 8, these comparisons are de‑
scriptive rather than confirmatory.

(4) In the collected reviews, the full SP lexicon achieved an automated detection rate of
96.8%, whereas strict compound phrases achieved 49.5%. The broader lexicon im‑
proves coverage but introduces false positives; therefore, 96.8% is not equivalent to
the proportion of manually verified service‑topic mentions. SP has independent‑test
precision of 0.70, and its lexicon includes generic terms. It is therefore best treated as
a polarity‑neutral screening signal that requires content‑level analysis, not as a mea‑
sure of service satisfaction.

(5) SP operationalizes the representations‑of‑space/institutional layer in Lefebvre’s triad
as a polarity‑neutral topic indicator. Its association with PE was weak, positive, and
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non‑significant (r = 0.202, p = 0.6311). Because SP does not encode evaluation valence
and ROST applies to the whole review, the present results support neither emotional
decoupling nor conclusions about service quality. Future research using valence‑
coded SP measures is needed to test this proposed relationship.

The study has several limitations: review data come from two platforms in a single
district; the number of venues is small; PA and SI annotation is imperfect; the CPA‑priority
rule suppresses adult‑child co‑activity; SP does not encode evaluation valence, and the
physical characteristics of venues were compiled from public sources rather than direct
measurement. Future research should apply pre‑trained language models or multi‑label
classifiers, incorporate measured spatial variables, extend the framework across cities and
venue types, and validate SP content qualitatively.
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