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Abstract

Historic cities facing overtourism require evidence-based visitor dispersal to balance
tourism growth with sustainable destination development. Focusing on Kyoto City, Japan,
this study proposes an integrated analytical framework that combines objective tourism
supply (POIs) and tourism demand (GPS trajectories) with visitor subjective perceptions
from online tourist reviews to identify Alternative Attractions for Visitor Dispersal and eval-
uate their Composite Attractiveness. We (i) map supply–demand patterns to distinguish
Hotspot Attractions versus Alternative Attractions (high-supply/low-demand); (ii) quan-
tify Subjective Perceptions via an Aspect-Based Sentiment Analysis pipeline (ABSA) across
landscape, experience, service, and transportation; and (iii) embed these sentiments into an
improved Two-Step Floating Catchment Area (2SFCA) method that reframes accessibility
from “reaching places” to “attaining high-quality experiences.” Kyoto exhibits a marked
supply–demand mismatch, with Alternative Attractions concentrated around Fushimi,
Sakyo (Nanzen-ji area), and outer Arashiyama. Negative perceptions (e.g., crowding)
diminish the attractiveness of central Hotspot Attractions, whereas positive perceptions
(e.g., pleasant atmosphere) enhance the attractiveness of peripheral Alternative Attractions,
offsetting locational disadvantages. This framework offers not only data-driven support
for Kyoto but also a replicable, experience-oriented model for sustainable tourism spatial
management in other similarly challenged destinations.

Keywords: overtourism; sustainable destination management; visitor dispersal; spatial
dispersal potential; Aspect-Based Sentiment Analysis (ABSA); 2SFCA

1. Introduction
The discussion of sustainable tourism is increasingly dominated by overtourism, a

critical issue for many historic and cultural cities globally [1]. Overtourism, the excessive
growth in visitor numbers that harms residents’ quality of life [2], highlights a conflict
between unchecked tourism growth and sustainable development. In Kyoto City, Japan,

Sustainability 2025, 17, 10243 https://doi.org/10.3390/su172210243

https://doi.org/10.3390/su172210243
https://doi.org/10.3390/su172210243
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/sustainability
https://www.mdpi.com
https://orcid.org/0000-0003-0660-7228
https://orcid.org/0000-0003-3093-4229
https://orcid.org/0000-0003-3316-1815
https://doi.org/10.3390/su172210243
https://www.mdpi.com/article/10.3390/su172210243?type=check_update&version=1


Sustainability 2025, 17, 10243 2 of 23

these pressures are concentrated in primary or hotspot attractions, where congestion
reduces visitor satisfaction and strains the city’s social and environmental resilience [3].
If unmanaged, this can increase community tension, cause irreversible damage to fragile
cultural heritage, and undermine long-term sustainability [4].

Visitor Dispersal is a widely recognized strategy to ease congestion and redistribute
tourism’s benefits [5,6]. The core idea is to guide tourists away from overcrowded hotspot
attractions to quieter, outlying areas, creating a more balanced distribution of tourism
pressure. However, this policy’s success depends on identifying suitable dispersal zones
or alternative attractions. This requires a scientific evaluation of attractions based on their
appeal, infrastructure capacity, and ability to accommodate additional visitors without
creating new challenges.

Traditionally, identifying such alternative attractions has relied on evaluating “tourism
potential”, which is a concept defined by a region’s capacity to develop new tourism prod-
ucts from its existing resources [7]. Whether through traditional resource inventories [8]
or modern Point of Interest (POI) data analysis [9], these existing supply-side evaluations
measure what can be termed “tourism development potential.” While valuable for initial
destination development, this approach is insufficient for managing overtourism. The focus
must shift from developing new resources to better managing existing ones. A successful
dispersal strategy aims not to open new areas, but to find existing, underutilized attractions
with a strong tourism supply. These locations can absorb visitors’ overflow from hotspot
attractions, thus alleviating pressure. Therefore, this study argues for a shift in evaluation
from “tourism development potential” to “spatial dispersal potential.” This new concept
necessitates integrating demand-side data on visitor behavior with supply-side metrics to
meet current management needs.

Identifying alternative attractions with this ‘spatial dispersal potential’ requires a
data-driven integration of tourism supply and tourism demand. On the demand side,
technological contributions like GPS tracking and social media check-ins offer detailed
insights into tourist mobility, enabling researchers to identify tourism hotspots [10]. By
overlaying supply-side inventories with these demand patterns, it becomes possible to
classify tourism spaces systematically. This reveals not only the hotspot attractions (high
supply, high demand) where overtourism is acute but also the alternative attractions for
visitor dispersal.

Furthermore, in an era of smart tourism development, a destination’s attractiveness
is no longer determined solely by its objective, physical resources. Online tourist reviews
offer new insights into the subjective side of tourism attractiveness [11]. Research confirms
that this content—including sentiments, narratives, and visuals—is a critical factor in travel
decision-making [12]. This gives Destination Management Organizations (DMOs) a major
opportunity for sustainable marketing. By using insights from visitor perceptions, DMOs
can create targeted strategies that highlight the unique, high-quality experiences available
at alternative attractions, thereby encouraging a more balanced and responsible form of
tourism [13].

Therefore, this study argues that a comprehensive evaluation framework for alterna-
tive attractions must integrate an objective analysis of tourism supply with a subjective
analysis of visitor perceptions. Using Kyoto City as a case study, this research constructs an
integrated analytical framework to address two core questions:

• RQ1: How can the spatial patterns of tourism supply and demand be matched to
differentiate Hotspot Attractions from Alternative Attractions for Visitor Dispersal?

• RQ2: How can the subjective perceptions from online tourist reviews be incorporated
to more accurately assess a destination’s composite attractiveness?
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This research offers a twofold contribution to the discourse on sustainable tourism.
Conceptually, it introduces and validates “spatial dispersal potential,” shifting the focus
from growth-oriented “tourism development potential” to a management framework for
overtourism. Methodologically, it improved the 2SFCA method by integrating subjective
experiences—quantified via Aspect-Based Sentiment Analysis (ABSA). This reframes the
evaluation of attractiveness, moving from the “accessibility of physical space” to the
“attainability of high-quality experiences.” The result is a replicable, data-driven model
that empowers DMOs and policymakers with a more nuanced tool for sustainable tourism
spatial management, promoting resilience and long-term destination well-being.

The structure of this paper is as follows: Section 2 reviews the literature and presents
the integrated analytical framework. Section 3 introduces the study area, data sources, and
research methodology. Section 4 presents the results. Section 5 discusses the findings, and
Section 6 concludes with a summary of the conclusions and policy recommendations.

2. Literature Review and Research Framework
2.1. Identification of Alternative Attractions for Visitor Dispersal Based on Tourism Supply
and Demand

Traditional tourism planning and destination evaluation have long centered on the
supply side, with an emphasis on measuring a region’s “Tourism Potential.” Early studies
relied on field surveys and expert experience to conduct qualitative or quantitative valua-
tions of a region’s natural and cultural tourism resources [14,15]. For instance, Filip Vujović
et al. identified forests, water bodies, terrain, and land cover as core natural resources for
potential assessment [8], while Dragan Pamucar et al. used questionnaires and interviews
to evaluate the tourism potential of different rural settlements [16]. More recently, the
emergence of geospatial big data, such as Points of Interest (POIs), has offered new ways to
quantify tourism supply [17]. For example, Luo et al. used the density and proportion of
different POI types, combined with clustering algorithms like K-Means, to classify urban
areas into commercial, residential, and tourist zones [18]. Based on leisure and tourism POI
data from Xi’an, Qu et al. revealed that the city’s tourism facilities are highly concentrated
in the urban core and sparsely distributed in peripheral areas, with the core’s spillover
effect being limited [19].

Regardless of the method, the common focus is on the quantity of developable tourism
resources, measuring a destination’s “tourism development potential.” While this per-
spective is effective in the early stages of tourism development, its limits become clear
when dealing with overtourism, a major obstacle to sustainable development. It fails to
measure the potential for visitor dispersal; an area with abundant resources that is also
crowded with tourists is a source for dispersal, not a receiving destination. Therefore, a
supply-side-only analysis cannot provide a direct basis for effective policies aimed at visitor
dispersal and responsible management.

Conversely, demand-side research utilizes trajectory information from User-Generated
Content (UGC) to capture the actual spatio-temporal behaviors of tourists, aiming to
identify “tourist hotspots” [20]. By analyzing geotagged data from social media platforms
(such as Qyer and Weibo), researchers can not only identify areas where tourists congregate
but also uncover the diverse preferences of different tourist groups and reveal significant
differences in activity space choices between tourists and local residents [21,22]. Yao et al.
analyzed GPS trajectory data to understand tourists’ movement, gathering patterns, and
areas of interest within attractions, thereby revealing their specific visitation behaviors [23].
However, such methods tend to focus on currently popular attractions, making it difficult
to discover high-quality but less-visited alternative attractions for visitor dispersal, which
are key to successful destination management strategies that mitigate crowding.
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In summary, neither a supply-side nor a demand-side analysis alone can fully support
visitor dispersal decisions. This study, therefore, proposes a new concept for overtourism
management: “Spatial Dispersal Potential.” This potential is determined by the match
between a region’s tourism supply and its current tourism demand. Attractions with
strong dispersal potential are characterized by “high supply-low demand,” meaning they
possess the resource base to handle visitors but are not yet under significant tourist pressure.
Consequently, by systematically quantifying and comparing the spatial distributions of
supply and demand, it is possible to identify areas suitable for tourism demarketing in
congested hotspots and sustainable destination branding in underutilized alternatives.

2.2. Evaluation of Destination Composite Attractiveness Integrating Subjective Perceptions

A tourist destination’s spatial structure is a complex network of supply points (attrac-
tions, facilities) and demand points (tourist locations) [24,25]. The relationships between
these points heavily influence tourists’ decisions and movements. Early accessibility assess-
ments often employed gravity models, which quantify accessibility based on the number
of opportunities (supply) and travel impedance (such as distance or time). However, these
models have limited capacity to explain supply-demand interactions, particularly service
competition [26,27]. The evaluation of accessibility requires a comprehensive model that
can simultaneously account for supply capacity, demand scale, and the spatial impedance
between them.

The Two-Step Floating Catchment Area (2SFCA) method, known for its ability to
balance supply and demand relationships [28], has been widely used in assessing the
accessibility of public service facilities, such as healthcare and parks [29,30]. Its advantage
is that it considers both the capacity of supply points and the competition from demand
points by calculating a supply-to-demand ratio. This makes it better at explaining real-
world situations than traditional gravity models. This method has also been introduced
into tourism and cultural heritage tourism research. For example, Zhao et al. used it
to evaluate the accessibility of different types of cultural facilities, including historical
sites [31]. However, in its application to tourism research, discrepancies remain in defining
supply and demand indicators. Some studies use official “attraction ratings” to measure
supply and “resident population” to measure demand [32]. This approach overlooks the
unique context of overtourism, where highly rated attractions are often associated with
negative experiences like crowding and queuing. Therefore, a high rating does not always
mean a high-quality experience. Furthermore, the main source of tourism demand is
mobile tourists, whose spatiotemporal distribution patterns are distinctly different from
those of local residents. Consequently, the current model often measures the convenience
of local residents to access attractions rather than the ease with which tourists can obtain
a high-quality experience. This can create a gap between the model’s results and what
tourists actually feel.

To address this problem, it is necessary to integrate methods for quantifying subjec-
tive perceptions. As a typical form of UGC, online tourist reviews are a key source for
understanding real experiences and sentimental preferences, which are central to creat-
ing meaningful tourist experiences [33]. However, traditional sentiment analysis is often
too coarse-grained to capture the multidimensional emotions within complex tourist ex-
periences [34]. To solve this, Aspect-Based Sentiment Analysis (ABSA) technology was
developed [35]. It can identify specific aspects in reviews (e.g., “landscape,” “service”)
and determine their sentiment polarity, enabling a more granular analysis. Advancements
in deep learning have led to models like the Aspect-Term Extraction and Polarity Clas-
sification (ATEPC) model, which can now identify aspects and classify sentiment at the
same time, improving accuracy [36]. In measuring supply, some studies have begun to
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integrate objective scale with subjective perception data. For instance, Mao et al. combined
the physical area of parks with user ratings from multiple online platforms, incorporating
the public’s perception into the quantification of supply capacity [37].

Therefore, this study argues that the key to enhancing the model’s effectiveness lies in
constructing supply and demand indicators that better fit the tourism context. Specifically,
the research should explore redefining supply using the density and richness of tourism-
related POIs, and demand should be defined using authentic tourist spatiotemporal distri-
bution data. More importantly, tourists’ subjective perceptions should be integrated as a
core variable in the quantification of supply capacity, thereby ensuring that the accessibility
evaluation truly aligns with tourists’ actual perceptions.

In conclusion, while existing research has laid a foundation for understanding tourism
spatial structures, it has three main shortcomings: (1) The quantification of tourism supply
needs to be improved; (2) Subjective perceptions are not well integrated into spatial analysis;
and (3) Supply and demand indicators in tourism accessibility models are not well-suited to
the tourism context. Addressing these gaps is crucial for formulating effective overtourism
management strategies.

3. Materials and Methods
3.1. Research Framework and Technical Route

To address the research gaps identified in the literature review, this study constructs an
integrated analytical framework that combines multi-source data and sentiment analysis.
Figure 1 illustrates the technical roadmap: First, “ Hotspot Attractions” and “Alternative
Attractions” are identified by matching supply-side POI data with demand-side GPS data.
Second, online tourist reviews are introduced, and an improved 2SFCA method is used to
evaluate the composite attractiveness of both types of attractions. Finally, the results are
used to provide practical policy recommendations for sustainable destination management.
The next chapter will detail the data sources, processing methods, and the specific steps for
constructing the multi-stage analytical model. Subsequent sections will elaborate on the
data sources (Section 3.2) and methodological steps (Sections 3.3 and 3.4).

Figure 1. Research framework and technical route.

3.2. Study Area and Data Collection

This study selects Kyoto City, Japan, as the case study area (Figure 2). Kyoto is
one of the world’s most renowned tourist cities, and its overtourism issue was already
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prominent before the COVID-19 pandemic. It welcomed over 50 million visitors annually
for seven consecutive years from 2013 to 2019 [38], and has continued to escalate during the
post-pandemic recovery period [39]. However, the distribution of tourist flows is uneven,
exhibiting significant spatial clustering. In 2019, the top nine prefectures hosted 79% of
international tourist overnight stays [40]. Within Kyoto City, a few core attractions such
as Gion and Kiyomizu-dera Temple are oversaturated with tourists, while the tourism
potential of the vast hinterland remains largely untapped. This typical imbalance in tourist
distribution provides an ideal empirical setting for the framework developed in this study
to identify and evaluate alternative attractions for visitor dispersal.

Figure 2. Map of the study area and distribution of tourist attractions.

To support this analysis, our methodology leverages multi-source geospatial and user-
generated data, aligning with the principles of smart tourism development for evidence-
based destination management:

• Point of Interest (POI) Data: This dataset, representing the supply of tourism infras-
tructure, was sourced from OpenStreetMap (OSM) (downloaded via Geofabrik [41]).
We chose OSM as it provides a comprehensive spatial inventory essential for quan-
tifying objective supply. However, the original OSM tagging system is often broad
and non-standardized, which can cause ambiguity in identifying tourism-related cate-
gories. To ensure consistency and relevance, we conducted systematic data cleaning,
integration, and reclassification. Specifically, duplicate and irrelevant records (e.g.,
industrial, medical, or administrative facilities) were removed; synonymous categories
were merged to ensure consistency (e.g., guesthouse and hostel under accommoda-
tion); and tourism-related POIs were extracted using keyword matching and semantic
filtering of tags. This process allowed us to systematically map the raw data into
10,636 POIs closely related to tourism activities. These were then categorized into
the six major types used in our analysis (Table 1): tourism, catering, accommodation,
transportation, shopping, and leisure.

• Visitor GPS Data: This dataset represents the Tourism Demand, reflecting the actual
spatial behavior patterns of visitors. The data were sourced from the “Arukumachi”
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application, an app primarily targeted at visitors traveling in Kyoto City [42]. Con-
sequently, the scope of this dataset is geographically limited to Kyoto City. Data
collection was activated only when users opened and actively used the app during
their travels. The dataset covers the period from October 2018 to February 2019.
This timeframe captures typical tourist spatial behaviors, as it predates any travel
restrictions associated with the COVID-19 pandemic and is therefore unaffected by its
influence. To ensure data quality and relevance, we applied rigorous pre-processing
steps: (i) Data Deduplication: Redundant points for each user were removed using a
1 min time window, retaining only one record per minute. (ii) Length of Stay Filtering:
Considering that over 80% of users had a stay not exceeding four days, we filtered for
valid data within this timeframe to ensure homogeneity. (iii) Activity Filtering: Users
with fewer than 5 total positioning points were excluded to ensure minimum activity
levels. A final dataset of 258,178 valid GPS trajectory records from 8122 visitors was
obtained, each including a user ID, a timestamp, and latitude-longitude coordinates.

• Online Review Data: To quantify the subjective visitor experience, this study collected
85,780 online visitor reviews for the top 200 attractions in Kyoto from TripAdvisor [43].
The data collection spans from 2012 to early 2025. This extended timeframe was
intentionally chosen to ensure a sufficient review sample size for all attractions, which
is essential for the statistical reliability of the sentiment analysis. The goal is to capture
the stable, aggregate subjective perception of an attraction rather than short-term
temporal fluctuations. The dataset includes usernames, review texts, and timestamps,
providing rich insights into visitor perceptions and sentiments.

Table 1. Classification and quantity of tourism-related POIs in Kyoto City.

POI Classification Type Quantity

Tourism Shrine, Temple, Museum, Scenic spot, etc. 3193
Catering Restaurant, Fast food, Coffee shop, Bar, etc. 2892

Accommodation Hotel, Hostel, Guesthouse, Homestay, etc. 360
Transportation Bus stop, Railway station, Car rental, etc. 2231

Shopping Supermarket, Mall, Convenience store, etc. 1252
Leisure Theater, Park, Cinema, Playground, etc. 205

3.3. Identification of Alternative Attractions Based on Supply-Demand Matching

The primary objective of this stage is to identify hotspots and alternative attractions by
quantifying the spatial patterns of tourism supply and visitor demand, thereby constructing
a classification system for attractions based on their supply-demand characteristics.

3.3.1. Method for Quantifying Tourism Resource Supply

To accurately assess the relative importance of different resource types, this study
developed a hybrid G1-EWM weighting model for the six POI categories. This model
integrates expert knowledge from the G1 method (Order Relation Analysis) with objective
data characteristics from the Entropy Weight Method (EWM) to achieve a more holistic and
robust evaluation of tourism supply.

The G1 method determines subjective weights through expert ranking [44]. We
assembled a review panel of 10 researchers specializing in tourism and transportation
to conduct this ranking. This panel included 5 university faculty (with over 6 years of
experience in destination supply evaluation and travel behavior) and 5 doctoral/master’s
students (with over 3 years of experience in smart tourism and transportation planning).

The specific implementation process (Figure 3) was as follows: (i) First, each expert
was provided with the definitions of the six POI categories (Table 1) and the evaluation ob-
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jectives. (ii) Second, based on their professional experience, they were asked to subjectively
rank the importance of these six categories. (iii) Third, experts were required to conduct
an importance comparison judgment between adjacent categories in their ranked list (e.g.,
‘slightly more important,’ ‘significantly more important,’ or ‘extremely more important’).
(iv) Finally, these qualitative judgments were converted into quantitative ratios by the G1
method to calculate the final subjective weights. This process avoids the complex pairwise
comparison matrices of traditional methods like AHP, making the expert judgments more
intuitive and reliable.

 
Figure 3. Hierarchical structure for weight assessment using the G1 method.

EWM, as an objective weighting method, assigns weights based on the degree of varia-
tion within the indicator data itself [45]. This study used three criteria for the EWM matrix:

• Visit Intention: This measures visitor preference for a POI category, reflecting the
natural appeal of different facility types. Data for this comes from visitor preference
surveys in the Kyoto Tourism Comprehensive Survey [46].

• Visitor Density: This reflects the actual concentration of tourists within the areas of
each POI category. It was calculated by spatially joining the GPS data with POI buffer
zones (an area extending 10 m outward from the actual boundary of each POI). This
standard GIS operation [47] ensures that tourist GPS points immediately adjacent
to the POI are captured, mitigating potential data omissions caused by GPS jitter
near boundaries.

• Satisfaction: This represents the overall visitor evaluation of services, indicating service
quality, also sourced from the Comprehensive Survey.

Finally, to integrate the subjective weights from the G1 method and the objective
weights from the EWM, we linearly combined the G1 and EWM weight sets. Let the G1
weight for POI category j be WG1

j and the EWM weight be WEWM
j . The comprehensive

weight is defined as follows:

Wj = αWG1
j + (1 − α)WEWN

j j = 1, . . . , K (1)

In this study, to balance subjective and objective information, we set α = 0.5 [48]. The
final comprehensive weights provide the basis for the subsequent overlay analysis.

3.3.2. Spatial Distribution of Supply and Demand and Classification of Attraction Types

To identify different types of tourist attractions, this study first revealed the matching
relationship between the supply of tourism resources and visitor demand. Based on this, a
classification system for attractions was developed with the following logic:

• Attractions with both high supply and high demand are defined as “hotspot attractions.”
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• Attractions with abundant supply but low demand are defined as “alternative attractions.”
• Attractions with both low supply and low demand are defined as “underdeveloped

attractions.”

Given that the main objective of this study is to analyze visitor dispersal to viable alter-
native attractions, our subsequent analyses (including perception analysis and composite
attractiveness modeling) focus on hotspot attractions and alternative attractions. The un-
derdeveloped attractions category is excluded from further discussion as it fundamentally
lacks the high supply-side capacity necessary to absorb visitor overflow.

Technically, the study first employed the Kernel Density Estimation (KDE) method
to transform discrete POI and GPS trajectory points into continuous spatial distributions.
This process smoothed the data and generated spatial density maps to depict the patterns
of tourism supply and demand. The specific procedures included the following:

• Tourism Supply Density Map: Generated using a weighted KDE, incorporating the
G1-EWM weights to reflect the differential contributions of POI categories to the
overall Tourism Supply.

• Tourism Demand Density Map: Generated using a standard KDE on GPS data to map
the actual spatial distribution of visitors.

Subsequently, based on these supply and demand density results, the K-Means cluster-
ing algorithm was used to classify the top 200 attractions in Kyoto City (with the attraction
ranking derived from TripAdvisor [49]). The input variables for the algorithm included
three dimensions: supply density, demand density, and the supply-demand difference.
This multi-dimensional classification method allows for a more precise characterization of
the supply-demand features of the attractions. To eliminate dimensional inconsistencies,
all variables were unified in terms of dimensions before clustering.

3.4. Evaluation of Tourist Destination Composite Attractiveness Considering Visitors’
Subjective Perceptions

The previous stage identified attractions where supply and demand are mismatched.
To explore the reasons behind these mismatches, this stage introduces a subjective di-
mension by constructing a comprehensive evaluation framework that incorporates visitor
perceptions. The core of this framework is an improved Two-Step Floating Catchment
Area (2SFCA) method, adapted to be more effective for tourism. Unlike traditional 2SFCA
models, which typically measure supply using facility size and demand using resident
population, this study introduces two major improvements:

1. Replacing traditional indicators with the tourism resource supply density and visitor
demand density generated in the previous stage.

2. Integrating sentiment analysis results—representing visitors’ perceptions—into the
supply-side measure.

The specific calculation steps are as follows:
(1) Quantifying Visitors’ Subjective Perceptions. To precisely extract visitor sentiments

toward specific aspects from the vast amount of review text data, this study employed the
ATEPC model, a method within ABSA. Drawing on the classification of visitor sentiments
from previous research [50] and integrating it with this study’s POI classification system,
four core analytical dimensions were established:

• Landscape: including core attractors such as natural scenery and historic buildings.
• Experience: covering overall feelings such as atmosphere, crowdedness, and value

for money.
• Service: encompassing support services like staff assistance and facility quality.
• Transportation: related to accessibility and convenience of mobility.
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For example, the model can analyze a review like: “The scenery at Kiyomizu-dera
is amazing, truly a World Heritage site! But the bus to the temple was too crowded, and
the queues were incredibly long, which made the experience less enjoyable.” From this, it
extracts structured information such as “scenery” (Landscape/Positive), “crowded bus”
(Transportation/Negative), and “long queues” (Experience/Negative). Based on this, the
Bullishness Index was used to calculate the sentiment score for each attraction across the
four dimensions [51].

sentimenti,t = ln
1 + N pos

i,t

1 + N neg
i,t

(2)

where N pos
i,t and N neg

i,t represent the number of positive and negative reviews, respectively,
received by attraction i regarding a specific aspect during period t.

(2) Constructing the Integrated Attractiveness Indicator Qj. To integrate objective
and subjective measures, this study developed a composite attractiveness indicator, Qj, to
redefine supply capacity. This indicator incorporates the subjective sentiment score, Qs,j,
into the objective supply density, S′

j. The formula is as follows:

Qj = αS′
j + (1 − α)Qs,j (3)

where S′
j is the objective attractiveness of attraction j, represented by the logarithmically

transformed value from the tourism resource supply density map (S′
j = ln

(
Sj + 1

)
);

Qs,j is the subjective attractiveness of attraction j, calculated as the weighted average
of the sentiment scores across the four dimensions; and by setting different values for
α (e.g., α = 1 for a purely objective scenario, while this study uses α = 0.5 for a hybrid
objective-subjective scenario), the framework can flexibly compare the actual impact of
subjective experiences on a destination’s attractiveness.

(3) Calculating the Supply-Demand Ratio Rj. For each supply point j (attraction), the
supply-demand ratio Rj is calculated by summing the demand from all demand points i
(grid cells) within a search threshold d0, weighted by a Gaussian distance decay function:

Rj =
Qj

∑i∈{dij≤ d0} G
(
dij, d0

)
D′

i
(4)

where dij is the distance between demand point i and supply point j; D′
i is the demand

at point i, which is the logarithmically transformed grid value from the visitor demand
density map; and G

(
dij, d0

)
is the Gaussian distance decay function.

(4) Calculating the Composite Attractiveness Ai. For each demand point i (grid cell),
its final accessibility score, Ai, is calculated by summing the weighted supply-demand
ratios (Rj) of all supply points j that fall within the search threshold d0:

Ai = ∑
j∈{dij≤ d0}

G
(
dij, d0

)
Rj (5)

4. Results
This section reports empirical results in three steps. First, we align objective supply and

demand to locate attractions with high supply but low visitation, i.e., candidates for visitor
dispersal. Second, we quantify perception gaps between hotspot and alternative attractions
using aspect-level sentiment. Finally, we integrate both subjective and objective dimensions
in an improved 2SFCA to show how visitor experience reshapes destination attractiveness.
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4.1. Identification of Alternative Attractions for Spatial Dispersal Based on
Supply-Demand Matching

Demand side. The Tourist Demand Density Map (Figure 4), generated from visitor
GPS trajectories, reveals five distinct high-demand spatial areas (labeled H1 to H5). (The
legend ‘Level’ in this map represents the density grade, classified into 7 levels using
the Natural Breaks method based on the KDE results; a higher level indicates higher
tourist concentration).

Figure 4. Tourist demand density map. The photos show examples of selected “hotspots attractions,”
with images sourced from Google Maps user reviews.

To better characterize these high-demand areas, we identified the most prominent
or popular attractions within each area based on TripAdvisor, which serve as ‘anchor
attractions’ for these areas. These identified areas are: (H1) an extremely high-density
core in the southern Shimogyo Ward, anchored by Kyoto Station; (H2) a second high-
density core spanning the Nakagyo–Shimogyo–Higashiyama wards, anchored by the
Gion–Kiyomizu-dera locality; and (H3–H5) three secondary hubs centered around Fushimi
Inari Taisha (H3), Kinkaku-ji Temple (H4), and Arashiyama (H5).

Supply side. Table 2 reports comprehensive POI weights from the G1–EWM model.
Tourism and Transportation categories receive the highest weights, implying that an attrac-
tion’s appeal and access convenience are the main components of supply capacity. Using
these weights, we calculated the tourism supply density (S) for various locations via a
weighted overlay based on the kernel density (KDE) of six POI categories. This value serves
as the quantitative basis for the subsequent clustering analysis.
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Table 2. Comprehensive weights of POI categories calculated by the G1-EWM combined
weighting method.

Comprehensive Weight * EWM G1 POI Classification

0.259 0.261 0.256 Tourism
0.153 0.143 0.162 Catering
0.153 0.157 0.148 Accommodation
0.177 0.153 0.2 Transportation
0.133 0.142 0.124 Shopping
0.127 0.144 0.11 Leisure

* The comprehensive weights are obtained by linearly weighting the G1 and EWM with α = 0.5.

Clustering logic and outputs. The core logic for identifying “alternative attractions
for visitor dispersal” is to filter areas with abundant tourism resource supply yet low
current visitor demand, i.e., those exhibiting “high supply-low demand” characteristics. To
operationalize this identification, we classify Kyoto’s major attractions using three input
variables: supply density (S), demand density (D), and their difference (S–D). Employing
the K-Means clustering algorithm (with K determined via the elbow method), we identified
four interpretable clusters (Figure 5):

• Core Hotspot Attractions: These areas exhibit the highest levels of both tourism
resource supply (mean = 9.66) and visitor demand (mean = 8.88), making them the
most prominent zones of overtourism.

• Main Hotspot Attractions: Their supply (mean = 6.42) and demand (mean = 5.56)
levels are both high but lower than those of the core hotspots. They remain areas under
considerable tourism pressure (as shown in the upper-right quadrant of Figure 5).

• Alternative Attractions for Visitor Dispersal: Their key characteristic is a high level of
resource supply (mean = 5.2) but relatively low actual visitor demand (mean = 2.46),
exhibiting a significant “supply-exceeds-demand” pattern (mean S–D = 2.73) (located
in the lower-right quadrant of Figure 5). They have the potential to absorb overflow
visitor traffic.

• Underdeveloped Attractions: These areas have low levels of both supply (mean = 2.7)
and demand (mean = 2.2), indicating a limited overall level of development. Most are
located in more remote suburban zones with sparse tourism facilities and low accessi-
bility. Their mean distance to the anchor hotspots in Figure 4 is 3.96 km—almost twice
that of the alternative attractions (2.09 km)—highlighting a clear spatial distinction
between remote underdeveloped sites and relatively closer, well-supplied alternatives.
As noted in Section 3.3.2, these sites lack sufficient supply capacity for large-scale
visitor dispersal and are excluded from further comparative analysis.

Based on the “high supply-low demand” criterion, our analysis identified several
areas of alternative attraction. To visualize the spatial distribution of the supply resources
used in this clustering, we generated the Tourism Supply Density Map (Figure 6). This map
confirms a high concentration of resources in the inner city. (The legend “Level” represents
the kernel density grade derived from the weighted KDE of six POI categories, divided into
seven levels by the Natural Breaks method; higher levels indicate greater tourism resource
concentration.) The areas housing these attractions each feature unique resource types, but
they have not translated their supply-side advantages into corresponding visitor traffic.
Their specific attributes are detailed as follows:

• Fushimi Ward: Daigo-ji Temple (A1) in this ward is renowned for its cherry blossom
landscapes, while the Momoyama area (A2) is notable for a well-developed sake
brewing culture and convenient transportation access.
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• Sakyo Ward: Represented by the vicinity of Nanzen-ji Temple (A3)—which includes
attractions such as Shinnyo-do Temple—its tourism supply is primarily reflected in
Zen cultural experiences centered on maple-viewing landscapes.

• Outer Arashiyama Area (A4): Attractions here, including Nison-in Temple and Gio-ji
Temple, are adjacent to high-density visitor zones. because they are off the main tourist
paths, their beautiful scenery has not drawn a matching number of visitors.

Figure 5. Attraction clustering results based on supply-demand analysis.

Figure 6. Distribution of tourism supply density in Kyoto City. The photos show examples of selected
“alternative attractions,” with images sourced from Google Maps user reviews.
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In summary, the identification of these alternative attractions highlights the existing
supply-demand imbalance in Kyoto’s tourism spatial structure. Notably, external sources
such as travel guides and tourism reports also describe these sites as “off-the-beaten-path”
or “in-depth travel” destinations, supporting their recognition as high-quality yet under-
visited areas [52–54]. By enhancing the appeal and visibility of these sites, it would be
feasible to accommodate visitor overflow from hotspot attractions.

4.2. Quantification of Subjective Perception and Evaluation of Destination
Composite Attractiveness
4.2.1. Quantification and Comparison of Subjective Perceptions in Hotspot and
Alternative Attractions

To delve into the subjective dimension of tourism attractiveness, we use the ATEPC
model. This approach allowed us to quantify visitors’ focus points and emotional ten-
dencies from a large volume of online reviews, providing a detailed understanding of the
subjective factors that affect a destination’s sustainability.

The analysis first showed that tourists focused on different things at the two types
of attractions (Figure 7). At alternative attractions, reviews were heavily concentrated
on “Landscape,” with an 85.18% mention rate. In contrast, while “Landscape” (74.95%)
was still the main topic for hotspots, “Transportation” (9.11%) was mentioned far more
often than at alternative attractions (2.98%). This difference suggests that the stressful
environment at hotspots, with issues like crowding and queues, distracts visitors from the
main sights and adds a “cognitive cost” to their experience.

Figure 7. Comparison of aspect category distribution in reviews for hotspot vs. alternative attractions.

To further quantify the quality of this experience, we calculated sentiment scores
for each aspect using the Bullishness Index. The results confirmed that alternative attrac-
tions hold a clear advantage in subjective experience quality, a key asset for sustainable
destination development.
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As shown in Figure 8, sentiment scores for alternative attractions were notably superior
in terms of landscape and experience, yet marginally inferior in terms of service and
transportation. The biggest difference was in the “Experience” dimension, where alternative
attractions scored 1.06, while hotspots scored only 0.70. This difference suggests that while
hotspots draw many visitors, the quality of the experience suffers.

Figure 8. Comparative Analysis of visitor perceptions: sentiment scores across four dimensions for
hotspot versus alternative attractions (main). Word clouds illustrate the dominant terms within the
‘Experience’ dimension for alternative attractions (blue) and hotspot attractions (red).

A word cloud analysis of the “Experience” dimension supports this finding. For
alternative attractions, keywords focus on cultural depth and peacefulness, such as “atmo-
sphere,” “peace,” and “environment.” These words show that these attractions offer the
immersive, high-quality cultural experiences essential for sustainable tourism. This aligns
with their “high supply-low demand” profile, making them suitable for visitor dispersal.
In contrast, discussions about hotspots are dominated by the negative side effects of over-
tourism. Keywords like “crowds,” “queue,” “waiting,” and “prices” point to an experience
defined by congestion and commercial pressure, confirming their status as stressful areas
where the visitor experience is suffering.

Furthermore, hotspots had nearly twice the percentage of negative reviews (10.07%)
as alternative attractions (5.74%). The biggest difference was in negative reviews for the
“Experience” aspect (3.14% for hotspots vs. 1.01% for alternative attractions), which further
shows how crowding harms the visitor experience.

Notably, the sentiment score for “Landscape” was also slightly higher at alternative
attractions (2.07) than at hotspots (1.92). This finding offers a key insight: a tourist’s rating
of a landscape depends not only on its physical features but also on the quality of their
overall experience. At hotspots, negative factors like crowds and lines can detract from
the scenery, potentially lowering visitors’ opinion of the landscape itself. In contrast, the
calmer environment at alternative attractions allows tourists to appreciate the scenery more
fully, leading to better reviews. This shows that a positive environment can greatly increase
the perceived value of a destination’s main resources.
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4.2.2. Composite Attractiveness Evaluation of Tourist Destinations Integrating Visitor
Subjective Perceptions

To examine the actual impact of the aforementioned differences in subjective percep-
tion on destination composite attractiveness, this section compares the evaluation results
from the 2SFCA model under two scenarios: purely objective accessibility (α = 1) and
hybrid subjective-objective accessibility (α = 0.5).

The inclusion of visitor perceptions prompted a significant reconfiguration of the
spatial distribution of attractiveness. Notably, the high-attractiveness zones corresponding
to hotspot attractions contracted. For instance, central hotspots like Gion and Hanamikoji
(H1–H2), which exhibited extensive high-value zones in the purely objective model
(α = 1, Figure 9a), saw these areas markedly diminish in the hybrid model (α = 0.5,
Figure 9b). This reduction indicates that while these locations boast superior objective
resources, the prevalence of negative visitor experiences—such as perceptions of being
“crowded” and “noisy”—erodes their composite attractiveness, challenging their long-term
sustainable value.

(a) (b) 

(c) (d) 

Figure 9. Comparison of the spatial distribution of composite attractiveness for different attraction
types: (a) objective results for hotspot attractions, (b) hybrid subjective-objective results for hotspot
attractions, (c) objective results for alternative attractions, and (d) hybrid subjective-objective results
for alternative attractions.
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In stark contrast, the composite attractiveness of alternative attractions was augmented.
Attractions such as Daigo-ji Temple (A1) and Gio-ji Temple (A4), initially rated lower in the
objective assessment (α = 1, Figure 9c), demonstrated expanded high-attractiveness zones
in the hybrid evaluation (α = 0.5, Figure 9d). This enhancement is directly attributable to
positive visitor sentiments, including “quiet” and “good atmosphere,” which effectively
boosted their perceived attractiveness and expanded their service range.

The scatter plot (Figure 10), which illustrates changes in composite attractiveness
for both types of attractions, visually reveals the impact pattern of subjective perceptions.
Notably, for both hotspot and alternative attractions, over one-third of the attractions
(37.0% and 37.5%, respectively) saw a change in their attractiveness rating. Among these
attractions, the two types exhibited diametrically opposed trends:

• The attractiveness of hotspot attractions was negatively affected by subjective per-
ceptions: Of the hotspot attractions that experienced a change in their attractiveness
rating, 95% saw a decrease in composite attractiveness after subjective perceptions
were incorporated. Nearly all of these downgraded attractions were core hotspots
located in the city center (near H1 and H2), such as Gion and Hanamikoji.

• The attractiveness of alternative attractions, by contrast, was positively impacted
by subjective perceptions: Of the alternative attractions with a change in their at-
tractiveness rating, 75% saw an increase in composite attractiveness following the
incorporation of subjective perceptions. Most of these upgraded attractions were
located on the urban periphery, specifically in the Daigo-ji (A1) and Outer Arashiyama
(A4) areas (e.g., Gio-ji Temple).

  
(a) (b) 

Figure 10. Comparative analysis of hybrid subjective-objective attractiveness scores for hotspot
attractions (a) and alternative attractions (b).

5. Discussion
5.1. The Reshaping of Destination Attractiveness by Subjective Experience

This study’s core finding reveals a differentiated impact mechanism: subjective visitor
experience reshapes destination attractiveness, but its effect is not uniform. It depends on
three factors: the relative nature of the attraction attractiveness rating system, the degree of
spatial clustering, and an attraction’s baseline attractiveness.
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First, the rating system in this study measures relative attractiveness. An attraction’s
rating changes not just because its score changes, but only when the score crosses a thresh-
old into a new tier. Most ratings remained stable because their score fluctuations were
not large enough to change their overall rank. The few attractions whose ratings did
change are significant because they highlight structural problems and opportunities created
by overtourism.

Second, the downgrade of core hotspot attractions in the city center is due to the
spatial compounding of negative experiences. In central areas like Gion and Kiyomizu-dera
(H1 and H2), where attractions are highly clustered, negative visitor perceptions such
as crowding and traffic inconvenience become regional phenomena. Within the 2SFCA
model, these perceptions are calculated cumulatively, causing a significant reduction in
the composite attractiveness score for the entire area—a reduction substantial enough to
systematically downgrade these attractions to a lower tier.

Third, for more isolated attractions, rating changes depend on their initial attractive-
ness. Iconic hotspots like Kinkaku-ji Temple (H4) have a very high baseline attractiveness
from their objective resources. Without the compounding effect of negative sentiment from
a crowded area, the penalty from feedback on crowding is small compared to their strong
reputation. In contrast, for alternative attractions like Daigo-ji Temple (A1), whose initial
attractiveness is lower, a peaceful visitor experience provides a significant boost. This boost
from a high-quality experience is large relative to their initial score, allowing them to move
up to a more attractive tier. Although both alternative and underdeveloped attractions are
peripheral, their spatial and functional characteristics differ markedly. Underdeveloped
attractions are significantly more remote (mean distance to hotspots: 3.96 km) and lack the
infrastructure for high-quality experiences. In contrast, alternative attractions are relatively
closer (mean distance: 2.09 km) and possess a strong tourism supply. This stronger supply
ensures their “pleasant/quiet” atmosphere is a genuine quality advantage, not merely a
byproduct of distance from core congestion.

In summary, visitor experience does not affect attractiveness in a simple, direct way.
Instead, it interacts with the location and market position of attractions to reshape the
destination’s competitive landscape. The appeal of city-center hotspots is worn down by
widespread negative experiences, while alternative attractions on the city’s periphery are
re-evaluated, gaining a competitive edge from their superior visitor experience.

5.2. Methodological Contributions and Extensions

This study makes several contributions to the methodology of tourism spatial analysis.
First, by integrating the G1 method with the Entropy Weight Method, the hybrid weighting
model developed in this study provides a more robust way to measure urban tourism
supply, balancing expert a priori knowledge with the distributional characteristics of
objective data.

Second, the study utilized an ATEPC model to transform unstructured reviews into
structured sentiment data across four core dimensions: landscape, experience, service, and
transportation. This allowed for a detailed comparison of visitor perceptions between
different types of attractions, providing specific evidence to explain the differences in
their attractiveness.

Finally, the study’s enhancements to the classic 2SFCA model are significant. Tra-
ditional applications of this model in tourism are often limited by supply and demand
indicators poorly suited to the tourism context. This research innovates by using tourism
POI density for supply (instead of facility scale), visitor GPS trajectory density for demand
(instead of resident population), and, crucially, incorporating quantified visitor perceptions
as a core variable in defining supply-side attractiveness. This innovation shifts the model’s
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focus from simply measuring accessibility to a physical space to evaluating the attainability
of a high-quality experience, thereby aligning the framework more closely with the essence
of tourist decision-making.

6. Conclusions and Policy Recommendations
6.1. Research Conclusions

To contribute to sustainable destination development under the pressures of over-
tourism, this study builds and validates an evidence-based framework that aligns objective
supply–demand structures with visitor-perceived experience quality to support long-term,
experience-oriented destination management. The main conclusions are:

First, by matching tourism supply with visitor demand, we identify a portfolio of
“alternative attractions for spatial dispersal”—sites with high supply and low demand that
can absorb overflow in a sustainable manner without amplifying pressure at the core. In
Kyoto, these are mostly located on the outskirts of the city, e.g., Daigo-ji Temple and the
Momoyama area (Fushimi Ward), the Nanzen-ji area (Sakyo Ward), and Nison-in in outer
Arashiyama, where resource quality is high yet visitor pressure is comparatively low. This
supply–demand mismatch points to actionable nodes for resilience-oriented dispersal in
the city’s tourism spatial structure.

Second, visitor experience is a key factor in rebalancing a destination’s attractiveness
to meet sustainability goals, but its effect is context-dependent. In highly clustered central
hotspots, negative experiences (e.g., crowding) accumulate spatially and undermine area-
wide composite attractiveness, challenging long-term sustainability. For relatively isolated
sites, changes are differentiated: iconic hotspots maintain high ratings due to strong
objective baselines, while alternative attractions gain disproportionate upgrades when they
offer quiet, high-quality experiences. This helps overcome their less central locations and
expands the list of sustainable options for dispersing tourists.

6.2. Policy Recommendations

Building on these findings, destination management should shift from infrastructure-
led expansion to typology- and perception-informed, adaptive management that optimizes
spatial balance and experience quality—core requirements for sustainable tourism and
long-term care of the destination:

Central core hotspots. Because diminished attractiveness here stems from cumulative,
regionalized negative experiences, management should emphasize coordinated, area-wide
solutions and high-efficiency dispersal rather than piecemeal fixes. Practically, deploy
smart-tourism tools (e.g., dynamic wayfinding, integrated mobility data, and load-aware
guidance) to re-route flows in real time toward peripheral options and reduce network-
level crowding externalities—thereby safeguarding experience quality and heritage
carrying capacity.

Iconic hotspot attractions. When reducing total visitor numbers is not feasible, the
priority should be improving the experience for each person. Refine how visitors move
through the site, use smart reservation and timed-entry systems, and pace entries to reduce
daily peaks. These actions protect the experience quality and meet conservation goals,
aligning the site’s use with long-term sustainability.

Alternative attractions for dispersal. These attractions should be treated as strategic
buffers in the destination’s long-term capacity plan. Use targeted marketing to highlight
their “tranquil/unique” qualities and connect them with sustainable transportation (e.g.,
direct, low-impact transit and last-mile solutions). This combination improves their per-
ception and accessibility, establishing dispersal as a sustainable practice rather than a
short-term fix for crowding.
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Monitoring & adaptive governance. Visitor perception data should be integrated into
regular monitoring alongside supply and demand indicators. This allows for adaptive
responses, like discouraging visits to overcrowded areas while promoting outlying attrac-
tions during peak times. Building this data into the workflows of destination management
organizations (DMOs) helps them stay aligned with sustainability goals and the long-term
well-being of the destination.

6.3. Research Limitations and Future Outlook

This study created a framework that combines tourism supply and demand with
visitor perceptions to find and evaluate potential sites for dispersing tourists. While it offers
practical insights for managing overtourism in Kyoto, the study has three main limitations.

First, the spatial generalizability of the findings is limited by the single-city case
study. The high-precision visitor GPS data used in this research were obtained from the
Arukumachi application, whose geographic coverage is confined to Kyoto City. Applying
this framework to other heritage destinations with similar congestion issues would help
test and validate its broader applicability.

Second, tourist group heterogeneity was not fully addressed. Treating tourists as a
homogeneous group, the study did not distinguish between international/domestic visitors
or first-time/repeat travelers, who exhibit distinct spatial behaviors and perceptions. Future
work could integrate multi-source data (e.g., user profiles, questionnaires) to analyze how
different tourist segments could be dispersed, allowing for more targeted management
and marketing.

Third, data temporal coverage is limited. The GPS data, confined to a specific time-
frame, lacked a complete annual tourism cycle, leading to insufficient insights into seasonal
patterns. Longer-term data (e.g., across cherry blossom, autumn foliage, and off-seasons)
should be included to compare dynamic differences in visitor behavior/perception, inform-
ing more proactive, flexible management strategies.

Finally, the rating approach has constraints. Capturing relative (not absolute) attrac-
tiveness changes, it may not reflect overall fluctuations if all attractions’ scores shift but
rankings remain unchanged. More sensitive quantitative indicators could be explored to
measure absolute attractiveness changes.
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