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Characterising and classifying urban functions is a long-standing research focus in
urban studies and plays a critical role in urban management and community renewal.
However, traditional point-of-interest (POI) categories rely on predefined labels that are
often inconsistent across cities and may not fully capture how places are described, rep-
resented, or experienced in user-generated data. Further, point-based representations are
highly sensitive to spatial aggregation scales, which limits their ability to capture areal
functional characteristics and relative differences in POI activity intensity. To address
these challenges, we propose a unified framework that, for the first time, leverages place
reviews from Google Maps, a form of user-generated geographic information, as a pre-
viously untapped POI-linked extended data stream for urban functional inference and
classification. Specifically, we employ pre-trained BERT and Vision Transformer models
to embed textual and visual information from place reviews, enabling POIs in Singapore
and Hong Kong to be represented and clustered within a shared functional embedding
space. We then incorporate the weighted volume of place reviews as an indicator of rel-
ative POI activity intensity to construct category intensity vectors for spatial units, and
demonstrate their effectiveness through cross-city similarity matching tasks. Finally, ur-
ban functional classification is conducted across three spatial scales: a 1 km hexagonal
grid, administrative areas, and traffic analysis zones (TAZs), using graph neural networks
combined with k -means clustering, producing results that preserve spatial continuity and
robustness. The proposed framework provides a data-driven approach that highlights the
value of place reviews as a complementary data source to conventional POIs and offers a
reliable urban functional classification that works across different cities.

Keywords:
Urban functional classification, Multimodal representation learning, Graph neural
networks, Volunteered geographic information (VGI)

1. Introduction

Identifying areal functional characteristics in cities has long been a central focus of
urban analysis (Harrison and Dourish, 1996). As outlined in Burgess’s concentric zone

∗Corresponding author: Filip Biljecki, Email: filip@nus.edu.sg
Email address: filip@nus.edu.sg (Filip Biljecki)

Preprint submitted to Computers, Environment and Urban Systems June 22, 2026

https://doi.org/10.1016/j.compenvurbsys.2026.102475
http://creativecommons.org/licenses/by-nc-nd/4.0/


model, cities have traditionally been segmented into commercial, residential, and indus-
trial areas radiating from a central core (Burgess, 2015). However, as cities evolve and
diversify, areal functions grow increasingly complex, blurry, and interdependent. Emerg-
ing functional areas exhibit unique characteristics to each city and cannot be captured
by a single functional label (Hu et al., 2021). Moreover, urban functions are shaped not
only by land use and the physical environment, but also by how places are actually used
and perceived by people. Place reviews provide user-generated evidence of how places are
used, described, and experienced in everyday contexts (Liu et al., 2020a). For example,
reviews of a café frequently mentioning “remote working”, “power sockets”, and “long
stays” often indicate that the venue functions more like a co-working space rather than a
social media–oriented café located in a commercial core. Therefore, under such complex
conditions, there is a pressing need for methods that can not only represent areal charac-
teristics, but also infer user-described patterns of urban space usage from complementary
data sources. This capability is crucial for robust representations of urban functions and
their associated spatial dynamics.

Point-of-interest (POI) data can be used to characterise urban functional areas and
differs fundamentally from remote sensing and plan-based approaches (Xia et al., 2020).
POIs represent specific points with defined locations, names, and functional attributes
(Psyllidis et al., 2022). They often emphasise locations with concentrated commercial ac-
tivities, dining, educational institutions, entertainment facilities, or other functions linked
to human behaviour and social needs (Yuan et al., 2012; Zhou et al., 2022b). However,
these studies often implicitly assume that the predefined POI categories directly repre-
sent the actual functions of urban areas. In practice, POIs belonging to the same category
may perform different functions across urban contexts, while different combinations of POI
categories may collectively serve similar functional roles. As a result, accurately identi-
fying the effective functions of POIs and aggregating them into stable, areal functional
representations remains a persistent challenge.

Recent studies show that, driven by the rapid growth of location-based services (Wu
et al., 2018), the spatial distribution of POIs is a key indicator for characterising areal
functions and assessing local characteristics (Qian et al., 2021). Major map providers,
government agencies, and crowdsourcing platforms are primary sources of POI data (Niu
and Silva, 2020). Many studies use POI data from Amap (Zhu and Shi, 2022), Baidu
Maps (Yao et al., 2017), Google Maps (Shi et al., 2023), and OpenStreetMap (Liu and
Long, 2016) to obtain location, name, and category attributes and infer areal functions
from a bottom-up perspective. Existing studies represent POIs as high-dimensional vec-
tors, incorporating factors such as quantity, distribution, density, and spatial interactions
(Gao et al., 2017; Yao et al., 2017; Yan et al., 2017). These methods not only reduce
data-collection costs but also provide a refined understanding of areal functional patterns.
They offer activity-related signals and support the classification of areal functions (Liu
et al., 2017; Chen et al., 2026). On the other hand, supplementary data associated with
POIs, such as place reviews obtained from Google Maps, often contain rich multimodal in-
formation, including text, images, and ratings (Mathayomchan and Taecharungroj, 2020),
but remain underexplored. These reviews provide a user-centred perspective on urban
functions, revealing how places are described and experienced rather than relying only on
expected or nominal POI functions.

In recent years, the use of visual and textual data in urban research has advanced
significantly, enabling the analysis of multimodal information from place reviews. Such
advances include applying deep learning models to detect urban elements using object
detection and semantic segmentation (Zhao et al., 2019). Meanwhile, advances in natural
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language processing, including topic modelling and pre-trained language models such as
BERT, have enabled studies using social media text to explore themes including urban
sentiment (Ghahramani et al., 2021), city image (Zhu et al., 2025), street vitality (Chen
et al., 2024), and community disaster response (Zhou et al., 2022a). Similarly, Yan et al.
(2017) integrated images and text descriptions to enhance comparative analyses of areal
functions.

In urban functional classification tasks, spatial units are often connected through ad-
jacency, distance, or network-based relationships rather than simple Euclidean structures,
making it essential to account for neighbourhood feature interactions (Verburg et al.,
2004; Wang et al., 2025b). Graph neural networks (GNNs) address this issue by explicitly
modelling neighbourhood relationships and learning spatial representations from graph
topology, thereby improving areal functional classification (Hu et al., 2021; Kong et al.,
2024). However, this assumption may vary depending on the choice of spatial aggrega-
tion units (Chen et al., 2022). This issue is particularly pronounced when point-based
information, such as POIs and place reviews, is aggregated into areal units, as different
zoning schemes can induce variations in data density and the resulting embedding repre-
sentations (Deng et al., 2024). Given the sensitivity introduced by spatial partitioning, it
is therefore necessary to evaluate the robustness of urban functional classification results
under different spatial aggregation strategies.

This study aims to develop an urban functional classification framework that leverages
place reviews associated with POIs to extract functional representations of urban areas and
applies GNNs to areal classification. This study makes three main contributions. First, we
introduce place reviews as a novel data source for classifying and mapping urban functions
and develop a multimodal feature fusion approach. Specifically, we extract user-generated
textual and visual content from place reviews obtained through Google Maps and integrate
them to enable the identification of POI categories across different urban contexts. Given
that place reviews are still a nascent and emerging form of urban data and user-generated
geographic information, more broadly we also contribute to the discourse on their usability
in urban studies. Second, by combining refined and unified POI categories with review-
based weighting and TF-IDF, we construct an areal representation that captures both
relative POI activity intensity and category uniqueness. We validate its effectiveness
by identifying functionally similar areas across cities. Third, we conduct a multi-scale
urban functional classification analysis. By incorporating neighbourhood learning through
GNNs, we demonstrate that the proposed representation exhibits strong robustness across
different spatial scales, and provides insights for comparative analysis across different
countries and regions. Figure 1 presents a conceptual framework that connects earlier
POI-based studies with our proposed approach. It illustrates the methodological evolution
from representing areal functions using POIs, to incorporating check-in data as proxies
for human activity, and ultimately to our method, which infers POI functions from place
reviews and constructs an areal representation that captures relative POI activity intensity
across functional categories, thereby enabling more fine-grained, multi-scale, and cross-city
urban functional classification.

The remainder of this paper is organised as follows: Section 2 reviews related work
on urban functional classification, POI-based representation, and multimodal graph-based
spatial analysis. Section 3 details the datasets and methodologies employed in this study.
Section 4 presents POI category inference using place reviews, introduces an areal func-
tional representation approach, and examines multi-scale urban functional classification.
Section 5 discusses the findings, implications, and the limitations of the study. Finally,
Section 6 concludes the paper and outlines directions for future research.
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Figure 1: Conceptual framework linking urban function, POI semantics, and urban functional classification.

2. Related work

2.1. Urban functional classification

Cities around the world are rapidly expanding, giving rise to increasingly heterogeneous
areas with diverse functions (Luca et al., 2023). As urban areas are closely intertwined
with their spatial and social structures, defining and identifying them has long been a
central concern in urban planning and serves as the foundation for exploring urban func-
tional classifications (Du et al., 2021). Traditional functional classifications often rely on
statistical data, such as questionnaires and expert analyses (Smith, 1965). At the same
time, several studies have used census data to examine human activities from economic
and social perspectives, capturing patterns of urban vitality and function (Schneider and
Woodcock, 2008). However, these approaches are constrained by the limitations of statis-
tical data, being time-consuming, labour-intensive, and potentially subjective (Yoshihara
and Yoneoka, 2014).

With the advancement of computer science and geographic information science, data-
driven classification methods have gradually replaced traditional empirical judgment in
urban functional classification (Bibri, 2021). Research based on remote sensing imagery
has long attracted significant attention, as classification results are fundamental to nu-
merous environmental and urban applications and can provide detailed information about
surface features (Mehmood et al., 2022). For example, Zhang et al. (2018) employed
high-resolution remote sensing imagery to identify urban functional areas, achieving fine-
grained spatio-temporal classification. Several studies have also utilised nighttime light
data to analyse human activity, thereby revealing patterns of urban vitality and functional
differentiation (Fang et al., 2022).
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However, these studies primarily emphasise physical characteristics while often over-
looking social and economic dimensions, thereby limiting their ability to fully capture
urban functions (Wang et al., 2025a). Urban functions can be defined as geographic units
composed of various interconnected elements within a city (Dijkstra et al., 2019). These
elements are spatially organised and interlinked through flows of materials, capital, and
information, providing spaces for living, production, recreation, and commercial activi-
ties (Castells, 2020). Therefore, a more comprehensive classification of urban functions
should consider both static physical characteristics and dynamic human activities (Zhang
et al., 2020). Such an integrated perspective is essential for understanding the spatial
interactions among different urban functions (Yang et al., 2024).

The rise of big data and information and communication technologies (ICTs) has fa-
cilitated new approaches to understanding urban functions through social perception (Niu
and Silva, 2020; Gao et al., 2021). By leveraging emerging data sources such as mobility
trajectories and social media, researchers have increasingly explored the representation of
urban characteristics and socio-spatial structures, achieving encouraging results (McKen-
zie and Romm, 2021). Moreover, social media provides a unique perspective for capturing
spatio-temporal preferences and human behaviour (Mart́ı et al., 2019; Yu et al., 2020), as
these platforms generate vast amounts of geotagged content daily (Ilieva and McPhearson,
2018). In addition to spatial and temporal cues, geotagged textual and visual data offer
rich semantic information about user interactions with the environment (Wang et al., 2018;
Huang et al., 2021). Shen and Karimi (2016) used geotagged check-in data to represent
functional urban streets and infer urban land use. Soliman et al. (2017) used Twitter data
to characterise urban functional categories, and Olson et al. (2021) developed methods
based on Yelp reviews to understand collective urban identity and track neighbourhood
characteristic changes over time.

Meanwhile, POI data, derived from mapping services or crowdsourced platforms, have
become a valuable resource for mapping socioeconomic activities and delineating detailed
urban functional categories, owing to their precise spatial locations and rich semantic
attributes (Liu et al., 2020b). More importantly, POI data can capture the dynamic,
real-time nature of urban functions, revealing the diversity and co-existence of different
facility types, and thereby providing deeper insights into a region’s socioeconomic profile
(Kang et al., 2021).

2.2. POI-Based functional representation

With the exponential growth of location-based services, POI data collected from cities
worldwide can be leveraged to understand urban functional composition (Psyllidis et al.,
2022). POIs offer valuable insights into the characteristics and functions of specific urban
areas through comprehensive metadata such as categories and descriptions (Yue et al.,
2017; Sun et al., 2023).

Recent research has primarily utilised the numerical distribution and attributes of POI
data to represent regional characteristics, resulting in two main analytical approaches:
feature frequency–based methods and semantic analysis–based methods (Liu et al., 2023).
The former statistically extracts POI densities and categories to classify functional areas,
whereas the latter incorporates natural language processing techniques to extract features
and mine high-level semantic information (Xu et al., 2022). However, these approaches
often overlook the internal spatial correlations among POIs, potentially leading to the
underutilisation of valuable spatial information. Yao et al. (2017) drew inspiration from
Google’s Word2Vec model to learn semantic relationships between POI categories. By
analysing the co-occurrence relationships between POIs, the model projects them into
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a high-dimensional vector space, positioning semantically similar POIs closer together.
Building upon this foundation, Place2Vec was developed to reduce the loss of spatial
contextual information and enhance the capacity for regional representation (Yan et al.,
2017; Zhai et al., 2019).

While these methods perform well in identifying land use from POIs, they still struggle
to capture the dominant functional roles of certain locations, such as large shopping malls
or hospitals, because semantic similarity of POI categories alone may not accurately re-
flect actual socioeconomic activities, including their relative importance within the urban
system (Zhai et al., 2019). The notion of relative importance is particularly crucial for
urban functional classification and for POI-based applications such as identifying dense
commercial and residential clusters in city centres (Luo et al., 2021). When POIs serve
as the primary data source, class imbalance and spatial heterogeneity between hot and
cold spots can also lead to substantial identification bias (Wu et al., 2021). A direct and
practical manifestation of this issue is that large hospitals attract far more patients than
small clinics, and newly developed shopping malls tend to generate greater local consump-
tion potential than older ones (Listorti et al., 2023). However, previous studies have often
treated these entities as functionally similar and assigned them to the same category.

To address these challenges, several studies have employed probabilistic topic mod-
elling techniques such as TF–IDF to identify key POIs and delineate urban functional
zones (Yuan et al., 2012). This approach identifies global frequency patterns and filters
distinctive POIs; however, it has limited ability to distinguish whether a POI is more
popular or more frequently visited than other POIs of the same category. Other studies
have incorporated additional data sources, such as social media or check-in data, as prox-
ies for visit intensity and urban vitality around POIs (Hollenstein and Purves, 2010; Li
et al., 2022). Nevertheless, social media data also have inherent limitations: only a small
portion of posts are geotagged, and their spatial coverage is highly uneven, leading to po-
tential sampling bias in representing user populations (Middleton et al., 2018). Moreover,
the limited positional accuracy of geotagged content makes it difficult to precisely match
social media activities with specific POIs, thereby constraining the ability to attribute
activity-related signals to individual places.

Compared with the limitations of previous studies, place reviews obtained through
Google Maps, as an extension of POI data, have emerged as a promising data source. Un-
like traditional POI location information, place reviews provide much richer user-generated
evaluation content, including ratings, the number of reviews, as well as textual and visual
materials contributed by users (Leiras and Eusébio, 2024). In contrast to check-in data
from conventional social media platforms such as Twitter or Instagram, place reviews ob-
tained through Google Maps are explicitly associated with specific POIs, thereby reducing
errors caused by inaccurate geotagging and irrelevant content (Chuang et al., 2016).

However, Google Maps reviews have never been used to solve this problem. Further,
existing studies using such data have primarily focused on the textual content, such as
using review texts to evaluate dining satisfaction and user preferences (Li and Hecht, 2021),
explore cultural expressions (Rabiei-Dastjerdi et al., 2022), and assess the distribution
and performance of public libraries (Khan and Loan, 2022). In contrast, limited attention
has been paid to other valuable elements contained in the crowdsourced data associated
with POI reviews, such as user-uploaded images. Moreover, the category information
assigned to POIs in Google Maps reviews lacks an official definition, which may lead to
inconsistencies when comparing data across different countries or cities.
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2.3. Multimodal and graph-based methods for spatial analysis

Recent advances in machine learning and computer vision have greatly enhanced the
ability to process multimodal data that combine textual and visual information (Ye et al.,
2021). Progress in natural language processing (NLP) has made it possible to capture sub-
tle nuances in online discourse, including sentiment analysis and topic modelling (Devlin
et al., 2019). A recently developed language representation model, Bidirectional Encoder
Representations from Transformers (BERT), is based on a deeply trained neural architec-
ture and has demonstrated outstanding performance across a wide range of complex tasks
(Koroteev, 2021; Zhou et al., 2024). Niu and Xing (2024) fine-tuned the BERT model to
classify sentiment in online restaurant reviews in Beijing and further analysed the spatial
distribution of sentiments. On the other hand, deep learning architectures, such as convo-
lutional neural networks (CNNs) and transformer models, have also contributed to more
accurate and fine-grained interpretations of visual content (Wang and Lu, 2024). These
approaches have been applied to various types of imagery in urban analysis, including re-
mote sensing images (Mehmood et al., 2022), street-level imagery (Biljecki and Ito, 2021;
Huang et al., 2024), and crowdsourced photos (Fan et al., 2025).

These approaches have also facilitated research on effectively integrating heterogeneous
data sources through embedding-based methods within multimodal frameworks (Jenkins
et al., 2019). In the context of place reviews, the primary modalities are user-generated
text and images. Previous studies have explored multimodal deep learning techniques
that jointly model textual and visual information to some extent (Srivastava et al., 2019).
Chen et al. (2025) extracted textual representations of human activities from street-view
imagery and integrated them with remote sensing and POI data, providing an effective
approach for improving the identification of urban functional zones (UFZs). Similarly,
Yan et al. (2024) used a large language model (LLM) to generate textual descriptions for
each satellite image as complementary semantic information, and developed UrbanCLIP,
a text-enhanced urban area analysis framework based on contrastive language–image pre-
training.

In the context of urban functional classification, as Tobler’s First Law of Geogra-
phy posits that spatial proximity influences the degree of correlation between entities
(Tobler, 1970), underscoring the importance of modelling spatial dependencies among re-
gions. GNNs are particularly well-suited for this task. In complex urban environments,
GNNs demonstrate superior efficiency in integrating multimodal data for urban functional
analysis (Tao et al., 2025). Graph-based approaches are also advantageous for this type
of analysis, as they can capture intricate dependencies within non-Euclidean spaces and
learn representations from both node attributes and graph topology (Wu et al., 2020).
Building on these advantages, GNNs have been successfully applied in various urban an-
alytics tasks, including traffic prediction (Xue et al., 2022), streetscape classification and
prediction (Kong et al., 2024; Lei et al., 2024), and the identification of emerging urban
structures (Fan et al., 2024). Overall, GNNs are capable of capturing spatial dependencies
and functional interactions across multiple scales, showing significant potential for fusing
multimodal features and improving the accuracy of urban functional classification.

However, because GNN-based approaches explicitly model spatial relationships based
on predefined areal units, their performance may vary under different spatial aggrega-
tion schemes. Existing studies have noted that, when point-based data such as POIs
are aggregated into areal representations, variations in spatial scale can influence both
data distribution and the resulting embeddings (Fan and Thakur, 2023). Accordingly,
recent research has begun to emphasise the importance of examining cross-scale consis-
tency in urban classification, in order to better understand the extent to which learned
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representations reflect underlying urban patterns rather than artefacts of specific spatial
configurations (Qing et al., 2024; Ma et al., 2026).

This paper integrates multimodal analysis of place reviews with GNN modelling to
enhance cross-city functional classification. By exploiting the spatial relational structures
inherent in POIs, as well as the textual and visual information contained in POI-based
place reviews, and by examining the effects of multiple spatial scales, the proposed method
provides a more robust assessment of cross-city functional classification.

3. Data & Methodology

3.1. Study area and data

Singapore and Hong Kong are selected as the two case study cities. As major port-
based trading centres and highly urbanised global hubs, they share comparable geographic
scale, urban density, and functional complexity. Despite these similarities, they differ
markedly in spatial organisation, urban morphology, culture, climate, urban planning
strategies, and degrees of functional mixing. Therefore, a comparative analysis using
POI-based place reviews in these two contexts enables the clustering of urban spaces with
semantically similar functions, forms, or atmospheres under distinct development models,
thereby enriching sample diversity for cross-city functional classification research.

POI-based place review data were collected from Google Maps in October 2024 and
include extensive metadata. The raw data were cleaned through three steps. First, we
verified the geographic coordinates in the metadata and removed locations outside the two
study cities. Second, as the review text contains timestamps, the analysis was restricted to
reviews from the most recent year, and records prior to October 2023 were excluded. This
constraint ensures that the dataset reflects the current function while mitigating potential
bias introduced by newly opened establishments with limited review data. Finally, we
retained only locations containing both textual and visual information to support subse-
quent multimodal embedding fusion. After data cleaning, the Singapore dataset contains
place reviews for 10,492 POIs (comprising 1,881,545 textual reviews and 601,275 images),
while the Hong Kong dataset contains place reviews for 10,204 POIs (comprising 586,971
textual reviews and 565,616 images). Each POI record includes five core attributes: POI
name, hierarchical category labels, geographic coordinates (latitude and longitude), and
the corresponding POI-based user-generated textual reviews and images. In addition,
the number of reviews received by each POI within this year was used as an input for
constructing the relative POI activity intensity indicator in the subsequent areal represen-
tation. Figure 2 illustrates a representative excerpt of place review data for ION Orchard
in Singapore, an iconic shopping mall.
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Figure 2: Excerpts of place review data: ION Orchard, a shopping mall in Singapore, reviewed in Google
Maps.

In this study, POIs broadly capture everyday consumption, leisure activities, economic
production, public services, and socio-cultural functions in urban environments. However,
the original metadata-based single-label ”main category” labels provided by Google Maps,
which are available for both cities, exhibit substantial inconsistency, with 906 unique labels
in Singapore compared with 806 in Hong Kong, as well as limited overlap between the
two sets. Moreover, these labels are often noisy and overly fine-grained. For example,
restaurants may be subdivided into Chinese, Indian, and other cuisine types, which is
unnecessary for urban functional classification, rendering them unsuitable as a unified
taxonomy for comparative analysis.

Nevertheless, a coarse external reference is still useful for assessing whether the learned
clusters remain broadly consistent with conventional POI semantics. We therefore man-
ually reclassified the 906 unique labels from Singapore and 806 unique labels from Hong
Kong into a harmonised taxonomy consisting of 13 high-level categories (L1 types): Ac-
commodation, Art & Culture, Business, Community, Education, Entertainment, Food &
Beverage, Healthcare, Recreation, Religious, Retail, Tourism, and Transportation.

It is important to note that these L1 types are not treated as ground truth labels
for actual human activity. They are derived from existing Google Maps metadata and
therefore inherit some limitations of metadata-based taxonomies. In this study, they serve
only as a coarse metadata-derived reference benchmark for evaluating broad semantic
consistency between the learned multimodal clusters and conventional POI categories.
The objective of the clustering is not to reproduce the L1 types, but to identify finer-
grained review-derived functional patterns from textual and visual evidence.

In addition, this study employs three types of spatial aggregation units:
Hexagonal grids: grids generated in GIS, with an average cell diameter of approxi-

mately 1 km (roughly corresponding to H3 resolution 8).
Administrative areas: Master Plan 2019 Subzone Boundaries for Singapore (data.gov.sg)

and 2021 Tertiary Planning Units (TPUs) for Hong Kong (data.gov.hk). Owing to dif-
ferences in administrative definitions, both units are referred to as administrative areas
hereafter.

Traffic analysis zones (TAZs): zones delineated using major and secondary road
networks, with road data obtained from OpenStreetMap and processed in a GIS environ-
ment.

3.2. Methodology

The framework of the proposed model consists of four consecutive stages, as shown in
Figure 3: (1) data collection and processing; (2) extraction of representative feature vectors
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for each POI via visual feature extraction, semantic feature extraction, feature fusion,
and clustering; (3) development of an areal representation framework that characterises
the functional profile of POI collections and identifies similar areas across cities; and (4)
neighbourhood learning on area feature vectors to delineate and classify urban functional
areas.
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Figure 3: A framework for POI functional inference, areal representation, and urban functional classifica-
tion based on Google Maps reviews.

3.2.1. Embedding representation model and POI category clustering

The embedding representation model extracts textual and visual features to construct
a unified multimodal embedding for each POI-based place. Textual features are derived
by applying KeyBERT to extract keywords from all user comments associated with each

11



POI. In similar tasks, the number of keywords is typically selected within the range of
3–10. In this study, we conducted preliminary experiments on a subset of POIs by vary-
ing the number of keywords from 3 to 10 and performing manual inspection. We found
that using five keywords provides a stable representation while avoiding excessive redun-
dancy, yielding a concise and representative summary of dominant semantic signals. These
keywords are subsequently encoded into a 384-dimensional vector using Sentence-BERT.
Visual features are obtained by encoding each image with a Vision Transformer to produce
a 768-dimensional vector; these image embeddings are then averaged per POI.

The textual and visual embeddings are subsequently concatenated. However, high
dimensional embeddings often contain redundant and noisy information, which can neg-
atively affect distance-based clustering methods (Poggio et al., 2017). To mitigate the
curse of dimensionality and improve clustering performance, we apply principal compo-
nent analysis (PCA) to reduce both textual and visual embeddings. Dimensionality re-
duction preserves the most informative variance while enhancing computational clustering
efficiency. To maintain balance between modalities, both textual and visual embeddings
are reduced to the same dimensionality.

We further evaluated a range of dimensions (10–50) and found that the first 20 princi-
pal components capture the majority of variance in both textual and visual embeddings.
Additional components provide only marginal improvements while potentially introduc-
ing noise. This dimensionality also ensures a compact and balanced representation when
combining multimodal features. The resulting 40-dimensional multimodal vectors are then
clustered using k-means, yielding k clusters that represent distinct POI categories.

3.2.2. Areal functional representation

The study areas were tessellated into different spatial units, such as equal-area hexagons,
administrative areas, and traffic analysis zones, and each unit was represented by a
k-dimensional feature vector, This vector captures the weighted composition of POI cat-
egories within each unit. Specifically, two weighting indices are applied: relative POI
activity intensity, derived from review count, and uniqueness, quantified using term fre-
quency–inverse document frequency (TF-IDF). The weighted values are then averaged by
the number of POIs in the corresponding category, yielding the average intensity of each
category within the unit.

The relative POI activity intensity weight for a given POI was calculated as the ratio
of its number of place reviews over the past year to the mean review count of its inferred
functional cluster. For example, a POI with 200 reviews in a year, whose cluster’s average
is 100 reviews, receives a weight of 2.0. This cluster-level scaling means that the indicator
does not directly use raw review volume as activity intensity; instead, it measures whether
a POI is relatively more or less active than other POIs within the same functional cluster.
This procedure reduces inherent differences in review frequency across POI categories,
such as restaurants versus playgrounds.

Uniqueness was computed using the IDF framework to attenuate the influence of ubiq-
uitous POI categories and emphasise those that are rare yet characteristic of specific areas
(e.g., large hospitals or shopping malls). The IDF for category c is defined as:

IDF(c) = log

(
H

1 + ni

)
(1)

where:
H is the total number of hexagons.
ni is the number of hexagons containing at least one POI of category i.
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The addition of 1 in the denominator ensures numerical stability by preventing division
by zero if a category does not appear in any hexagon.

Higher IDF implies that category i is rare or less common across the entire area.
Consequently, hexagons containing rare categories receive higher weights.

Lower IDF indicates that category i is common and widely distributed across hexagons.
Such categories are therefore considered less distinctive. Next, by calculating the cosine
similarity between each hexagon, the similarity of each area can be obtained.

where the weight of category i within unit u is given by:

wu,i =
1

Ni

∑
j∈Cu,i

RAIj × IDFi (2)

Here, Ni represents the number of POIs belonging to category i within unit u; Cu,i

denotes the set of POIs in unit u that belong to category i; RAIj is the relative activity
intensity of POI j, calculated based on its relative review volume; and IDFi quantifies the
uniqueness of category i by reducing the influence of common POI categories.

Ultimately, each unit will be represented as a k-dimensional vector. The final repre-
sentation of each spatial unit u is defined as:

Ru = [wu,1, wu,2, . . . , wu,k ] (3)

3.2.3. Graph neural networks and functional classification

Feature vectors derived from place review embeddings provide a novel representation
of POIs, and units constructed from these representations can offer initial insights into
urban functional classification. However, accounting for spatial continuity and inter-area
relationships is essential for robust functional zoning and urban structure delineation (Hu
et al., 2021). Accordingly, a two-layer graph convolutional network (GCN) was imple-
mented to learn neighbourhood dependencies among units. Each GCN layer updates a
unit’s k-dimensional feature vector by aggregating information from adjacent cells, thereby
integrating multimodal attributes with spatial topology to produce more discriminative
area embeddings. This mechanism enables the model to capture spatial autocorrelation
and neighbourhood effects that are not accounted for in non-spatial clustering approaches.

For graph construction in the GNN model, the KNN parameter was set to 6 based
on the neighbourhood structures and the average number of contiguous neighbours across
the different spatial scales, providing a consistent neighbourhood definition for cross-scale
comparison. The network outputs refined k-dimensional representations that encapsulate
both intrinsic characteristics and contextual relationships. The dimensionality is pre-
served to align with the original feature space and support downstream analysis. Finally,
the learned embeddings are clustered using k-means, yielding spatially continuous urban
functional zones.

At the same time, numerous studies have demonstrated that the choice of analytical
units can influence results. We therefore considered the scale and zonal effects induced
by differences in spatial aggregation (Wong, 2004; Kajosaari, 2024). To examine the
robustness of our results across different spatial scales, we conducted our analyses at three
types of spatial scales: regular 1 km hexagonal grids, officially defined administrative
areas, and traffic analysis zones (TAZs) delineated by road networks.
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4. Results

4.1. Embedding representation and POI category clustering

We applied k-means clustering to the vectorised multimodal embeddings derived from
place reviews for all POIs in both cities. Although k-means requires the manual spec-
ification of the number of clusters, its computational efficiency makes it well suited for
large-scale datasets. To determine an appropriate number of clusters, we employ a clus-
tergram (Schonlau, 2002), the silhouette score, and the elbow method. The clustergram
provides a hierarchical visualisation of clustering structures across different values of k. In
each clustering iteration, cluster centres are projected onto the first principal component
of the original data, yielding a one-dimensional representation for each cluster. The data
points are then ordered according to the first principal component of their assigned clusters
and plotted against the number of clusters ranging from 2 to 30, forming the clustergram.

Figure 4 presents the clustering validation results, including the clustergram, the sil-
houette score, and the elbow method. Overall, the results indicate that the clustering
structure becomes relatively stable and well separated at 22, where the silhouette score
reaches its highest value. Therefore, we select k=22 as the optimal number of clusters.
Figure 5 shows the distribution of POIs across the 22 clusters in Singapore and Hong
Kong, respectively. This joint clustering framework enables a direct comparison between
the two cities under a unified POI category system.
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(a) Clustergram

(b) Silhouette score (c) Elbow method

Figure 4: Cluster validation visualisation for multimodal POI embeddings from k = 2 to 30, including
clustergram, silhouette score, and elbow method results.
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Figure 5: The number of POIs in Singapore and Hong Kong in each cluster.

To evaluate the effectiveness of the multimodal clustering approach, we conduct an
ablation study. Specifically, clustering is performed on text embeddings and image em-
beddings both before and after dimensionality reduction, as well as on the proposed multi-
modal representations. The performance is assessed using five commonly adopted metrics
for unsupervised learning, including Adjusted Rand Index (ARI), Adjusted Mutual Infor-
mation (AMI), Homogeneity, Completeness, and V-measure (Pedregosa et al., 2011; Lu
and Uddin, 2024).

Among these metrics, ARI, AMI, Homogeneity, Completeness, and V-measure are eval-
uated by comparing the clustering results with the harmonised metadata-derived L1 types
reference labels. They provide a coarse external benchmark for assessing whether the
review-derived multimodal clusters remain broadly consistent with conventional POI se-
mantics. As shown in Table 1, the proposed multimodal method achieves the highest
agreement with the harmonised POI reference taxonomy across all five external metrics.
However, these metrics should be interpreted as measures of semantic consistency with a
harmonised POI reference taxonomy, rather than as validation against actual human ac-
tivity. Because our multimodal framework is inherently unsupervised, perfect alignment
with the L1 types is neither expected nor necessarily desirable. The observed agreement
suggests that the learned clusters retain broad semantic consistency with conventional
POI categories, while still allowing finer-grained review-derived distinctions beyond the
reference taxonomy.

Table 1: Ablation study results of different embedding strategies.

Method Variables ARI AMI Homo. Comp. V-meas.

BERT Text 0.1908 0.4325 0.4877 0.4308 0.4575
ViT Image 0.2789 0.5300 0.5006 0.4354 0.4657
BERT + PCA Text 0.1674 0.3845 0.4372 0.3867 0.4104
ViT + PCA Image 0.3390 0.5337 0.5005 0.4405 0.4686
BERT + ViT + PCA Multi 0.3552 0.5887 0.5713 0.4852 0.5247

To support cluster interpretation, Table 2 reports the top three metadata-derived
L1 types reference categories for each cluster in both cities. Our analysis reveals that clus-
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ters 7, 11, 15, and 19 exhibit a Food & Beverage proportion exceeding 97%, demonstrating
the complete dominance of this category within these clusters. To further investigate the
factors influencing the clustering, we employed the XGBoost + SHAP method and ran-
domly selected place images from both cities for illustration. Clusters 7, 11, 15, and 19
were used as representative examples. Figure 6 displays the results of the XGBoost +
SHAP analysis and the distribution of clusters in Singapore and Hong Kong along with
examples of place review images.

Table 2: The proportion of the top 3 L1 types in each cluster in both cities.

Cluster 0 Cluster 1 Cluster 2

Food & Beverage 32.9% Food & Beverage 72.4% Healthcare 58.3%
Retail 15.4% Entertainment 19.1% Recreation 28.3%
Recreation 11.9% Education 1.9% Retail 5.0%

Cluster 3 Cluster 4 Cluster 5

Accommodation 85.8% Retail 85.3% Recreation 51.0%
Retail 8.6% Food & Beverage 5.2% Tourism 21.4%
Entertainment 1.4% Recreation 3.1% Entertainment 6.9%

Cluster 6 Cluster 7 Cluster 8

Education 92.8% Food & Beverage 98.7% Education 25.0%
Community 3.0% Retail 1.0% Healthcare 20.7%
Art & Culture 2.0% Business 0.1% Recreation 14.3%

Cluster 9 Cluster 10 Cluster 11

Recreation 81.2% Food & Beverage 52.7% Food & Beverage 98.4%
Tourism 11.8% Retail 27.9% Retail 0.9%
Art & Culture 1.5% Healthcare 18.9% Art & Culture 0.5%

Cluster 12 Cluster 13 Cluster 14

Art & Culture 32.1% Recreation 92.0% Retail 18.9%
Religious 16.3% Business 2.7% Education 17.6%
Tourism 15.5% Education 2.7% Food & Beverage 15.7%

Cluster 15 Cluster 16 Cluster 17

Food & Beverage 99.5% Religious 97.0% Recreation 97.2%
Business 0.2% Tourism 0.8% Entertainment 1.8%
Retail 0.2% Community 0.8% Education 0.5%

Cluster 18 Cluster 19 Cluster 20

Recreation 32.9% Food & Beverage 97.3% Retail 89.8%
Education 12.1% Retail 1.1% Food & Beverage 3.6%
Food & Beverage 12.1% Community 0.7% Community 1.8%

Cluster 21

Healthcare 58.3%
Education 15.8%
Retail 7.5%
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Figure 6: XGBoost + SHAP visualisation for four representative clusters.

By examining the category ratios within each cluster and manually inspecting images
from both cities, we identified the distinctive characteristics of the 22 clusters and assigned
each a descriptive label. Table 3 lists the names of these 22 clusters, which are grouped
into eight major categories.
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Table 3: Naming for 22 clusters.

Cluster Name Supplementary Tags

Group A: Retail and Mixed-Use Commercial Hubs
0 Mixed Commercial Facilities retail, dining, shopping mall
4 Diverse Retail Facilities retail, fashion, electronics
10 Daily Convenience Retail Facilities supermarket, convenience store,

daily goods
20 Integrated Retail and Leisure Complexes retail, entertainment, mall

Group B: Entertainment and Recreational Attractions
1 Nightlife and Entertainment Facilities bar, nightlife, karaoke
5 Outdoor Leisure and Tourist Attractions recreation, park, waterfront
9 Green and Recreational Spaces recreation, community park,

green space

Group C: Sports, Wellness, and Community life
2 Fitness and Wellness Facilities recreation, sports, gym
8 Specialised Sports and Interest Facilities clinic, sports school, dance
13 Community Sports Facilities recreation, sports court, basket-

ball
17 Neighbourhood Playground Facilities recreation, community, play-

ground

Group D: Hospitality and Short-Term Stay
3 Hospitality Facilities hotel, accommodation, short-

term stay

Group E: Food and Dining Diversity
7 Hawker and Street Food Facilities hawker centre, food court, cheap

eats
11 Cafe and Light Dining Facilities cafe, bakery, tea shop
15 Casual Dining Facilities local food, ethnic cuisine, casual

dining
19 Upscale and Thematic Dining Facilities restaurant, theme food, interna-

tional cuisine

Group F: Cultural and religious institutions
12 Cultural and Heritage Facilities gallery, museum, heritage site
16 Religious Facilities worship, church, mosque

Group G: Educational services
6 Educational Facilities school, kindergarten, library
14 Integrated Community Facilities retail, education, school
18 Mixed-use Local Service Facilities school, park, clinic

Group H: Healthcare and Professional Services
21 Healthcare and Professional Service healthcare, clinic, therapy

4.2. Hexagonal functional representation and similarity measurement

To verify whether our unit representations can effectively capture local functional pat-
terns, we first conducted preliminary tests using hexagons as examples, such as identifying
areas with similar functions.
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The hexagonal functional representation is constructed from three components: the
22 review-derived POI categories obtained from the previous clustering step, relative POI
activity intensity derived from review counts, and the spatial frequency of POIs across
hexagons, which reflects the global uniqueness of each category. For the relative POI
activity-intensity weight, we calculate the ratio of a POI’s review count to the average
review count of its cluster and then apply a logarithmic transformation. The resulting
values are truncated at the 95th percentile, with any value exceeding this threshold set to
the 95th percentile value (P95). This procedure mitigates the long-tail phenomenon and
avoids treating raw review volume as a direct measure of activity intensity. Meanwhile, we
employ TF-IDF to compute the frequency with which POIs in each cluster appear within
the hexagons, thereby representing the uniqueness of each cluster.

Next, a histogram representing the 22 categories is computed for each hexagon as
the final feature vector. By calculating the cosine similarity between pairs of hexagons,
we identify similar places within the city. We set the cosine similarity threshold to 0.8,
whereby pairs of areas with similarity values greater than 0.8 are considered functionally
similar. The choice of this threshold is informed by the empirical distribution of pairwise
cosine similarities across all spatial units. As shown in Figure 7, the cumulative distri-
bution function (CDF) indicates that the 95th percentile (q95) is approximately 0.786.
This threshold suggests that only a small proportion of area pairs exhibit similarity values
above this level, corresponding to the upper tail of the distribution. Therefore, a thresh-
old of 0.8 effectively captures those rare pairs with highly aligned functional compositions
while excluding the majority of weak or moderate similarities. Figure 8 illustrates these
similar urban functional areas within and across the two cities.
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(a) Cumulative distribution function (CDF) of pairwise cosine similarity across all spatial
units.

(b) Empirical distribution of pairwise cosine similarity across all spatial units.

Figure 7: Cumulative distribution function and pairwise cosine similarity distribution across spatial units.

We verified the histogram results for the 22 categories computed for each area. Using
Orchard Road, Singapore’s most prosperous downtown district, as the input, all areas
with a cosine similarity exceeding 0.8 are retrieved, yielding comparable areas in both
Singapore and Hong Kong. The results demonstrate that this method effectively identifies
similar functional areas; for example, in Singapore, the similar areas include other central
areas such as Chinatown, Clarke Quay, and Bugis, as well as commercial centres like
Jurong East, Jurong Point, and HarbourFront, while in Hong Kong, the corresponding
areas include well-known commercial areas such as Tsim Sha Tsui, Causeway Bay, and
Sha Tin. Similarly, when Tai Mo Shan Country Park in Hong Kong is used as input, the
method retrieves comparable areas in Singapore, including the Singapore Zoo and major
parks such as East Coast Park.
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Figure 8: Identification of functionally similar areas within and across Singapore and Hong Kong. Basemap:
(c) OpenStreetMap contributors.

4.3. Graph neural networks and multi-scale urban functional classification

The integration of GNN and k-means clustering classified all regions into 7 distinct
clusters, with the validation results reported in the Appendix. We present the results
across three spatial scales: 1 km hexagons, administrative areas, and traffic analysis zones
(TAZs).

Figure 9 illustrates the average relative activity intensity of the 22 POI categories across
seven clusters at three spatial scales. In this figure, the x-axis represents POI categories
ranging from 0 to 21, and the y-axis represents the corresponding relative intensity. This
visualisation highlights differences in relative POI activity intensity among the clusters.
Although the same clusters exhibit broadly similar characteristics across different spatial
scales, subtle distinctions emerge due to variations in the number and categories of POIs
captured at each spatial resolution. Descriptive names were assigned to each cluster to
reflect their geographic locations and functional roles.

Cluster 0, designated “Downtown Area 1,” exhibits the highest relative intensity at
the 1 km hexagonal scale, driven by prominent nightlife venues, hotel accommodations,
and upscale theme restaurants. At the administrative area and traffic analysis zone (TAZ)
scales, Cluster 0 demonstrates moderate intensity without any standout POI categories.

Clusters 1 through 5 maintain consistent POI profiles across all spatial scales. Notably,
Cluster 1 exhibits high relative activity intensity in hotel and short-term accommodation
features at all three scales, while Cluster 5 displays lower intensity and sparse POI counts,
predominantly located on the urban periphery or adjacent to natural green spaces.

Cluster 6 exhibits distinct functional characteristics and spatial distributions across all
three scales, setting it apart from other clusters. At the 1 km hexagonal scale, Cluster 6
comprises cafes and bakeries located in the centre of Hong Kong. At the administrative
area scale, it appears exclusively in Hong Kong, with spatial distribution and functional
characteristics similar to the 1 km hexagon. Conversely, at the traffic analysis zone (TAZ)
scale, it occurs only in Singapore, corresponding to the city’s major green and recreational
areas within the central park region.
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(a) Cluster characteristics of 1 km hexagonal grids

(b) Cluster characteristics of administrative areas

(c) Cluster characteristics of traffic analysis zones

Figure 9: Cluster characteristics across three spatial scales (relative POI activity intensity of the 22 POI
categories).

Figure 10, Figure 11, and Figure 12 illustrate the spatial distribution of the clustering
results across the two cities. Specifically, Figure 10 presents the clustering results using 1
km hexagons as the analytical unit, while Figure 11 and Figure 12 show the results based
on administrative areas and traffic analysis zones (TAZs), respectively.

To enhance the interpretability of POI characteristics in the results, we aggregated the
feature values of 22 category vectors into a higher-level grouping structure. As established
in Table 3, these categories were organised into eight functional groups. For each cluster,
we generated radar charts to visualise the rankings of the aggregated group values. To
facilitate cross-cluster comparison of the same group, we converted the group value into
discrete scores from 1 to 7, where the highest feature value across clusters was assigned
a score of 7 and the lowest a score of 1. Intermediate values were mapped using integer
scores between 2 and 6.

Figure 10 illustrates the hexagon-scale clustering results, wherein the cores of Singapore
and Hong Kong (Clusters 0 and 6, respectively) occupy distinct clusters. This distinction
arises because Singapore’s Cluster 0 demonstrates high category feature value in hotels,
short-term accommodations, and upscale restaurants, whereas Hong Kong’s Cluster 6 is
driven by light dining venues, including cafés and bakeries. Both cities also share Cluster
1 as a secondary downtown cluster, characterised by significantly higher hotel intensity
compared to other categories. Additionally, Cluster 2 emerges as a sub-centre cluster
in both cities, reflecting a balanced mix of POI functions without dominance by any
single category. Clusters 3 and 4 correspond to local neighbourhood centres; both are
dominated by casual dining and hawker food facilities, although Cluster 3 exhibits higher
feature value than Cluster 4, explaining its identification as community centres. Cluster
5 represents predominantly park and natural landscape areas, with some vacant land
exhibiting minimal POI presence.

Administrative areas provide clear delineation of localised community units. As shown
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in Figure 11, Singapore exhibits a more cohesive community structure compared to the
hexagonal scale results. The entire city centre, including Sentosa, Chinatown, and Bugis,
is classified as Cluster 0, reflecting a unified urban core with distinct functional identity,
though with lower feature value than observed at the 1 km hexagonal scale. The Newton
district, known for its hawker centres, corresponds to Cluster 2, which represents areas
characterised by mixed residential and local food-related activities. In contrast, Hong
Kong displays a more fragmented pattern. Cluster 0 occupies only a small portion of its
urban core, while Cluster 2 is predominantly distributed across large residential zones.
Within central Hong Kong, Clusters 0, 1, and 6 delineate high-density functional areas:
Clusters 0 and 1 are dominated by hotels and accommodation-related POIs, whereas
Cluster 6, unique to Hong Kong, is characterised by light dining venues, consistent with
the patterns observed at the hexagonal scale.

At the traffic analysis zone (TAZ) scale (Figure 12), Singapore exhibits a clear yet
fragmented pattern of functional clustering. The commercial core (Cluster 0) is divided
into several non-contiguous units, effectively delineating key commercial corridors such
as Orchard Road and Clarke Quay while also revealing spatial fragmentation within the
urban core. Consistent with the administrative area results, the Merlion precinct is clas-
sified as Cluster 1, encompassing recreational, park, and waterfront functions. Cluster 3
captures the city’s community centres, where dining facilities are concentrated, though the
overall feature value is lower than that of the commercial core. In contrast, Hong Kong
presents a more compact and topographically constrained pattern. Cluster 1 corresponds
to major country parks and natural landscapes, highlighting the city’s distinctive terrain
and abundant green spaces. Cluster 3 also represents community centres, though these
areas are smaller and more scattered compared to their Singaporean counterparts.

(a) Singapore (b) Hong Kong

(c) Intensity radar chart of 8 groups(A-H) across different clusters.

Figure 10: GNN + Clustering results across cities (1 km hexagon).
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(a) Singapore (b) Hong Kong

(c) Intensity radar chart of 8 groups(A-H) across different clusters.

Figure 11: GNN + Clustering results across cities (Administrative areas).

(a) Singapore (b) Hong Kong

(c) Intensity radar chart of 8 groups(A-H) across different clusters.

Figure 12: GNN + Clustering results across cities (Traffic analysis zones).

5. Discussion

This section synthesises our methodological contributions and their implications for
urban planning practice. Figure 13 provides an overview of our multi-layer analytical
framework, illustrating how different components of our approach support specific planning
applications across scales.
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Figure 13: From place review data to planning applications: a multi-layer synthesis.

5.1. Multimodal POI classification for cross-city benchmarking

We demonstrate that review-derived POI embeddings provide a useful representation
for analysing urban functions. By integrating unsupervised learning over textual and visual
signals, the multimodal embeddings achieve the strongest semantic agreement with the
harmonised metadata-derived L1 types reference labels for Singapore and Hong Kong when
compared with single-modality approaches. The approach integrates heterogeneous data,
including text, images, and check-ins, into vector embeddings within a unified neural space,
addressing the limitation of relying solely on traditional POI names or categories. This
capability is particularly valuable for Google Maps data, where POI functional categories
are often irregular and unreliable.

We leverage place review data to aggregate POIs from both cities into a unified clas-
sification scheme, enabling cross-city functional comparison. As shown in Table 3, our
22 clusters depart from conventional taxonomies by drawing finer distinctions from text
semantics and image scenes, for example, food- and dining-related venues are separated
into at least four categories reflecting different price levels and use contexts. Figure 5
illustrates one divergence: Cluster 7 contains substantially more POIs in Singapore than
in Hong Kong, corresponding to Singapore’s hawker centres and highlighting distinctive
culinary infrastructure. For reporting clarity, we consolidated the 22 clusters into eight
top-level categories. Overall, our approach integrates visual environmental cues and user-
generated textual evidence to refine POI functional categories, supporting planning strate-
gies that consider user-described place functions rather than relying only on administrative
or metadata-based designations.

5.2. Relative POI activity intensity for areal functional representation

When aggregating POIs to spatial units, we go beyond traditional frequency-based
models by using place review counts to construct POI-specific relative activity-intensity
weights. This allows the representation to distinguish POIs that are relatively more active
within comparable functional contexts. Review counts provide POI-linked activity-related
signals, but they are not used as direct measurements of actual human activity. Instead,
they are scaled within each inferred functional cluster to construct relative POI activity in-
tensity. Our innovation uses review counts to monitor both the relative level and dynamics
of urban function over flexible time windows, enabling responsive planning interventions.
Given rapid POI turnover, we restrict the analysis to reviews from the most recent year.
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We validate our approach by computing cosine similarity on hexagon-level representa-
tions to identify similar functional areas across cities, demonstrating that POI aggregation
effectively reveals urban regions with homogeneous functional structures. Review counts
serve as indicators of relative POI activity intensity, helping distinguish areas where spe-
cific functional categories are more strongly represented in POI-linked review activity from
areas where they are less represented. To mitigate the dominance of extreme values in
heavy-tailed distributions, a logarithmic transformation is applied to this relative intensity,
and the transformed distribution is truncated at the 95th percentile (Gao et al., 2017).

5.3. Multi-scale spatial analysis for planning policy design

We introduce GNNs combined with k-means clustering to account for spatial context
and interactions between neighbouring units. We evaluate the approach at three spatial
scales, including 1 km hexagons, administrative areas, and traffic analysis zones (TAZs).
Discrepancies across scales underscore the importance of scale-sensitive policy design.

The hexagonal scheme, with uniform cell geometry, reveals spatial gradients in rel-
ative POI activity intensity, providing a consistent baseline for analysing urban spatial
structure, which is valuable for location-based service planning and retail site selection.
By contrast, administrative areas emphasise inter-community differences and expose dis-
tinct governance patterns, for example, the linear subdivision in eastern Singapore versus
the core-diffusion pattern in Hong Kong, which are valuable for policy coordination and
resource allocation.

The TAZ scale yields distinct clustering patterns reflecting road network organisation.
Many suburban residential areas are classified as green or open-space clusters, particularly
in Hong Kong, reflecting sparse road networks and larger TAZs with low POI density varia-
tion. Urban cores, with dense road networks and diverse POI distributions, are subdivided
into multiple clusters. This scale-dependent pattern offers insights for transportation in-
frastructure investment and traffic management.

Across all three scales, city centres are partitioned into multiple distinct clusters, with
some clusters appearing only in one city, providing evidence of unique functional areas
and their potential value as urban landmarks. To the best of our knowledge, this is the
first study using Google Maps review data to reveal systematic differences in functional
composition and relative POI activity intensity between urban cores and suburban ar-
eas. This granular differentiation provides actionable intelligence for planners: identifying
landmark functional zones, guiding place-making initiatives, benchmarking commercial
district performance, and informing targeted regeneration strategies that preserve local
character while promoting economic vitality.

5.4. Limitations and practical implications

However, several limitations should be considered when applying this framework to
urban planning practice. First, place reviews are user-generated and inherently subjective
and noisy. Factors such as merchants posting overly positive reviews or users submitting
malicious or misleading feedback may introduce information bias. These issues are not
unique to place reviews but are common to other forms of volunteered geographic infor-
mation (VGI) and user-generated geographic information, such as Twitter data, which
typically exhibit an irreducible subjective nature that constrains more precise assessment
(Khosravi Kazazi et al., 2024). Second, many POIs lacking review data were excluded
from the dataset. As a result, discrepancies may exist between the functional character-
istics inferred from place reviews and the actual land-use functions of POIs. In addition,
areas with similar functional compositions in review data may be mistakenly identified as
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similar urban areas. For example, POIs located within airports are often dominated by
restaurants and public amenities, which may lead them to be misclassified as community-
oriented spaces, while office-dominated environments such as central business districts
(CBDs) are less adequately represented. Third, as the proposed framework relies entirely
on unsupervised learning, its applicability to different research questions and planning
contexts requires careful justification and, where possible, validation against local ground-
truth data.

Despite these limitations, the proposed method provides urban planners with a scal-
able, cost-effective, and data-driven complement to traditional surveys and land-use records.
A major drawback of earlier approaches that relied on Twitter data as a proxy for check-ins
is the frequent absence of reliable metadata, which constrains functional interpretation and
spatial accuracy (Fonte et al., 2017). In contrast, place reviews obtained through Google
Maps are directly linked to specific POIs, enabling rapid functional assessment across
diverse urban contexts. This linkage facilitates cross-city benchmarking and supports
iterative policy refinement as review data accumulates over time. The approach is partic-
ularly valuable for planning applications that require frequent updates (e.g., monitoring
commercial district vitality) or large-scale spatial coverage (e.g., regional functional map-
ping), where traditional field surveys may be prohibitively expensive or time-consuming.

6. Conclusion

This study represents the first effort to apply place review data for the inference of
POI categories and urban functional classification. Specifically, this paper introduces a
novel multimodal approach for clustering and interpreting POIs using text and image data
from place reviews, and evaluates its semantic consistency against a harmonised metadata-
derived POI reference taxonomy. Beyond this novelty, it demonstrates the feasibility and
broader potential of place reviews as a valuable data source for urban studies. By integrat-
ing heterogeneous multi-source data, we construct an areal functional representation that
better captures user-described place functions and activity patterns in real-world urban
environments. This approach overcomes the static, subjective, and oversimplified draw-
backs of traditional land-use classifications and POI datasets, while also identifying areas
with mixed functions and indistinct boundaries. Importantly, the clustering framework
does not require manual annotations for model training, which supports transferability
across cities with different POI metadata structures. It also enables cross-city compara-
tive analyses and offers broad applicability and scalability for urban renewal and precision
management.

Additionally, we use place review counts and POI uniqueness weighting to construct
areal POI category vectors. This representation captures both the functional structure
of areas and the relative activity intensity of inferred functions, thereby facilitating the
identification of similar areas within and across cities. The feasibility of this approach is
validated by computing cosine similarity between a given input unit and all other areas.
By integrating GNN-based neighbourhood learning with k-means clustering, we more ef-
fectively model spatial interactions and preserve spatial continuity. Overall, this approach
provides a practical solution for urban functional classification.

We evaluated the framework in both Singapore and Hong Kong. The experimental
results demonstrate its effectiveness and flexibility. Even under imbalanced data dis-
tributions, the framework produces interpretable and semantically consistent functional
clusters both within and between cities. Furthermore, through controlled experiments
at three spatial scales, we gained insights into functional gradients, community distribu-
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tions, and traffic organisation. These comparisons further validate the robustness of the
classification results.

Looking ahead, future research could leverage place review data from multiple years
to examine the dynamic evolution of urban functions over time, such as urban expansion
and changes in community vitality. In addition, rating information contained in place
reviews could be incorporated as a representative indicator of place satisfaction. These
data and indicators are critical for urban management and planning initiatives, including
transportation improvements, community renewal, and social equity.
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Appendix A. Additional Data Description

Figure A.14 displays histograms and kernel density estimations (KDEs) for Singapore
and Hong Kong, before and after truncation.
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(a) Original Review Index in Singapore (b) Capped Review Index in Singapore

(c) Original Review Index in Hong Kong (d) Capped Review Index in Hong Kong

Figure A.14: Distribution comparison of index log before and after 95% value capping in Singapore and
Hong Kong.

Figure A.15 presents the evaluation results for the clustering analysis in Section 4.3.
We finally selected 7 clusters based on a combined assessment of the silhouette score and
elbow method. First, the silhouette score shows a local optimum at 7 clusters, while
solutions with fewer than four clusters may be insufficient to capture the differences in
urban functional classifications. More importantly, the elbow curve becomes noticeably
flatter after 7 clusters.

(a) Silhouette score (b) Elbow method

Figure A.15: Validation of the k-means clustering results using the silhouette score and elbow method.

Figure A.16 shows a three-level classification cascade that transforms Google Maps
image–text reviews into interpretable urban functional areas. POIs are first embedded
and clustered into 22 review-derived groups, then aggregated into spatial units as 22-
dimensional vectors. A GNN model then learns neighbourhood relationships and classifies
spatial units into seven functional types, making the framework both interpretable and
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adaptable to different cities or zoning systems.

Figure A.16: Interpretable and customisable classification cascade from place reviews to urban functional
areas.
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