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ABSTRACT

Urban greenspaces (UGS) deliver substantial benefits to human wellbeing by providing valuable ecosystem
services. Prior research on UGS has been primarily focused on provisioning and regulating services, with
comparatively fewer studies explicitly addressing cultural ecosystem services (CES), presumably due to con-
ceptual and methodological challenges in their characterization and quantification. Social media data have
emerged as novel datasets that could provide new insights into the quantification of these intangible, highly
context-specific, but critically important CES. In this study, we merged multiple platforms, including TripAdvisor
and Google Maps that are among the most comprehensive user-generated datasets, to map and quantify the
spatial distribution of 11 CES. Employing named-entity recognition models, this study extracted 60,156 textual
entities related to CES from scraped reviews, allowing us to categorize 30,599 reviews into different CES types
across 426 urban greenspaces. Our research demonstrated substantial spatial heterogeneity in the presence and
diversity of CES and identified six key CES bundles, revealing more occurrences of CES synergies than tradeoffs
across UGS. Geographical random forest models were applied to determine the relative importance of natural
landscape elements, biodiversity proxies, and human utility metrics in explaining the spatial heterogeneity of
CES. We found that factors such as greenspace size, tree cover percentage, biodiversity, and water features
emerged as strong predictors of CES provision. Our study provides a roadmap and research framework for un-
derstanding and quantifying CES in urban settings and has implications for the sustainable planning and man-
agement of UGS to improve social wellbeing through the contribution of diverse CES.

1. Introduction

of UGS, ensuring that they meet the diverse needs of urban residents and
provide multiple ecosystem services.

Urban greenspaces (UGS) provide multiple environmental, social,
and cultural benefits to humans (Jim and Shan, 2013). These benefits
are often referred to as ‘ecosystem services’ (or nature’s contribution to
people) (Diaz et al., 2018; MEA, 2005), which exert profound impacts on
human livelihoods and sustainability of cities (Hegetschweiler et al.,
2017). Given accelerated urbanization across the globe (i.e., 68 % of
world’s population projected to reside in urban areas by 2050; Forman
and Wu, 2016) and increasing social-environmental importance of UGS,
it is critical to investigate and understand where, how, and under what
conditions diverse ecosystem services are provided by UGS. Such
knowledge can ultimately inform the design, planning and management

Although social-environmental benefits from UGS are broad and
multifaceted (Derkzen et al., 2015), their sustained cultural ecosystem
services (CES) — defined as the nonmaterial benefits people obtain from
nature through spiritual enrichment, cognitive development, reflection,
recreation, and aesthetic experience — has been evolving. CES derived
from UGS are particularly valuable due to their proximity to benefi-
ciaries and their functions to improve physical health, mental well-
being, and psychological resilience of urban residents (Bratman et al.,
2019; Clark et al., 2014). In addition, most CES are subjectively valued,
directly experienced, and intuitively appreciated, and are thought to
inform people’s preferences (Wardropper et al. 2020; Hui et al. 2024)
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and held values (Gobster et al., 2007; Russell et al., 2013; Wardropper
et al., 2020; Zhao et al., 2024). Hence, perceptions and appreciations of
CES can be disproportionately important in improving environmental
awareness and strengthening civic engagement by serving as places for
rest and relaxation, exercise, and psychological restoration (Hartig,
2008). These nontangible benefits can consequently motivate and foster
public support for sustainable management and conservation practices,
especially in urban environments where natural habitats are likely
fragmented and susceptible to anthropogenic influences (Haase et al.,
2014; Plieninger et al., 2013). Ongoing urbanization and global changes
have further highlighted the fundamental role that UGS could play in
providing CES to promote urban resilience and sustainable urban
development (Pulighe et al., 2016; Sikorska et al., 2023).

Nevertheless, there are ongoing debates about effective methodolo-
gies to measure CES, and a lack of robust theoretical frameworks that
integrate CES into urban greenspace planning and management prac-
tices (Dickinson and Hobbs, 2017; MEA, 2005). Due to its intangible
nature and complex relationships among biophysical, economic, socie-
tal, and cultural characteristics of UGS that underpin CES supply, CES
remain notoriously difficult to assess and quantify, especially in a
spatially explicit manner (Dickinson and Hobbs, 2017; Huynh et al.,
2022). In particular, even fewer studies have focused on CES in urban
settings characterized by substantial heterogeneity of socioecological
dynamics, especially in highly urbanized metropolitan regions where
complex human-nature interactions are commonly observed (Alberti
et al., 2020; Yang et al., 2023). Such data and knowledge gaps preclude
enhanced understanding of the spatial patterns, relationships, and
drivers of CES. In addition, among existing research, few have taken a
holistic approach that explicitly measures and analyzes multiple CES
and their interactions across a range of different UGS (Cheng et al.,
2022; Daniel et al., 2012). For example, current studies tend to focus on
the supplying capacity of UGS for single or few CES (Nigussie et al.,
2021; Shi et al., 2023), or the studies are localized in scale (Jones et al.,
2020). Nonetheless, a holistic approach is crucial, given that ecosystem
services are not independent of each other and may interact in intricate
ways, producing synergies, tradeoffs, and bundles (i.e., multiple
ecosystem services co-occurring repeatedly) (Bennett et al., 2009; Qiu
and Turner, 2013). Hence, improved knowledge of interactions among a
portfolio of CES from UGS can lead to more informed urban landscape
decision-making, reducing tradeoffs, taking advantage of desirable
synergies, and thus achieving holistically achieving multiple CES (Ma
and Yang, 2025; Qiu et al., 2018; Turner et al., 2014).

Generalizable and scalable methodologies for accurately quantifying
CES can enhance our understanding and help effectively incorporate
these services into urban planning and sustainable development strate-
gies. However, traditional non-economic approaches (e.g., social sur-
veys, focus groups, qualitative interviews, public participation, and
other instrumental assessments) (Csurgo and Smith, 2021; Heikinheimo
et al., 2020; Marini Govigli and Bruzzese, 2023) face limitations in terms
of capturing the intangible and incommensurable nature of CES
(Winthrop, 2014), as well as generalizability and reproducibility across
a large study area. Moreover, these methods also present additional
challenges of framing effects of expressed values (e.g., question order or
wording in the interview or questionnaire) (Satz et al., 2013), high labor
and financial cost, limited sample size and the degree of representa-
tiveness (Lienhoop et al., 2015), and constraints pertinent to only se-
lective CES.

In response to these challenges, georeferenced social media data has
recently emerged as a promising alternative to quantify and assess
ecosystem services, with more recent elevated interests in CES (Cao
et al., 2022; Fox et al., 2021). Social media platforms like Flickr, Insta-
gram, and X (formerly, Twitter) offer a rich and cost-effective source of
perceptual data through user-generated content, including text, images,
and videos (Arts et al., 2021; Chang and Olafsson, 2022; Wan et al.,
2021). Specifically, textual content and natural language processing
(NLP) techniques, especially when empowered by machine learning, can
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be advantageous to other types of crowdsourcing social media data to
quantify CES. The rich, multidimensional descriptions available in tex-
tual content such as microblogs, tour reviews, and user-generated tags
(Grzyb et al., 2021; Kong and Sarmiento, 2022) open new directions for
assessing and understanding people’s experiences of nature, landscape
preferences, and perceptual landscape elements, and thus their senti-
ments towards and consumptions of CES (Cao et al., 2024; Havinga
et al.,, 2024). The advancement of NLP, deep learning techniques (Le
Guillarme and Thuiller, 2022), and transformer-based language models
such as BERT (Berragan et al., 2023; Devlin et al., 2019) can especially
offer promising avenues to process vast amounts of unstructured text to
pretrain language representations to embrace big data to broaden the
sample size and representations of CES in UGS. However, despite its
value, social media data could suffer from inherent potential biases,
including unequal representation of demographics (e.g., age, income,
and digital literacy) (Y. Zheng et al., 2024), platform-specific user be-
haviors (e.g., Instagram’s focus on visual aesthetics vs. TripAdvisor’s
review-driven ecosystem) (Toivonen et al., 2019), and geographic dis-
parities in data density (Marti et al., 2019). These limitations necessitate
strategic platform selection aligned with study objectives and integra-
tion of datasets from multiple platforms. User-generated review plat-
forms such as Google Maps and TripAdvisor offer unique advantages for
CES assessments, including: (1) spatially-explicit reviews tied to specific
UGS, unlike the diffuse geotags of Twitter or Flickr; (2) detailed textual
narratives on visitor experiences (e.g., aesthetics, recreation), which are
critical for CES quantification (Kong and Sarmiento, 2022); and (3)
broad user bases that, while still excluding non-tech-savvy populations
(Owuor et al., 2023), capture diverse recreational and cultural engage-
ments across urban areas. While prior studies have focused on platforms
like Flickr for nature-based CES (Ghermandi et al., 2023), urban CES
require platforms where users explicitly review multifunctional green-
spaces—a strength of Google Maps and TripAdvisor.

Our objective was to leverage crowdsourcing review data and ma-
chine learning approaches to quantify and understand a wide range of
CES across UGS to address their spatial patterns and interactions. We
focused the analyses on Broward County (Florida, USA) as it is among
the top 20 most populous counties in the U.S. and is experiencing
accelerated urbanization with ~ 2 million current residents (2020 U.S.
Census). Specifically, we mapped spatial heterogeneity of 11 CES (e.g.,
aesthetic value, experiential use, physical use, educational value, exis-
tence value) to ask: (1) What is the spatial pattern and hotspots of in-
dividual CES across UGS and which UGS provide the most diverse suite
of CES? (2) Are there any consistent tradeoffs, synergies, and bundles
among CES from UGS? and (3) What social and ecological factors
explain the spatial distribution of CES across UGS?

2. Materials and methods
2.1. Study area

Our study was conducted in Broward County located in South Flor-
ida, USA. Broward County is Florida’s second most populous county and
ranks among the top 20 most populous counties in the U.S., with
approximately 1.9 million residents (U.S. Census Bureau, 2021). The
county spans 342,655 ha, of which 8.5 % is water, and includes 31
municipalities with urbanized areas covering 110,799 ha (U.S. Census
Bureau, 2021). A sharp demarcation exists between its densely devel-
oped eastern urban core and the western Everglades Wildlife Manage-
ment Area (Volk et al., 2017), creating a landscape where greenspaces
are critically needed to balance ecological and human needs. Further-
more, we selected Broward County as our study area because it: (1)
represents a highly urbanized landscape where UGS are much needed
but face threats from ongoing urban development; and (2) serves as an
exemplar subtropical and tropical urban system that remains overall less
understood in the literature but is expected to harbor substantial levels
of urban biodiversity and increasing flow of populations. Miguez et al.
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(2025) has delineated the spatial boundaries of 639 UGS in Broward
County, following Callaghan et al. (2020), where UGS are considered as
urban landscapes that are managed and designated as parks or recrea-
tional spaces accessible to the public (Fig. 1). Full details of our defini-
tions for defining and characterizing UGS can be found in Appendix S1.

2.2. Data sources and availability

Online reviews associated with UGS were extracted from TripAdvi-
sor (https://www.tripadvisor.com/) and Google Maps (https://www.
google.com/maps) using a browser automation tool named ‘Selenium’
supported by Python. The review data from these two widely used
platforms provide a globally scalable and complementary user-
generated content and reviews with high spatial specificity for attrac-
tions, as well as detailed spatial records of interactions between humans
and ecosystems (Ghermandi et al., 2023; Kong and Sarmiento, 2022).
Specifically, TripAdvisor specializes in destination reviews, attracting
users motivated to detail recreational and cultural experiences (Marine-
Roig and Anton Clavé, 2016; Spalding and Parrett, 2019), while Google
Maps integrates location-based reviews into daily navigation, capturing
spontaneous UGS interactions (Mohamed and Kronenberg, 2025). We
chose to combine data from both sources, also considering the
complementarity of their reviews and the necessity to include as much
data as possible to reflect a wide range of users from different socio-
demographic groups (Owuor et al., 2023). We acknowledge the ethical
considerations of web extraction and confirm that our data collection
adhered to platform-specific guidelines and followed common academic
practices (Ghermandi et al., 2023; Helbich et al., 2024). Reviews were
aggregated for research purposes under fair use principles with no
commercial intent. Data anonymization and aggregation protocols were
implemented to protect user privacy and confidentiality.

Due to access restrictions, the maximum number of reviews of each
UGS that could be extracted from Google Maps was 1,040, and this
upper limit was reached for 30 UGS (out of 639 delineated UGS units),
where reviews were sorted by Google’s default “most relevant” algo-
rithm, prioritizing popularity and recency. In other words, for this subset
of ~ 5% UGS, we were only able to extract and use review data for 1,040
entries, which are considered the most recent and relevant experiences
of visitors sorted by Google’s algorithms. To assess the extent to which
such upper limit can affect our characterization of CES, we performed
additional sensitivity analyses (detailed in Section 2.3). For the Tri-
pAdvisor platform, no limit was imposed, and we were able to extract all
reviews for all the studied UGS. The UGS locations were identified
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manually by matching identified UGS names and spatial boundaries to
corresponding entries on Google Maps and TripAdvisor. To ensure
spatial alignment, we cross-referenced UGS coordinates with Google
Maps metadata and excluded facilities nested within larger UGS (e.g.,
park visitor centers). During our data collection, we found that 193 UGS
out of the 639 delineated units had no valid reviews on either Google
Maps or TripAdvisor. These UGS were excluded from our analyses due to
the lack of user-generated content. In total, we collected 69,084 textual
reviews across 454 UGS, including 60,552 reviews from Google Maps
and 8,532 reviews from TripAdvisor. All reviews were extracted from
December 2010 to October 2023.

2.3. Definition of CES and overall research design

Based on the extracted textual reviews, we extracted data to quantify
CES associated with each UGS. Our definition of CES in this study was
compatible with the most representative and adopted conceptual
frameworks in the literature, specifically the Common International
Classification of Ecosystem Services (CICES) (Haines-Young and
Potschin-Young, 2018; Hirons et al., 2016), in which the physical, in-
tellectual, and spiritual values of the natural environment were
considered. To operationalize these concepts for manual annotation, we
developed the working definitions for 11 CES categories (Table 1),
explicitly linking CES categories to keywords and phrases in user-
generated reviews. For example, aesthetic value was defined as artistic
or sensory appreciation of landscapes, identified through references to
natural features (e.g., “beautiful green leaves”), while physical use
encompassed active engagement with UGS infrastructure, such as
mentions of “walking paths” or “athletic fields.” These definitions served
as a prime rule for categorizing CES-related entities, ensuring consis-
tency between theoretical frameworks and real-world expressions in
textual data.

To address our research questions, we implemented a three-task
workflow (Fig. 2). To address our first question (Task 1), textual re-
view data from TripAdvisor and Google Maps were extracted as
described above (Section 2.2). We then developed a review corpus an-
notated with the 11 CES types to create NER datasets that can further be
used to train a BERT-based NER model. Afterwards, data from extracted
reviews regarding CES were extracted to classify and quantify CES
across all UGS (details on NER training and classification are in Section
2.4). To address our second question, in Task 2, we identified CES
bundles for analyzing their interactions (i.e., tradeoffs and synergies)
among multiple CES based on correlation analysis and cluster analysis

(b)
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Fig. 1. (a) Location of our study region in Broward County, Florida, USA. (b) Total cultural ecosystem service (CES)-related reviews of each urban greenspace (UGS).
(c) Total number of present categories of identified CES for each UGS. “No data” indicates UGS for which no CES-related reviews were found.
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Table 1
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Definition of cultural ecosystem services (CES) focused in this study and example of CES-related entities for model training.

CES

Definition

Example of entities

Word cloud of entities

Aesthetic value

Bequest value

Educational
value

Entertainment
value

Existence value

Experiential use

Artistic representations of nature.

Willingness to preserve plants, animals,
ecosystems, and land-/seascapes for the
experience and use of future generations.

Subject matter of educational value.

Benefits arising from various outdoor
recreational activities.

Enjoyment and philosophical perspective
provided by the knowledge of, and
reflections on, the existence of wild
species, wilderness, or land-/seascapes.

Experiential use of plants, animals, and

land-/seascapes in different environmental

settings.

“...You can see the beautiful green leaves of the
red mangroves; it is a bridge who brings you in

the middle of the groves with a tower to observe

the panorama...”

«...Very happy to see Florida residents felt it was
important in the 1970’s to preserve a little
nature so close to its popular beaches...”

“...A great place to understand the importance
of the wildlife and a history of the area both
ecologically as well as architecturally...”

«...This is a great place to hold a picnic, even in
the evening....”

“...Also enjoyed walking on their board walk and
feeling like being in the middle of the
Everglades and forgetting that I was just 10 min
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Table 1 (continued)
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CES Definition Example of entities Word cloud of entities
Heritage value Historic records of a place; cultural “...He was very informative about the history of meced fort”" ®seminole gamer icanf lorida
moun )

heritage preserved in different
environmental settings.

Physical use Physical use of land-/seascapes in different
environmental setting.

caterpillars...”

Religious value Holy or spiritual places important to

spiritual or ritual identity.

Scientific value Subject matter for scientific research.

was preserved, apparently, through the efforts of a
group of local high school students...”

Emblematic plants and animals; national
symbols.

Symbolic value

the glades and the Seminoles. We saw lots of
birds which he told us interesting things about...”

“...They have tours, gift shop, workshops, phe soccer
lectures, tips on gardening for butterfly :

“...A beautiful spot to meditate, relax, and
commune with the birds and nature...”

...This small park was one of the last areas of
undisturbed cypress swamp in the county, and it

...This is a great hidden little gem. Very
peaceful to walk the raised boardwalks in between
lots and lots of spiders...”
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(detailed in Section 2.5). Finally, to address the third question, in Task 3,
we examined the extent to which different factors (including landscape
elements, biodiversity proxies, and human utility metrics) explained the
spatial distribution of CES based on a geographical random forest model
(detail in Section 2.6).

2.4. Classifying CES-related textual contents

After filtering CES-related content of extracted reviews, we found
that some UGS (N = 28) did not contain any reviews that could be
categorized into CES categories. Thus, we collected 60,156 textual en-
tities related to CES that further allowed us to categorize 30,599 reviews
into different types of CES within 426 UGS. The detailed classification of
CES-related content within textual reviews aimed to build a dictionary
containing each category of CES and its relevant keywords or phrases,
following the methodology of previous studies (Benati et al., 2024; T.

Zheng et al., 2024). We allowed for multiple CES designations for each
review, because one user could express the enjoyment of several CES in
one review. This process involved three main steps.

For Step 1 we selected a random sample of 20 % of the reviews from
TripAdvisor as the model corpus dataset (N = 1,710) and manually
annotated entities aligned with the 10 CES types using a span repre-
sentationbased annotation platform with five domain experts in urban
greenspaces and ecology. The training dataset contained 5,693 entities
with more than 130,000 words. Notably, we focused on TripAdvisor
data for training the classification model because its reviews were sub-
stantially longer (average 53.83 words per review) compared to Google
Maps (average 12.24 words), providing richer contextual information
for identifying nuanced CES categories.

For Step 2, we employed a BERT-based transformer model fine-tuned
for classifying all remaining textual content related to each CES. While
BERT was originally designed for tasks like traditional named-entity
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contents

Task 1. Classification of CES-related textual

Task 2. Identification for the trade-offs and

synergies relationship of CES

Task 3. Delineation for the spatial heterogeneity

of CES

Data sources

Determining the trade-offs and synergies

Underlying factors for explaining spatial variations in CES

: |
| |
|
TripAdvisor Google Maps | |
review data review data : Trerlealis Synergies | Land cover data NDVI data NDWI data
|
——————————————————— | | |
| : v
CES annotations | Correlation | Urbarlw'h'uman Natiral Biodiversity
| analysis | utilities landscape cover
l : | \_/I/—\ - \_/I/—\
__________ A

Encoding layer

CES

Geographical
random forest

 Z—

Syntactic :
= 4 : Deep semantic
information
extraction

______ ____l__________.l l

Cluster analysis

Primary factor

Feature fusion

!

Entity recognition

: |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| information :
: |
| |
| |
| |
| |
| |
| |

T
| |
| |
| |

NER-BERT model training

|

|

|

|

|

| I

|

I /Bundle Bundle Bundle
|

| 1 2 n
|

|

|

|

Identifying of CES bundles

\ 4
Conclusion. Implications for the sustainable
management of UGS

Fig. 2. Overall study design and research framework that uses crowdsourcing data to quantify cultural ecosystem service (CES) spatial patterns and interactions with
three main tasks. Firstly, textual review data from TripAdvisor and Google Maps were extracted and were further extracted to classify and quantify for CES based on a
NER-BERT model. Secondly, we identified CES bundles for analyzing tradeoffs and synergies among multiple CES based on correlation analysis and cluster analysis.
Thirdly, we examined the extent to which different factors (i.e., landscape elements, biodiversity, and human utility) explained the spatial distribution of CES based

on geographical random forest model.

recognition (Li et al., 2022), which identifies rigid categories such as
locations or organizations, its contextual understanding and transfer
learning capabilities make it adaptable for classifying diverse semantic
categories such as CES. Compared to conventional sequence labeling
models such as Conditional Random Fields or Long Short-Term Memory,
BERT-based models better capture long-range contextual dependencies
in text through transformer self-attention, though they require greater
computational resources (Devlin et al., 2019). We adapted BERT’s ar-
chitecture by replacing its final NER classification layer with a custom
layer trained to predict CES categories. We encoded the training data
using an embedding layer and input it into an optimized BERT pre-
training model. Then, we extracted the output from the Encoder layer,
computed attention weights using the multi-headed self-attentive
mechanism in the Transformer Encoder, and integrated syntactic fea-
tures to enhance semantic understanding. We then fused this syntactic
information with the last layer of the BERT output and obtained the
predicted CES categories via a fully connected layer. The specific flow
chart is also shown in Fig. 2. These steps were performed using the
‘spaCy’ library in Python. Table A1 in the Supplement presents a com-
parison of manual detection and the automated annotation of CES based
on the testing sets. Overall, we achieved a classification agreement of >
80 % in detecting most CES. This indicates that our automated approach
for identifying and characterizing all the CES in UGS using textual re-
view data is reliable and robust, with the reliability rate exceeding the
recommended Cohen’s kappa coefficient threshold of 0.6 for nearly all
CES types.

We further created word clouds based on ‘wordcloud’ library in
Python as shown in Table 1 to visualize the most representative key-
words for each CES type as another way of intuitive validation. Given
the scope of our study, we selected two numeric indicators to quanti-
tatively characterize CES patterns: (1) total number of reviews in each
CES category, which presumably correlates with the use of CES from
UGS; and (2) total number of present categories of CES (i.e., total

number of identified CES) in each UGS, which reflects the diversity of
CES provided by each UGS. Based on these two indicators, we mapped
the spatial heterogeneity of individual CES and total number of CES for
each UGS. Specifically, for each UGS, we summarized the total number
of reviews related to CES (Fig. 1b) and the total number of reviews for
each individual CES (Fig. A1 in the Supplement). Based on this, we were
also able to calculate the number of identified CES types present in each
UGS (Fig. 1¢). For standardization, we further calculated the proportion
of individual CES-related reviews to the total CES-related reviews of
each UGS (Fig. 3). Furthermore, due to the infrequent occurrence of
religious values CES, which only occurred in four reviews, we excluded
this CES from aforementioned mapping and quantification as well as
subsequent data analysis, and instead focused on the remaining 10 CES.

For Step 3, we further performed a sensitivity analysis on each UGS-
assessed CES to estimate the minimum number of classified online re-
views and the appropriate size of the training set needed to detect CES to
ensure the robustness of our CES characterization by randomly selecting
review subsets ranging from 1 % to 100 % of each UGS and recording the
count of CES for each subset. Our analysis revealed that a minimum of
107 CES-related reviews were necessary to detect all 10 types of CES
considered in this study (Fig. 4). Full details on our methodology for
classifying CES-related textual content and the sensitivity analysis can
be found in Appendix S2.

2.5. Identifying CES tradeoffs and synergies

Based on the textual content classification results, we mapped the
spatial pattern of the number of CES-related reviews for each individual
CES, and the number of present CES categories (i.e., total number of
identified CES) for each UGS. To account for differences in total
extracted reviews for each UGS, we standardized the indicator for each
CES by calculating the proportion of individual CES-related reviews
relative to all CES-related reviews. In addition, we performed pairwise
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found. “Absent” refers to UGS that had CES-related reviews but did not mention the specific CES being mapped.

Spearman correlation analyses on the proportion of various CES-related
reviews to examine tradeoffs (i.e., negative correlations) and synergies
(i.e., positive correlations) among CES. To avoid spurious results, we
performed such analyses across (a) all 426 UGS, and (b) the most well-
sampled UGS, defined as the top 25 percentile of UGS based on the
abundance of CES-related reviews. This was done to help address the
issue where certain UGS might be unable to detect those services,
leading to too many zero values for specific CES.

We performed cluster analyses to identify CES bundles using a self-
organizing map, an unsupervised competitive neural network with
adaptive, self-organizing, and self-learning features (Dou et al., 2020;
Qiu et al., 2021). We used the ‘MiniSom’ package in Python to learn and
train the datasets of the proportion of individual CES-related reviews to
all CES-related reviews to objectively create spatial unit clusters of UGS
based on similarities in their supply capabilities. To avoid the local
optimal solution, we set the training number to 10 times the number of

spatial units, with the initial learning rate and the final learning rate as
0.05 and 0.01, respectively. Similar to the spearman correlation ana-
lyses, we also identified CES bundles across (a) all 426 UGS, and (b) the
top 25 percentile of UGS based on the abundance of CES-related reviews.
The cluster number that provided the largest inter-bundle dispersion,
quantified using the silhouette width index (SWI), was used to deter-
mine the optimal cluster number. Finally, the optimal cluster results
were mapped for each UGS to visualize the spatial pattern of the CES
bundles.

2.6. Analyzing factors that explain CES spatial heterogeneity

To understand the underlying factors that explain spatial variations
in CES of UGS, we considered three types of explanatory variables,
including natural landscape cover, biodiversity proxies, and urban
human utility metrics (Table 2). For assessing natural landscape
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Fig. 4. Sensitivity analysis of CES detection of each UGS. (a) Each scatter dot represents one randomly selected review subset. For each subset, we recorded three key
pieces of information: (1) the name of the UGS from which the subset was drawn, (2) the total number of reviews in that subset, and (3) the count of different CES
types identified within that subset of reviews. (b) The minimum size of the CES-related review subset in relation to the detection of total number of CES categories.

Table 2

Statistics of explanatory variables for predicting CES spatial heterogeneity.

Variable category Variable Descriptions Value across all UGS (N = 426)
Min Median Max  Std.
Total area of UGS km? 0.001 1.89 375 1.86
Natural landscape ~ Tree Land cover data was derived from the global European Space Agency WorldCover dataset witha10- 0 0.01 0.37 0.01
cover Grassland meter resolution (Zanaga et al., 2022) and is expressed as the mean percentage of total UGS cover. 0 0.002 0.30  0.002
Herbaceous 0 0.004 0.50  0.004
wetland
Mangroves 0 0.34 0.68 0.34
Bodies of water 0 0.13 0.26  0.13
NDVI The normalized difference vegetation index (NDVI; Source: https://developers.google.com/earth 0.06 0.34 0.54 0.01
NDWI -engine/datasets/catalog/LANDSAT COMPOSITES_C02_T1_L2 8DAY_NDVI) and normalized 0.06 0.40 0.47 0.07
difference water index (NDWI; Source: https://developers.google.com/earth-engine/datase
ts/catalog/LANDSAT COMPOSITES C02_T1 L2 8DAY NDWI) were derived from Landsat 8
imagery with a 30-meter resolution and are expressed as the mean value for individual UGS.
Biodiversity Based on citizen science data from iNaturalist (https://www.inaturalist.org/), biodiversity utility 0 0.47 1 0.26
utility was quantified using species richness, with data filtered to remove captive organism observations to
focus on naturally occurring biodiversity, and standardized on a scale from 0 to 1 as a proxy for
biodiversity benefits (Miguez et al., 2025).
Human utility Picnic area Human utilities for each UGS were characterized based on the presence of eight amenity categories, 0 1 1 0
Playground with the total count of identified amenities per UGS rescaled on a scale from 0 to 1 to quantify the 0 0 1 0
Body of water extent of amenities provided (Miguez et al., 2025). 0 1 1 0
Walk path 0 1 1 0
Athletic facility 0 0 1 0
Nature 0 0.50 1 0.50
preserves
Dog park 0 0 1 0
Fitness center 0 0 1 0

elements within UGS, specifically the vegetation and water features, we
selected several indicators: the normalized difference vegetation index
(NDVI), normalized difference water index (NDWI), and percent
coverage of various land cover types. The NDVI and NDWI maps were
generated based on the Landsat 8 imagery with a 30-m resolution. The
land cover data was derived from the global European Space Agency
WorldCover datasets with a 10-m resolution (Zanaga et al., 2022),
including 5 categories such as tree cover, grassland, herbaceous
wetland, mangroves, and bodies of water. We examined multi-
collinearity using pairwise Pearson correlation analyses (Fig. A2). While
NDWI and water body coverage exhibited a moderate correlation (ab-
solute value of correlation coefficient equals to —0.07), which is well
below the commonly cited threshold for severe multicollinearity, we
retained both variables because they further capture distinct hydrolog-
ical aspects: the NDWI highlights open water features in satellite im-
agery, providing a continuous measure of water presence across an
entire area, while water body coverage from land use products offers a
discrete classification of permanent water bodies, making them distinct

yet complementary metrics for assessing water features in a region
(Zhang et al., 2023). We calculated the mean values of NDVI and NDWI
for each UGS in 2021, as well as the proportion of each land cover type
in UGS during the same year to ensure data consistency. Moreover, the
biodiversity proxies and human utility metrics of each UGS were ob-
tained from Miguez et al. (2025) with details shown in Appendix S4.
Lastly, we applied geographical random forest (GRF) model using the
package ‘SpatialML’ in R (Georganos et al., 2021) to analyze effects of
included explanatory variables on CES in UGS. The GRF extends stan-
dard random forests by incorporating spatial lagged predictors to ac-
count for spatial non-stationarity, offering advantages over purely
global models (e.g., ordinary least squares models) through localized
interpretation while avoiding the linearity constraints of spatial
regression models such as geographically weighted regression
(Georganos et al., 2021). Our first analyses treated the number of pre-
sent CES types (i.e., CES diversity) across each UGS as the dependent
variable. We further utilized GRF to identify the most important factors
explaining four key CES with the most abundant reviews: physical uses,
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entertainment values, aesthetic values, and experiential uses. We treated
the proportions of these CES categories among all CES-related reviews as
the response variables. To better understand how GRF addressed spatial
heterogeneity, we mapped the spatial distribution of the standardized
residuals. We also estimated spatial autocorrelation through local
Moran’s I to trace potential clustering in the residuals. Full details on the
GRF and the determination of the fine-tuned hyperparameters can be
found in Appendix S5.

3. Results
3.1. Overadll characterization of CES detection

Our word cloud of CES-related entities (Table 1) provided visual and
intuitive characterization of each CES. For example, the most repre-
sentative labels of aesthetic values CES from the word clouds were
associated with natural landscapes, including water features, vegeta-
tion, and biodiversity that was regarded as artistic representations of
nature such as trees, water, birds, and species typical of Florida (e.g.,
alligators and iguanas). Keywords such as walking paths (18.16 % of
entities identified as physical uses), dog parks (5.56 % of entities iden-
tified as entertainment values), athletic fields (5.66 % of entities iden-
tified as physical uses), and playgrounds (17.89 % of entities identified
as entertainment values) were representative labels for entertainment
and physical use CES to the public. Our word clouds (Table 1) also
highlighted the different characteristics and roles that the UGS played in
promoting other CES that include spiritual symbols, bequest and heri-
tage values, and the educational and scientific research value of wild
species and landscapes.

3.2. Spatial pattern of CES across UGS

Among all 10 analyzed CES, physical uses (46.29 % of reviews, N =
14,166), entertainment values (44.4 %, N = 13,599), aesthetic values
(36.8 %, N = 11,269), and experiential uses (16.6 %, N = 5,073) were
the most characterized and thus abundant CES across our studied UGS.
However, there was substantial spatial heterogeneity in the number of
CES-related reviews across UGS, with disproportionally more CES-
related reviews in large and popular UGS (Fig. 1b). Further examina-
tion of the number of CES categories similarly showed spatial variations
(Fig. 1¢), with an average presence of 4.14 CES types across all UGS
(standard deviation = 1.83). For example, compared to other UGS, Ev-
erglades Holiday Park, one of the most popular parks offering rich op-
portunities for airboat tours and animal encounters in our study region,
showed the most noticeable presence of CES, with the highest number of
both CES-related reviews (4,819) and total reviews (5,480). In exam-
ining the specific CES, Diamond Head Park of Cooper City stood out with
presence of only aesthetic value (i.e., all CES-related reviews were
attributed to this CES). The educational value CES was best represented
by the Plantation Preserve Park and Linear Trail of Plantation, where a
notable 28.6 % of its CES-related reviews were attributable to the
nature-related experiences and conservation knowledges of UGS. Hot-
spot of entertainment value CES was found at the Lafayette Hart Park,
where all CES-related review focused solely on recreational activities.

Our results further show an overall positive relationship between
total extracted reviews and total CES-related reviews (Fig. A3a in the
Supplement). Similarly, significant logarithmic positive relationships
were found between the number of CES types vs. total reviews (Fig. A3b
in the Supplement) and total CES-related reviews (Fig. A3c in the
Supplement), suggesting that UGS with more CES-related reviews ten-
ded to provide a more holistic set of CES.

3.3. CES tradeoffs, synergies, and bundles

Overall, there were more positive correlations among different CES
in UGS than negative correlations, indicative of more occurrences of
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synergies rather than tradeoffs among CES (Fig. 5 and Fig. A4). Spe-
cifically, CES of aesthetic value and educational value both showed
positive correlations with six other CES (e.g., with bequest, existence
value, experiential use, heritage value), and similarly, CES of existence
value and experiential use also showed positive correlations with five
other CES. In contrast, physical use CES showed negative correlations (i.
e., tradeoffs) with four CES (e.g., aesthetic value, bequest value, enter-
tainment value, and experiential value) (Fig. 5), and likewise, enter-
tainment value also showed negative correlations with three other CES,
such as aesthetic value, physical use, and symbolic value (Fig. 5). Across
all CES, scientific value showed the least significant correlations
(regardless of direction), which could potentially suggest a weaker
tendency to spatially co-exist with other CES compared to other services.

Our cluster analyses showed that using six clusters best captured the
variation in UGS based on the percentage of CES-related reviews. This
was evident from the highest silhouette width index values of 0.228 for
all UGS and 0.185 for the top 25 % of UGS. Consequently, we classified
UGS into six groups, each representing a distinct CES bundle type. UGS
belonging to the same CES bundle showed similar CES supply patterns
(Fig. 6a of the top 25 percentile of UGS, and Fig. A5a of all UGS). For
example, as for the two most frequent bundle types mapped onto the top
25 percentile of UGS, Bundle 1 (Fig. 6b, accounting for 39.0 % of
selected UGS, N = 41) was characterized by dominance of aesthetic
value, heritage value, and existence value yet with lower presence of
bequest value. Bundle 2 (Fig. 6¢, accounting for 41.0 % of those UGS, N
= 43) comprised UGS that had very high entertainment value but with
low symbolic value. Bundle 3 (Fig. 6d, N = 2) comprised UGS that had
low aesthetic and entertainment values. UGS of Bundle 4 (Fig. 6e, N =9)
provided abundant aesthetic value and bequest value, with less presence
of entertainment value, symbolic value, and physical use service. Bundle
5 (Fig. 6f, N = 2) encompassed UGS that had below average scientific
value and entertainment value, but high bequest value. UGS in Bundle 6
(Fig. 6g, N = 8) were found to provide moderate-to-high levels of almost
all types of CES, except for physical use. Similar CES bundle results were
found for analyses conducted across all UGS (Fig. A5).

3.4. Factors driving spatial pattern of CES across UGS

Our analysis indicated that spatial clustering of model residuals was
not evident in most areas, with residuals randomly distributed, sug-
gesting that GRF effectively addressed spatial heterogeneity in most UGS
(Fig. A6 of the Supplement). The global variable importance scores from
the random forest in Fig. A7 of the Supplement and the average local
importance values from the GRF model in Fig. 7a were analyzed to
identify key predictors. Variables with the highest importance scores in
both analyses—total area of UGS, tree cover percentage, biodiversity
proxy, and mean NDWI index of UGS—were found as the most influ-
ential predictors of CES diversity across UGS. Moreover, the local model
offered a spatially explicit representation of how the importance of
variables differed across different UGS, as shown in Fig. 7b. Among
these factors, tree cover percentage (25.4 % of UGS) and total UGS area
(23.9 % of UGS) similarly served as the most important predictors.
Interestingly, for the Everglades Holiday Park, which had the most
abundant CES-related reviews, biodiversity proxy was the factor that
most significantly influenced people’s appreciation and enjoyment of
different CES.

For four key CES categories, UGS size was consistently the most
influential factor (21.05-27.23 % relative importance), aligning with
overall CES diversity results. Biodiversity and tree cover served as
particularly significant for aesthetic and experiential value, respectively,
highlighting how different factors could influence specific CES values.
Detailed results for individual CES categories are provided in Appendix
S6 and Fig. A8.
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Fig. 5. Correlation matrix for the proportion of various cultural ecosystem service (CES)-related reviews to the total (Top 25 % UGS of most CES-related reviews).
The results of all UGS can be found in Fig. A4 in the Supplement. Each cell contains the correlation coefficient followed by the significance level (*** for p < 0.001, **

for p < 0.01, and * for p < 0.05).
4. Discussion

4.1. Characterizing CES of UGS using machine learning methods and
crowdsourcing data

By integrating machine learning approaches with extensive online
reviews, we explored spatial patterns among a wide range of CES across
different UGS and investigated the relative importance of various social
and ecological factors that underly CES provision in UGS. Our study
holistically investigated a portfolio of essential CES, their spatial pat-
terns and interactions and determine how the interplay of different
factors collectively influence the presence, supply, and diversity of CES
across UGS, which is necessary for optimizing urban landscape design
and achieving their multifunctionality. In addition, our corpus of CES
based on multiple and complementary sources of crowdsourcing textual
review datasets and advanced NLP techniques provided novel insights
into the perception, use, and provision of multiple CES, which remain
thus far less well understood. Further, our research also highlights
spatially explicit implementation of machine learning methods by
incorporating spatial dimensions and metrics directly into the modeling
process of GRF. In tandem, our findings offer a more data-driven un-
derstanding of CES, moving beyond traditional survey-based methods to
capture real-world user experiences at scale (Li et al., 2024; T. Zheng
et al., 2024). Our research provides a framework to quantify and un-
derstand spatial patterns and interactions among CES, which can be
applied to other landscape contexts besides urban settings, such as
protected areas, national parks, or others.
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4.2. Understanding of CES synergies and tradeoffs in UGS

Our research revealed more frequent occurrences of CES synergies
than tradeoffs, indicating opportunities to manage UGS to simulta-
neously enhance multiple CES. Such results were conceptually similar to
previous findings in other urban landscape contexts (e.g., Cheng et al.,
2022). Specifically, the strongest positive synergies occurred in the in-
teractions between aesthetic value and experiential value, which indi-
cated that aesthetic enjoyment and some of the nature-focused
recreational activities like observing wildlife highly overlap with use of
urban parks. Management efforts, or interventions to improve aesthetic
value of UGS are likely to enhance experiential value as well as other
positively correlated CES (e.g., existence value and heritage value CES).
Tradeoffs between aesthetic value vs. entertainment value and physical
use CES were revealed, suggesting that certain entertainment- or phys-
ical use-focused activities may detract from the appreciation of natural
beauty in UGS. These results align with our bundling analyses and with
previous findings that highlight how certain activities could redirect
people’s attention away from the surrounding natural environment,
potentially diminishing their capacity for aesthetic appreciation and
engagement with the visual qualities of the greenspaces (Korpela et al.,
2001; Schebella et al., 2017). It, to some extent, also alludes to the di-
chotomy between human-centered and nature-centered use and values
towards landscapes that include UGS (Sweikert and Gigliotti, 2019; van
Koppen, 2009).

Our analysis revealed the diversity and connections in the in-
teractions among CES in UGS, identifying six different CES bundles that
challenge current classification systems. Such understanding of complex
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indicates UGS for which no CES-related reviews were found.

CES interactions not only deepens our understanding of how people
perceive and value urban nature, but also provides urban planners and
managers with a powerful tool for optimizing greenspace design and
urban landscape management, allowing them to strategically enhance
synergies and mitigate tradeoffs among different cultural services
(Plieninger et al., 2015). A strong co-occurrence of aesthetic value with
spiritual-related values, particularly heritage, existence, and symbolic
values, was observed in greenspaces, aligning with Cooper et al. (2016),
who frequently coupled aesthetic and spiritual services, conceptualizing
both as psychological benefits derived from human-nature interactions.
According to our results, some of the CES found comparing to the di-
visions of current classification systems (i.e., CICES; Haines-Young and
Potschin-Young, 2018) such as cultural heritage preservation, aesthetic
appreciations, symbolic and existence interactions should rather be
classified in the spiritual division. In the case of CICES, for instance,
there are separate divisions for ‘physical and intellectual interactions’
and for ‘spiritual, symbolic and other interactions’.

4.3. Key factors underlying CES provision across UGS

Our results revealed that natural elements, particularly water and
vegetation features, tended to exert a positive effect on presence of
aesthetic CES in UGS. There is a growing consensus on the significance
of design in urban green and blue spaces, as these enhance the visual
aesthetic appealing and promote landscape satisfaction of urban resi-
dents (Gascon et al., 2015; Li et al., 2020). The presence of and
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engagement with green and blue spaces is a positive indicator in the
individualized or collectivized well-being, outdoor activities and pro-
environmental behaviors (van Heezik et al., 2021). Water features are
of particular importance due to their ability to captivate and evoke
pleasant mental images (Volker and Kistemann, 2015). Reflections in
water bodies could create a sense of spaciousness and tranquility,
enhancing the overall aesthetic appeal (Deng et al., 2020). Furthermore,
prioritizing trees, shrubs, and aquatic plants within greenspaces appears
to be essential for maximizing resident satisfaction (Paudel and States,
2023). These diverse plant forms contribute to a multi-sensory experi-
ence that positively impacts landscape perception.

Biodiversity can be perceived by people within UGS, which also
significantly influences CES by enhancing landscape aesthetics, pro-
moting a sense of place, and potentially improving wellbeing (Cameron
etal., 2020). Our study aligns with the findings of Qiu et al. (2013), who
determined that highly biodiverse areas may not be the most preferred,
with people often favoring more ornamental park settings that may have
fewer ecosystem services. For example, among the top ten UGS with the
highest biodiversity values, biodiversity served as the primary factor in
the provision of CES diversity for only two greenspaces. This result
highlights a potential conflict between recognizing the importance of
biodiversity and traditional aesthetic preferences for UGS that appear
neat and orderly. Thus, there needs to be a shift in how people perceive
biodiversity to foster greater appreciation for their importance in
ecosystem services provision. Importantly, our spatially explicit
perspective and GRF allows us to further disentangle spatial variations
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Mean NDWI of UGS 332
Mean NoVI of UGS R 4
Land cover: Grassland 3.00
Land cover: Herbaceous wetland 2.92
Land cover: Water 2.17

Human utility: Body of water 1.32

Variables

Human utility: Athletic facility 0.83
Human utility: Playground 0.81
Human utility: Picnic Area 0.77

Human utility: Walk Path 0.73
Human utility: Nature preserve 0.69
Human utility: Fitness center 0.62

Land cover: Mangrove 0.29

Human utility: Dog park{ 0.20
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Fig. 7. (a) Aggregated variable importance of geographical random forest for predicting the number of CES categories of UGS. (b) Spatial distribution of importance
of key factors for predicting the total number of CES categories present in each UGS. In the legend, “No data” indicates UGS for which no CES-related reviews

were found.

in the relative ranking of factors driving CES across UGS, highlighting
the importance of management and decisions at the scale of individual
UGS to target factors that are mostly locally-relevant for providing CES.

4.4. Implications for UGS sustainable planning and management

Overall, all policies and management strategies in UGS (e.g., public
facility planning and regional ecological protection) directed toward
influencing human use of landscape resources should meet the wellbeing
and cultural needs of the public (Dickinson and Hobbs, 2017). An in-
tegrated conservation strategy should be implemented that prioritizes
the preservation of high CES-diverse regions and biodiversity hotspots,
acknowledging potential spatial incongruences between these two
conservation objectives. In greenspace management and landscape
design, there is a strong need to develop ecological corridors within
public spaces that integrate human activities with wildlife habitats
(Beaugeard et al., 2021). A greater emphasis on landscape elements of
UGS includes more expansive green areas, employing techniques such as
multi-layered and vertical planting to maximize greenery, and
thoughtfully integrating water scenes to create visual connections with
the natural landscapes, which can lead to the simultaneous provision
and improvement of multiple CES in UGS (Li et al., 2020). The capacity
of greenspaces ecosystems and landscapes to supply direct or indirect
benefits to society has long been assessed in landscape planning (Dade
et al., 2020). Our study supports the view that a collaborative, inte-
grated, and holistic assessment and evaluations of CES should become
part of urban and regional landscape planning (Plieninger et al., 2013),
thus incorporating synergies and tradeoffs in the form of CES bundles in
relation to planning, design and management considerations.

4.5. Limitations and future research prospects

Our study addresses the under-investigated issues related to UGS and
its CES, and opens the door for future research. First, digital divides can

present challenges in researching the actual origin of landscape per-
ceptions and the inclusivity of representation from a broader population
through social media platforms (Cao et al., 2022; Hamstead et al., 2018).
Our analysis only included UGS visitors who were also users of those
review platforms. Therefore, further research is needed to investigate
whether preferences observed in crowdsourced data sources, such as
social media data, align with those identified in large-scale surveys
(Choudhry et al., 2015). Furthermore, while necessary for considering
representativeness and comparability based on the prior framework, this
scope of the specific definition and selection criteria for UGS (Miguez
et al., 2025) resulted in an analysis might not capture the full spectrum
of CES from all urban green infrastructure types. The detailed rationale
for these exclusions is provided in Miguez et al. (2025), and exploring
CES in those excluded spaces remains an avenue for future research.
Additionally, characterizing human utility based on specific amenity
features facilitated a large-scale assessment across numerous UGS. We
acknowledge that this characterization might simplify the complex re-
ality of utility provision and not fully capture nuances like feature
quality or size. Future research could employ more detailed metrics to
enrich human utility assessments. Second, the exploratory variables
were derived from a specific context in UGS of South Florida. A more
generalized set of indicators can be formulated by exploring other UGS
that vary in landscape elements and other socioeconomic contexts. This
broader investigation would enhance the applicability and robustness of
the findings across different geographic regions and social-
environmental contexts. For example, a future study could include
UGS across a climate gradient or different UGS in neighborhoods with
varying socioeconomic demographics. Third, manually labeling named-
entities to generate the initial corpus for CES-related entities is a time-
consuming and labor-intensive task. However, combining weak super-
vision with limited manual labeling or unsupervised NLP techniques
with knowledge bases could yield similarly convincing results while
reducing effort. Fourth, our findings challenge existing classification
systems (e.g., CICES) by revealing CES bundles that cross traditional
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categories. Thus, more future research is needed to determine whether
other UGS and urban areas also exhibit these similar CES bundles for the
sake of sensible classification frameworks (e.g., reconciling aesthetic/
spiritual divisions) and improve indicator applicability across diverse
urban landscapes.

5. Conclusion

Our study underscores the interactions among a wide range of CES in
UGS by exploring the spatial heterogeneity of these critical services and
their underlying drivers. Our results demonstrate the potential of inte-
grating machine learning approaches and crowdsourced data to under-
stand the complex relationships between UGS attributes and CES
provision. Three key findings emerged. First, aesthetic, entertainment,
physical, and experiential CES were the most characteristic UGS expe-
riences, indicating urban residents’ preferences of accessible recreation
and sensory perceptions with nature. Second, synergies among CES were
more dominant than tradeoffs. Third, factors such as UGS size, tree cover
percentage, biodiversity, and water features were found to be strong
predictors of CES diversity and provision. We envision a scenario in the
future where as municipalities attempt to increase and bolster ecosystem
services provided by UGS, and social media data, as demonstrated here,
could provide a valuable means for tracking progress towards these
urban policy and intervention goals. Our findings provide valuable in-
sights for UGS planning and management, emphasizing the importance
of conserving natural landscapes, promoting biodiversity, and incorpo-
rating human utilities to meet the community’s cultural needs and
enhance overall well-being.
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