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ABSTRACT

Under the combined pressures of global climate change and high-density urbanization, public open spaces (POSs)
are critical infrastructure for enhancing urban resilience. However, current "one-size-fits-all" design paradigms
often fail to meet users' adaptive needs. To bridge this gap, this study proposes a replicable theoretical and
analytical framework, which integrates spatial type, built environment, individual background, comprehensive
experience, and adaptive behavior to quantify how environmental features drive differentiated adaptive be-
haviors. Validating this framework using Lhasa, China, as a test-bed site, the study identifies spatial types
through multi-source data fusion and cluster analysis. Furthermore, it systematically verifies hypothesized
pathways using Partial Least Squares Structural Equation Modeling (PLS-SEM) and Multi-Group Analysis (PLS-
MGA). Empirical results confirm the robustness and interpretability of the framework. While the core psycho-
logical cognitive process: "attitude to perception to willingness to adaptive behavior of spatial” remains universal,
the framework sensitively captures the "context dependency" of the drivers behind adaptive behavior. Addi-
tionally, the study clarifies that the built environment exerts an indirect regulatory effect through psychological
mediators, rather than acting as a direct physical determinant. Consequently, this study advocates a paradigm
shift from "standardized supply" to "precision support." By providing a scalable research framework, this study
empowers policymakers and urban planners to formulate context-aware and resilient spatial governance stra-
tegies. These strategies can adapt to diverse geographical and cultural contexts.

1. Introduction

repeatedly emphasized as a key interface connecting natural and social
systems, playing a crucial role in supporting urban resilience (Luo et al.,

Under the dual pressures of global climate change and high-density
urbanization, the safety and environmental comfort of urban outdoor
spaces are facing unprecedented challenges (Riickle et al., 2025). The
increasing frequency and intensity of climate events, such as extreme
heat, torrential rain, drought, and the urban heat island effect, not only
make evident the limited response capacity of urban ecosystem but also
significantly affect residents' activity patterns and space use (Goodwin
et al., 2025) calling for a more systemic understanding of the influ-
ence on Public Open Spaces (POSs) (Han et al., 2022a). According to the
definition of UN—Habitat (2018), POSs refer to all outdoor areas in
cities that are freely accessible to the public and used for recreation,
social interaction, and ecological regulation, including plazas, parks,
streets, and community green spaces UN—Habitat (2022). In the field of
urban sustainable development and climate adaptation, POSs are
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2025b) potentially contributing to alleviate the effects of climate-related
stressors (Mahmoud & Elbardisy, 2023), and promote residents' health
and social cohesion becoming core urban infrastructure for addressing
climate change (Koohsari et al., 2015; Riickle et al., 2025).

In contrast to this ideal role, the design and renovation of POS sys-
tems often follow in many cities global-trend-driven homogenized
design solutions (Senderos et al., 2025) that directly apply generic
principles or mechanically replicate so-called "successful cases,"
repeatedly applying similar materials, facilities, and spatial layouts to
different types of POS in different contexts and conditions (Abu-Rayash
& Dincer, 2021; Huovila et al., 2019). While this approach improves
construction efficiency in the short term, it tends to weaken the space's
responsiveness to local climate characteristics, cultural contexts, and
functional needs in the long term (Goodwin et al., 2024; Kang et al.,
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2024). On the other hand, with the intensification of climate change and
the continuous transformation of population structure, the usage envi-
ronment of many POSs has deviated significantly from their original
design assumptions (Shi et al., 2025) that often are no longer able to
meet the new requirements for comfort and safety (Carmona, 2021).
Since the objective physical environment is difficult to adjust completely
in the short term, space users are gradually becoming proactive "adap-
tive subjects" in response to environmental changes (Warrick et al.,
2017).

"Adaptive behavior" is defined as a set of behavioral adjustment
strategies that individuals actively adopt to maintain their intended
activity goals and a comfortable experience. These strategies may
include adjusting the timing of activities, moving to different locations,
or substituting one activity with another (Bixler et al., 2021; Engle,
2011). This concept emphasizes an individual's proactive ability to
adjust to environmental constraints rather than simply reacting
passively (Lindell & Prater, 2003; Zaalberg et al., 2009). It is important
to note that seemingly scattered individual actions at the microscale can
produce clear aggregation effects at the scale of the whole city (Cruz
et al., 2021). When many users face similar environmental pressures
and adopt similar adaptive strategies, individual adjustments accumu-
late across space and time. These repeated actions gradually form col-
lective behavior patterns with systematic characteristics over time
(Kopp & Pérez del Pulgar Frowein, 2024). For example, under condi-
tions of high temperature or strong solar radiation, users often adjust
their activity times, reduce activity intensity, or move to areas with
better shade, ventilation, or greenery to reduce environmental exposure
(Engle, 2011; Sang et al., 2025). When many users adopt similar stra-
tegies, the spatial distribution of people and the density of activities
within POSs may change. At the same time, areas with better microcli-
matic conditions may attract more use. As these individual adaptive
behaviors continue to accumulate, relatively stable patterns of space use
can gradually emerge (Borzino et al., 2026). Therefore, urban climate
adaptation should not rely solely on large-scale planning and physical
interventions. It is also important to understand how individuals adjust
their behavior in daily activities. These micro-scale responses form an
important foundation for the resilience of POSs and the wider urban
system under climate pressure (Jiang et al., 2026).

However, current planning and renewal practices for POSs still rely
to some extent on standardized or experience-based design approaches.
This "one-size-fits-all" design and fixed-space supply logic are gradually
becoming disconnected from users' dynamic, changing needs (Clemente,
2023; Han et al., 2024). This structural contradiction not only leads to
problems such as low utilization efficiency, functional degradation, and
even spatial idleness in many POSs, but also fundamentally weakens
their resilience in responding to climate change (Kang et al., 2024). At
the same time, urban research in recent years has made significant
progress in areas such as thermal comfort, urban microclimate, and
environmental exposure. These studies provide an important empirical
basis for understanding how the built environment influences POS use.
However, most of these studies still focus on identifying direct re-
lationships between built environment attributes and behavioral out-
comes. A growing body of recent studies suggests that objective
environmental conditions do not directly determine user behavior,
instead, behavior develops gradually through a series of psychological
processes, including multiple stages such as attitudes, perceptions, and
willingness (Giles-Corti et al., 2016; Hunter et al., 2019).

In this context, simply relying on large-scale reconstruction or
comprehensive renovation is neither in line with the reality of resource
constraints nor with the principles of sustainable development (United
Nations DPI, 2017). Therefore, there is an urgent need to explore
users' adaptive behavior within the existing physical spatial conditions
by diagnosing and optimizing the built environment elements of POSs
(Han et al., 2022b).
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1.1. Literature overview

In the field of urban and environmental studies, the correlation be-
tween the built environment and behavior can usually be objectively
measured (Han et al., 2022a; He et al., 2024). being the built environ-
ment defined as a physical spatial system constructed and organized by
humans, including the overall human settlement environment composed
of buildings, roads, open spaces, public facilities, and basic infrastruc-
ture (Frank & Engelke, 2001; Jackson & Kochtitzky, 2012), encom-
passing the conditions that influence human activities (Liu, 2023),
travel, and experiences (Frank & Engelke, 2001). Within this consensus,
numerous empirical studies have examined the correlation between
specific built environment elements and general behavioral indicators
(Luo et al., 2025b). For example, studies have confirmed that higher
green view rates are positively correlated with longer dwell times and
the incidence of positive social interactions (Hegetschweiler et al.,
2017), while morphological indicators such as building density and
street height-to-width ratio significantly affect pedestrian path selection
and spatial distribution density (Elzeni et al., 2022; Yoshihara et al.,
2021). However, such studies often adopt a static, cross-sectional
analytical paradigm (Zhang et al., 2021), treating the environment as
a stable, unchanging background condition and simplifying complex
behaviors into single outcome variables. While this paradigm reveals
correlations, it fails to capture how POSs, as a complex system,
dynamically guide and shape users' adaptive behaviors in response to
dynamic environmental pressures, such as extreme weather events or
sudden crowd congestion (Wilson et al., 2020).

In recent years, research in environmental psychology has increas-
ingly emphasized the key bridging role of comprehensive experience in
the relationship between environment and behavior (Gu et al., 2022;
Peng, 2022) that refers to the overall psychological experience that in-
dividuals form when interacting with environmental conditions (Yang
et al., 2023b). Scholars in this field generally agree that human
behavior is not a simple reaction to physical environmental stimuli, but
it develops gradually through a series of psychological processing stages
(Li et al., 2025). Within this theoretical context, the "stim-
ulus-organism-response (S-O-R)" framework has been widely used to
explain how environmental factors influence behavioral decisions
through internal psychological states (Erul et al., 2024; Sultan et al.,
2021). In urban and built environment research, the S-O-R framework
is often used to describe the psychological process by which environ-
mental stimuli elicit behavioral responses. (Grapas et al., 2025). Or-
ganism refers to the comprehensive experience formed when individuals
receive and interpret environmental information (Bower et al., 2019;
Yuan et al., 2023). To explain this comprehensive experience in more
detail, recent studies have further divided the organism component into
several sequential stages. One commonly used framework is the "atti-
tude-perception-willingness" (Gao et al., 2022), where attitude refers to
the initial evaluation or overall orientation that users form upon
entering a space, including basic judgments about safety, cleanliness, or
the overall environmental impression (Balai Kerishnan &
Maruthaveeran, 2021). As users begin to use the space, they then
develop more specific perceptions through direct interaction with the
environment reflecting experiential cognition and emotional evaluation,
such as feelings about spatial comfort, environmental quality, or func-
tional support (Nian et al., 2025). Based on these experiences, users
develop behavioral willingness, which refers to the intention or readi-
ness to adopt specific behavioral strategies in a given context (Borzino
et al., 2026). However, this mediating role is often oversimplified in
practice with (Han et al., 2021). Most studies reducing this compre-
hensive experience to a single indicator, such as overall satisfaction,
thermal sensation vote (TSV), or thermal comfort vote (TCV) (Yang
et al., 2025). Although this approach makes quantitative analysis
easier, it overlooks the complex process linking environmental stimuli,
psychological processing, and behavioral decision-making. As a result,
existing studies can often determine whether environmental variables
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influence behavior but struggle to explain why the same environment
may lead to different perceptions and behavioral responses among users.
In this context, behavioral adaptation has been proposed as an
important link between environmental change and the response of social
systems (Jiang et al., 2026), and it has been introduced to explain how
individuals regulate their actions in response to environmental stimuli
such as heat stress (Niu et al., 2022), intense solar radiation (Yang et al.,
2023a), or crowding (Peng, 2022). This lines of research effectively
answers the question of "what people do under specific environmental
stresses". However, its limitation is that these behaviors are often iso-
lated from specific spatial contexts, which prevents a linkage between
adaptive behaviors and the structural characteristics of the built envi-
ronment across different types of POSs. In other words, although the
academic community knows "how users adapt" (Motomura et al., 2022),
it is still unclear "what built environment characteristics, under which
POS types, promote or hinder specific adaptive behaviors".
Furthermore, some scholars have called for attention to the typo-
logical differences among POSs, noting that treating them as homoge-
neous spaces may lead to overconsider their distinct spatial forms, social
functions, and cultural contexts (Yang et al., 2023a). For example, urban
squares (Martinelli et al., 2015), community parks (Niu et al., 2022), and
waterfront promenades (Ma, 2023) differ significantly in their purposes
of use, behavioral rhythms, and degrees of environmental exposure.
These differences suggest that environmental stimuli, users’ compre-
hensive experience processes and patterns of space use, may vary across
different types of POSs. Although the S-O-R framework provides an
important theoretical basis for understanding the relationship between
environment and behavior, comprehensive experience may not always
appear stable or consistent in complex real-world situations. As a result,
some relationships may vary across contexts or even become insignifi-
cant under certain conditions. This suggests that, in specific research, it
is necessary to understand the relationship between environment,
experience, and behavior from a more contextual perspective.

1.2. Research gaps and hypotheses

While existing research has made progress in its respective fields, it
still looks fragmented in the perspectives, rarely considers the spatial
context, and often oversights of the crucial moderating role of "space
type" in this complex causal chain Hou et al. (2024). This not only makes
the process of "how the environment triggers adaptive behavior" unclear
but also makes it difficult to translate existing research findings into
actionable adaptive design strategies effectively. Therefore, the need for
a comprehensive framework systematically integrating the relationship
between the built environment, users’ comprehensive experience, and
adaptive behavior, is emerging as a priority to reveal how POSs influ-
ence comprehensive experience and drive users' adaptive behavior in
the context of climate change.

This theoretical gap suffers from the following issues:

— Research perspectives are mostly limited to correlational analyses
of static environments and universal behaviors, making it difficult
to capture users' adaptive behavior processes under dynamic
pressures such as climate change (Bixler et al., 2021).

— Users’ comprehensive experience is often simplified to a single
psychological indicator, which fails to elucidate the intrinsic
psychological process of "environmental stimulus - psychological
processing - adaptive response" (Schreuder et al., 2016).

— The moderating effect of spatial type on environmental impact is
rarely considered, making it difficult to explain why the same
design intervention can have opposite effects across different
POSs (Hou et al., 2024).

— A lack of an integrated "space - experience - behavior" evidence
system that directly supports urban climate-adaptive design and
transformation.
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This study takes the following core scientific question as its starting
point: “Do the built environment characteristics of different types of
POSs ultimately guide differentiated adaptive behavior patterns by
influencing users' comprehensive experience?” To answer this question,
this study proposes a set of structured research hypotheses (H), which
together constitute operational exploration and a potential answer to the
core question:

HO. POSs can be identified and classified into several significantly
distinct space types based on the systematic differences in their built
environments.

H1. POS type significantly moderates the effects of the processes from
the built environment to comprehensive experience and from compre-
hensive experience to adaptive behavior.

H2. Users’ comprehensive experience plays a significant mediating
role between the built environment and adaptive behavior.

H3. Individual background factors influence the performance of both
comprehensive experience and adaptive behavior.

To address the above hypotheses, this study aims to construct and
test a theoretical framework that integrates the processes of "built
environment - comprehensive experience - adaptive behavior" and in-
corporates "space type" as a core moderating variable. The overall
workflow is shown in Fig. 1. By identifying the core environmental el-
ements and key psychological processes driving adaptive behavior
under different space types, this study aims to provide a scientific basis
for developing precise and efficient design intervention and spatial
optimization strategies under limited resource supporting policymakers'
and urban planners' decision-making (Hou et al., 2024).

2. Methodology
2.1. Conceptual model design

This study integrated the theoretical foundations of three major
fields: environmental psychology (Kang et al., 2024), urban design
(Koohsari et al., 2015), and behavioral geography (Guzman et al., 2026;
Zhang et al., 2021). Its core framework was based on the “Stimulus -
Organism - Response (S-O-R)” framework. This study developed the
above framework, constructing a comprehensive conceptual model that
includes mediating and moderating effects. In this model, the built
environment characteristics of POSs served as external stimuli (S), the
user's comprehensive experience represented the internal psychological
processing (O), and the user's adaptive behavior reflected the final
response outcome (R). The core process of this model is shown in Fig. 2
assuming the following definitions:

Stimulus (S): The built environment referred to the physical envi-
ronment shaped by spatial form and functional attributes (Frank &
Engelke, 2001). In this study, the Built Environment (BE) was oper-
ationalized through objective quantitative indicators (Koohsari et al.,
2015). Details of indicator construction and calculation are provided
in Section 2.2.

Organism (O): Comprehensive experience described the affective,
cognitive, and intentional responses individuals exhibited when exposed
to specific spatial stimuli (Schreuder et al., 2016). In this study, the
Comprehensive Experience (CE) was defined as a higher-order variable
composed of three subdimensions, all measured using a five-point Likert
scale:

— Attitude (A): overall evaluation of the POSs’ safety, cleanliness, and
comfort.

— Perception (P): direct sensory cognition of the POS's atmosphere,
order, and environmental features.
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Fig. 1. Overall workflow of the study.

Fig. 2. Core structure of the conceptual model.

— Willingness (W): behavioral intentions such as staying, socializing,
or revisiting.

Response (R): Adaptive behavior was defined as strategies in which
individuals actively adjusted their activity patterns to cope with envi-
ronmental stress, thereby maintaining comfort or achieving behavioral
goals (Engle, 2011; Warrick et al., 2017). In this study, the Adaptive
Behavior (AB) was measured via two composite dimensions:

— Adaptive Behavior of Temporal (AB-T): flexibility in time-related
decisions, such as changing the visiting period or adjusting the
length of stay (Pintos-Toledo et al., 2024).

— Adaptive Behavior of Spatial (AB-S): adjustments in spatial use,
including shifts in movement range, preferences for rest areas (e.g.,
shade or ventilation), and changes between dynamic and static ac-
tivity types (Han et al., 2022a).

Moderating and Control Variables: to strengthen the model’s
explanatory power across different contexts, two auxiliary variables
were included:

— Spatial Type (ST): a moderating variable used to classify POSs with
similar form and function, enabling the detection of differences in
process effects across spatial structures.
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— Individual Background (IB): a control variable covering sociodemo-
graphic attributes such as gender, age group, ethnicity, and place of
residence, included to reduce sampling bias and test heterogeneity.

Based on these definitions, this study proposed the following hy-
pothesized causal pathways (‘pathway' and 'path' herein refer to influ-
encing processes involving direction and effect size (Chan et al., 2017),
rather than physical routes), where BE drove AB through the mediation
of CE. This process was moderated by ST and controlled by IB.

The overall methodology framework is shown in Fig. 3 and consists
of three main stages: Data collection, Data processing, and Data analysis.

During the data collection stage, a multi-stage survey approach is
adopted including pre-field work online, fieldwork, and post-field pro-
cess (see Fig. 4). The research team worked in two groups allowing the
collection of both objective environmental and users’ subjective data
simultaneously. During data processing, multi-source data were inte-
grated and cleaned using image semantic segmentation and variable
standardization. A database was constructed for subsequent statistical
analysis. In the data analysis stage, Principal Component Analysis (PCA)
and Exploratory Factor Analysis (EFA) were used to examine the
structure of the variables. On this basis, a PLS-SEM model was applied to
identify the key paths linking BE, CE, and AB, and to compare differ-
ences across POS types. It should be emphasized that the design and
measurement of all indicators in this methodology were based on a
human scale. The focus was on environmental elements that users can
directly perceive and experience during their daily activities. Detailed
descriptions of each individual step of the methodology are reported in
the following sections.

2.2. Measurement, quantification, and typology identification of the built
environment

To support the quantitative verification of the BE in the conceptual
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model, this study constructed a multi-dimensional BE indicator system.
This system referenced the theoretical foundations and quantitative
logic of urban morphology (Elzeni et al., 2022) and environmental
psychology (Bower et al., 2019; Ito et al., 2024). Five thematic di-
mensions (spatial layout, culture and landscape, functional supply, po-
tential social support, and management maintenance) and 17 indicators
were determined to systematically characterize the physical environ-
mental characteristics of POSs (Li et al., 2016; Shen et al., 2024).

To ensure data integrity and verifiability, this study employed a
multi-source fusion approach using four types of data sources to collect
BE indicators, including: @ Field survey records; @ OpenStreetMap-
based data; ® Street view images; @ On-site photograph images.
Different data sources complemented each other during data collection,
thereby improving the reliability of the measurements. As shown in
Fig. 4a, the BE data collection process consisted of three stages. First,
during the pre-field work stage, basic spatial information of the study
area was obtained from OpenStreetMap (https://www.openstreetmap.
org/). This included the boundaries of POSs, road structures, building
forms, and characteristics of the surrounding built environment. Based
on this information, fieldwork sampling areas were identified. At the
same time, street view images were collected through the Baidu Street
View Image API. Images were extracted at 30-meter intervals along the
street networks. Second, during the fieldwork stage, Group A conducted
on-site environmental recording at each sampling point. This included
recording precise coordinates and on-site environmental characteristics
using a predesigned quick checklist (the details were provided in the
Appendix Tables B1 and B2). On-site photograph images were also taken
to capture the actual environmental conditions of the space. These
photographs were used to verify and supplement the street view data
and to correct possible errors caused by outdated images or visual
obstructions.

In the data processing stage, the SegNet deep learning semantic
segmentation algorithm (Badrinarayanan et al., 2017) was used to

Fig. 3. Overall framework of the methodology.
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Fig. 4. Workflow of data collection and image segmentation process: (a) Multi-stage data collection and integration; (b) Image processing based on SegNet deep

learning semantic segmentation.

classify and recognize the images, extracting the pixel proportions of
elements including sky, greenery, roads, sidewalks, building facades,
vehicles, and crowds. By calculating the pixel-area ratio for each cate-
gory, key exposure indicators, such as the sky visibility factor, green
view rate, and hard-paving rate, were further derived. This process was
completed in batches in a Python environment, and the processing
procedure was illustrated in Fig. 4b. The main objective of this phase
was to extract environmental exposure indicators, such as the sky view
factor and the green view index. Therefore, SegNet was selected due to
its ability to reliably identify the broad environmental elements required
for indicator extraction and to support batch processing of large image
datasets. Then, all field measurement data and image recognition results
were imported into the ArcGIS platform for spatial positioning and data
cleaning (Li et al., 2016). Consistency of multi-source data was achieved
through a unified projected coordinate system, resampling, and stan-
dardization (Z-score standardization). Subsequently, POSs were used as
basic units for vectorization, integration, and mean aggregation to
generate a database of BE indicators suitable for statistical analysis.
Detailed definitions, measurement methods, and interpretations of all
indicators were shown in Table 1. In this table, to ensure conciseness and
consistency in variable citation, each BE indicator was assigned a unique
and non-repeatable abbreviation code; this coding principle also was
applied to the indicators in Section 2.3.

In addition, to examine the moderating effect of "space type" in the
model, POSs were required to be objectively classified to identify sys-
tematic differences in environmental characteristics among them. This
typological classification based on quantitative characteristics effec-
tively avoids the bias of subjective classification. Therefore, this study
conducted a cluster analysis based on the BE indicator system developed
in this section to classify POSs into different STs. In terms of method-
ology, a combination of hierarchical clustering and K-means clustering
was used to identify space types. First, Euclidean distance was used as
the measure of similarity, and hierarchical clustering was performed
using Ward's Minimum Variance method to identify potential cluster
structures (Esfandi et al., 2022). Next, the optimal number of clusters
was determined by considering both the silhouette coefficient and the

interpretability of the ST. The classification results were then further
refined using the K-means algorithm. The final space types were used as
moderating variables in the subsequent model analysis.

2.3. Data collection and quantification methods for subjective users

To verify the roles of the CE and AB components in the conceptual
model, this study designed and implemented an on-site questionnaire
survey targeting POS users. Detailed definitions, measurement methods,
and interpretations of all indicators were shown in Table 2. The ques-
tionnaire indicators were designed based on relevant literature in
environmental psychology and were consistent with the S-O-R concep-
tual model proposed in this study (Sultan et al., 2021). This database
comprised three modules, each corresponding to the pathway in the
conceptual model.

— IB: Recorded the basic sociodemographic information of users and
was included in the subsequent statistical analysis as categorical
variables (Hasegawa & Lau, 2022).

— CE: Measurement items were designed around three dimensions: A,
P, and W. These items captured users’ experiences formed under
environmental stimuli. The indicators were measured using a 5-point
Likert scale and were treated as approximately continuous variables
in the statistical analysis (Fatahi et al., 2025).

— AB: This focused on two dimensions: AB-T and AB-S, to quantify
users' behavioral adjustment strategies under environmental pres-
sure or changes in spatial conditions (Xu et al., 2026). The response
categories reflected different forms of behavioral responses rather
than a linear scale of higher or lower quality. To facilitate subsequent
analysis, these behavioral categories were coded numerically from 1
to 5 and were treated as ordinal variables.

During the fieldwork stage, as shown in Fig. 4a, Group B was
responsible for distributing questionnaires and conducting user in-
terviews. Group B’s researchers approached users who were actively
using the selected POS sites and invited them to participate in the



Z. Luo et al.

Table 1

Names, data sources, and quantification methods of various indicators of the BE.

Sustainable Cities and Society 147 (2026) 107532

Dimension Code Indicator name Data Mathematical formula and symbol definitions
source
Spatial layout BEI1 Street Height-to-Width Ratio (Jim & Chen, ®D,® BEI — 1 Zn E
2010) n Z<i=1 W,
n: Total number of sampling points
H;: average building height at sampling point i (m)
W;: street width at sampling point i, measured between building facades (m)
BEI2 Sky (?penness Rafiof (Nian et al., 2025; ®,® BEI2 — P‘i % 100%
Yoshihara et al., 2021) total
Pg,: Total number of pixels identified as "sky."
Piorqr: Total number of pixels in the image
BEI3 Facade Continuity (Ito et al., 2024; Yoshihara ®,® n —\2
etal,, 2021) BEIS — M
Ryp;: Ratio of building pixels in image i
R,: Mean ratio of building pixels across all samples
n: Total number of sampling points
Culture and landscape BEcl Green View Index (Han et al., 2024; Nian et al., ®,® BEcl — @ % 100%
2025) total
Pyg: Total number of pixels identified as "vegetation."
BEc2 Visual Element Diversity (Ito et al., 2024; @] BEc2 — Netements
Yoshihara et al., 2021) total
Neiements: Total number or types of visible landscape elements
Ayorar: Total area of each spatial unit
BEc3 Cultural Facility Density (Luo et al., 2025a) D, BEc3 — Neyitural
total
Neyiura: Total number of cultural facilities (e.g., public sculptures,
monuments, churches, temples, museums)
Functional supply BEf1 Public Activity Facility Density (Song et al., ® Naceivity
20 BEf1l = —S
2025) Avotal
Naciiviey: Total number of public activity facilities (e.g., benches)
BEf2 Convenience Facility Density (Koohsari et al., D, BEf2 — M
2015) Atotal
Niervice: Total number of service facilities (e.g., nursing rooms, service stations,
restrooms)
BEf3 Waste Bin Density (Ito et al., 2024) @ BEf3 — M
total
Np;n: Total number of waste bins
BEf4 Informal Social Node Density (Song et al., 2025;  ®,®@ BEf4 — Niocial
Xu et al., 2022) A : .
’ Niociar: Total number of informal social nodes (e.g., tea houses, cafes, bars)
Potential social support BEs1 Presence of Mobile Vendors (Guzman et al., @] BEsl — { n, if present
2026; Xu et al., 2022) 0, if absent
Measured as a dummy variable (0) or count variable (n); n indicates presence,
0 indicates absence
BEs2 Pedestrian Density (Song et al., 2025) ®,® BEs2 — Phuman % 100%
total
Phuman: Total number of pixels identified as "human"
BEs3 Walkability (Zhang et al., 2019) @, BEs3 — 1 Zri <Wsideway<,,~>
nr ~~i=1 \ Wroad,i
nr: Number of sampled road segments
Wiidewalk i+ Width of the sidewalk at segment i
Wioadi: Total width of the road at segment i
Management and BEm1 Traffic Safety Facility Ratio (Yoshihara et al., ® BEm1 — Lguardrait
maintenance 2021) Lyroad
Lguardrat: Total length of pedestrian/vehicle guardrails
Lyoqq: Total length of the road
BEm2 Surveillance Facility Density (Ito et al., 2024) @] BEm2 — Neamera
total
Negmera: Total number of surveillance cameras
BEm3  Public Firefighting Facility Density (Xu et al., ® BEm3 — Niire
2022) Atotal
Npire: Total number of firefighting facilities
BEm4 Security Post Density (Ito et al., 2024) @, BEm4 — Npost

total
Npost: Total number of security posts/checkpoints

Note: @ OpenStreetMap-based data; @ Field survey records; ® Street view images; @ On-site photograph images.

survey. The questionnaires were completed during on-site interviews,
with researchers assisting respondents as needed. To ensure that the
subjective questionnaire data could be spatially matched to the BE
measurements, the precise coordinates of each questionnaire were
recorded at the time of collection.

During the post-field work stage, all questionnaire data were coded
and cleaned. This included removing questionnaires with substantial

missing information or logical inconsistencies to ensure data quality.
The cleaned questionnaire data were then imported into the ArcGIS
platform for spatial positioning and integration. On this basis, the
questionnaire variables were standardized, and an integrated database
was constructed for subsequent statistical analysis.
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Table 2

Indicator names and explanations for subjective user data.

Dimension

Code

Indicator name

Explanation and measurement
scale

Individual
Background
(IB)

Attitude
(A)

Perception

P)

IB1

1B2

1B3

1B4

Al

A2

A3

A4

A5

P1

P2

P3

Age

Gender

Ethnicity

Residential
Location

Perceived
Cleanliness

Maintenance and
Upkeep Quality

Perceived Safety

Spatial
Orientation
Clarity

Perceived
Crowdedness

Facility
Completeness

Landscape
Diversity

Functional
Supportiveness

Represents the respondent’s
actual age, used to control for
potential differences in spatial
experience and behavioral
responses across age groups.

(1 <18;2=18-30; 3 =31-40; 4
= 41-50; 5 = 51-60; 6 > 60)
Records the respondent’s gender
to analyze differences in
environmental perception and
adaptive behaviors across gender
groups.

(1 = Male; 2 = Female)

Reflects the respondent’s ethnic
affiliation, used to explore how
cultural background differences
influence spatial perception and
usage patterns.

(1 = Majority ethnic group; 2 =
Local ethnic minority group; 3 =
Other ethnic groups /
international visitors)

Indicates the respondent’s
primary area of residence, used to
control for the influence of
geographic or urban context on
experience and behavior.

(1 = This neighborhood; 2 = This
city; 3 = Other cities in this
region; 4 = Other cities in this
country; 5 = Other countries)
Reflects users’ general perception
of the cleanliness and
maintenance of the space.

(1 = Not at all satisfied; 2 =
Slightly satisfied; 3 = Neutral; 4
= Very satisfied; 5 = Strongly
satisfied)

Measures users’ subjective
evaluation of the quality of daily
maintenance and hygiene
management.

(1 = Not at all satisfied ~ 5 =
Strongly satisfied)

Indicates users’ overall judgment
of safety assurance and risk
control within the space.

(1 = Not at all satisfied ~ 5 =
Strongly satisfied)

Reflects how easily users can
orient themselves, recognize
entrances, and navigate within
the space.

(1 = Not at all satisfied ~ 5 =
Strongly satisfied)

Measures users’ subjective
perception of crowding and
spatial density.

(1 = Not at all satisfied ~ 5 =
Strongly satisfied)

Represents users’ perception of
the adequacy and completeness
of facilities and public amenities
in the space.

(1 = Not at all satisfied ~ 5 =
Strongly satisfied)

Reflects users’ direct perception
of the diversity of natural and
artificial landscape elements.

(1 = Not at all satisfied ~ 5 =
Strongly satisfied)

Measures the extent to which the
space supports users’ activities

Table 2 (continued)
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Dimension Code

Indicator name

Explanation and measurement
scale

P4

P5

Willingness w1
w)

w2

W3

w4

Adaptive AB-
Behavior of T1
Temporal
(AB-T)

AB-
T2

AB-
T3

Adaptive AB-
Behavior of S1
Spatial
(AB-S)

Spatial
Attractiveness

Social Atmosphere

Willingness for
Continued Use

Spatial Form
Attraction

Behavioral
Adaptation
Intention

Safety Acceptance
Intention

Temporal
Adjustment
Frequency

Exposure Duration
Management

Behavioral
Intensity
Adjustment

Spatial
Adjustment
Behavior

and social interactions.

(1 = Not at all satisfied ~ 5 =
Strongly satisfied)

Represents users’ perception of
the visual interest and aesthetic
appeal of the space.

(1 = Not at all satisfied ~ 5 =
Strongly satisfied)

Reflects users’ perception of the
social interaction level,
inclusiveness, and vitality within
the space.

(1 = Not at all satisfied ~ 5 =
Strongly satisfied)

Indicates users’ tendency to
continue using the space in the
future.

(1 = Not at all satisfied ~ 5 =
Strongly satisfied)

Measures the extent to which
spatial form and design features
attract users to use the space.

(1 = Not at all satisfied ~ 5 =
Strongly satisfied)

Reflects users’ willingness to
adjust their behavior to maintain
comfort or achieve goals.

(1 = Not at all satisfied ~ 5 =
Strongly satisfied)

Indicates users’ willingness to
stay or act within the space under
acceptable safety conditions.

(1 = Not at all satisfied ~ 5 =
Strongly satisfied)

Measures how frequently users
maintain their activities despite
changes in environmental
conditions (Li et al., 2025).

(1 = almost never; 2 = rarely; 3 =
every month; 4 = every week; 5 =
every day)

Reflects users’ ability to manage
and regulate their exposure
duration in open environments (
Bower et al., 2019).
(1<1h;2=1-3h;3=3-5h;4=
5-8 h; 5>8h)

Reflects the range of time periods
during which users remain
willing to engage in activities in
the space despite changes in
environmental conditions (
Martinelli et al., 2015).

(1 = Extremely narrow (only 1
time slot); 2 = Relatively narrow
(2 time slots); 3 = Medium (3
time slots); 4 = Relatively wide (4
time slots); 5 = Extremely
wide/All day (>5 time slots or
including long-term use))

Refers to users’ behavior of
changing location or activity area
to cope with environmental
stressors (Pintos-Toledo et al.,
2024).

(1 = Static, low intensity physical
activity; 2 = Low intensity but
continuous activity / High
frequency but not activity
dominant; 3 = Moderate
intensity, short duration but
active / Long duration but
intermittent; 4 = Continuous,
high intensity activity; 5 = High
intensity physical activity)

(continued on next page)
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Table 2 (continued)

Dimension Code Indicator name Explanation and measurement

scale

AB- Spatial Preference
S2 Behavior

Reflects users’ preference for
specific spatial types (open, semi-
open, or sheltered spaces) (Fatahi
et al., 2025).

(1 = Indoor/Strongly shaded; 2 =
Semi-shaded/Fixed; 3 =
Open/Slightly shaded; 4 =
Almost unshaded; 5 = Fully
open/Unshaded)

Measures users’ level of
acceptance toward specific
environmental exposures (e.g.,
sunlight, noise, crowding) (Yuan
et al., 2023).

(1 = Resistance and avoidance; 2
= Passive tolerance; 3 = Neutral
adaptation; 4 = Active
adjustment; 5 = Active
utilization)

AB- Spatial Exposure
S3 Acceptance

2.4. Validity analysis of model construction

Before constructing the structural model, it was essential to ensure
that all variables exhibited adequate validity and reliability. Different
types of variables required different strategies for dimensionality
reduction and structural verification. All analyses were conducted in R
(v4.3) (R Core Team, 2013).

The variables in this study came from two data types with different
characteristics. One type consisted of objective BE indicators. The other
type consisted of subjective psychological variables obtained from
questionnaire scales, including CE and AB. Because these two types of
variables differed in both data properties and theoretical meaning,
different statistical methods were required to examine their structures.
The BE indicators were objective continuous variables. They were
mainly derived from spatial measurements and image recognition re-
sults and were used to describe the physical characteristics of the spatial
environment. Since these indicators might be strongly correlated with
each other, feature extraction methods were more suitable for reducing
their dimensionality.

In contrast, the subjective psychological variables obtained from
questionnaires (CE and AB) were used to capture users’ psychological
experiences and behavioral responses under environmental stimuli.
Therefore, factor analysis was more appropriate for examining their
latent structures. Based on these differences, this study applied Principal
Component Analysis (PCA) and Exploratory Factor Analysis (EFA) to
examine the structures of the two types of variables. In this way, the
analysis improved the model's stability and explanatory power while
preserving the theoretical meaning of the variables.

For the BE, Principal Component Analysis (PCA) was used to reduce
dimensionality and to extract core features (Mohammadzadeh et al.,
2023). First, parallel analysis was used to determine the number of
principal components to retain. Only components with eigenvalues
greater than the average eigenvalues from simulated random data were
retained. Second, Promax oblique rotation was then applied to allow
correlations among environmental dimensions, yielding a more realistic
and interpretable component structure. The final components were used
as composite proxy variables for the BE and were included in the sub-
sequent structural model analysis.

For CE and AB, an Exploratory Factor Analysis (EFA) was used to
validate the questionnaire scales' structure (Hasegawa & Lau, 2022;
Mohammadzadeh et al., 2023). Before extraction, the
Kaiser-Meyer-Olkin (KMO) statistic was used to test sampling adequacy,
with an acceptable threshold of 0.50 or higher. Bartlett’s test of sphe-
ricity was also conducted to examine whether the variables were suffi-
ciently correlated, with a significance level of p < 0.001. Principal axis
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factoring was then used to extract factors, followed by Promax oblique
rotation to obtain the latent factor structure. Only measurement items
with factor loadings of 0.50 or higher and statistically significant values
(p < 0.05) were retained. Items that did not meet these criteria were
removed. The remaining indicators were used to construct the latent
variables for CE and AB.

2.5. PLS-SEM analysis

This study employed Partial Least Squares Structural Equation
Modeling (PLS-SEM) as the core analytical method (Hair et al., 2017).
Compared with covariance-based SEM (CB-SEM), PLS-SEM was more
prediction-oriented and robust, making it suitable for studies with small
sample sizes, non-normal data distributions, complex model structures,
or formative constructs (Olanrewaju et al., 2022). These advantages
made PLS-SEM particularly reliable in real-world urban fieldwork and
have led to its widespread use in studies of thermal comfort (Yang et al.,
2025), spatial experience (Fatahi et al., 2025), and environmental
behavior process (Xu et al., 2026), demonstrating its methodological
appropriateness in this domain.

Accordingly, this study applied PLS-SEM to assess path significance,
explanatory power, and predictive validity, focusing on the relation-
ships among the BE, CE, AB, and IB. Multi-group analysis was used to
test the moderating effect of ST. All analyses were conducted in
SmartPLS 4.0 (Hair et al., 2025; Mohammadzadeh et al., 2023) and R
(v4.3) to ensure reproducibility and cross-validation.

A PLS-SEM consisted of a measurement model and a structural
model, both of which were required to be evaluated to ensure reliability
and validity. The measurement model addressed the question “How was
this unobservable concept measured?” The measurement model was
using convergent validity, reliability, and discriminant validity.
Convergent validity was examined to determine whether indicators of
the same latent variable were highly correlated, and it was evaluated
through factor loadings and the Average Variance Extracted (AVE). In-
ternal consistency was assessed using Cronbach’s alpha, composite
reliability (CR), and Rho_A. Discriminant validity was examined using
the heterotrait-monotrait ratio (HTMT).

The structural model answered the question: “How did these con-
cepts influence one another?” And the structural model was evaluated
using bootstrapping with 2000 resamples to estimate the significance of
path coefficients (), their effect sizes (f%), and the corresponding t-
values and p-values.

Regarding sample size, PLS-SEM typically followed empirical mini-
mum sample rules. One of the most commonly used guidelines was the
“10-times rule”, which suggests that the sample size should be at least
ten times the maximum number of predictors in the model (Wagner &
Grimm, 2023). In addition, to further assess the reliability of the
model results, this study conducted a post hoc statistical power analysis.
The analysis calculated statistical power based on the chosen signifi-
cance level (), the model effect sizes (f?), and the maximum number of
predictors. All post hoc power analyses were carried out using G*Power
software (v3.1) (Faul, 2009). By combining the empirical sample size
rule with statistical power analysis, the reliability of the model inter-
pretation was further strengthened.

2.6. Test-bed site and field experiment process

To ensure the external validity of the model and the reproducibility
of the results, this study conducted empirical research in a typical test-
bed site. The selection of the test-bed site followed these principles:

— Spatial diversity principle, POSs that cover as many forms and
functional characteristics as possible were selected, thereby reflect-
ing the broad applicability of environmental factors to behavioral
mechanisms.



Z. Luo et al.

— User heterogeneity principle, the test-bed site was designed to attract
user groups with different socio-demographic backgrounds to
improve sample representativeness.

— Sample size and representativeness principle, the test-bed site met
the feasibility requirements and have a sufficient sample size.

— Spatiotemporal synchronization principle, synchronous objective
measurement and subjective surveys were employed to ensure data
consistency across temporal and spatial.

This study selected Lhasa, China, as the test-bed site, based on its
unique climatic conditions and spatial evolution structure (Yao et al.,
2022). Lhasa is located in the central Tibetan Plateau at an elevation
of about 3650 m and is characterized by a typical high-altitude climate.
As shown in Fig. 5a and b, the high elevation and thin atmosphere result
in strong solar radiation and large day-night temperature differences
throughout the year (WeatherSpark, 2026). In recent years, under the
influence of climate change, climatic variability in plateau cities has
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further increased. This includes fluctuations in solar radiation, more
frequent high-temperature events, and unstable precipitation patterns.
The combined effects of these climatic changes create complex envi-
ronmental pressures, requiring residents to continuously adjust their
behavior, especially when using POSs (Jiang et al., 2026). At the same
time, rapid urbanization in Lhasa has produced a spatial pattern where
traditional Tibetan urban structures coexist with modern urban func-
tions (Xiong et al., 2016). This spatial diversity provides an ideal setting
for observing how users adapt their behavior under different conditions.

Based on the characteristics described above, this study adopted
purposive sampling to select representative POSs. Previous studies have
shown that POSs in Lhasa's main urban area exhibit relatively clear
spatial form structures. They can generally be divided into three cate-
gories: the old city area, the mature development area, and the outskirt
area (Luo et al., 2025a). Based on this classification, 12 POSs were
selected from the three areas for investigation. These samples captured
the main spatial types and their typical user contexts (Xiong et al.,

Fig. 5. Climatic characteristics and spatial distribution of the test-bed site: (a) Monthly average temperature variation; (b) Monthly average precipitation and solar
radiation; (c) Geographical distribution and surrounding textural features of 12 typical POSs.
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2016). Their geographical distribution and surrounding environmental
characteristics are shown in Fig. 5c.

Following the procedure described above, data collection for this
study was conducted in three stages in June 2021. The first stage was the
pre-field work stage (June 3-9), during which open data for the study
area were obtained. The second stage was the fieldwork stage (June
11-15), during which objective measurements and subjective surveys
were conducted simultaneously, covering both weekdays and weekends.
The third stage was the post-field work process stage (June 20-30),

Sustainable Cities and Society 147 (2026) 107532

which mainly involved coordinate calibration and secondary data
verification. The research group consisted of eight professionals,
including master's students and local Tibetan undergraduate students in
urban planning and architecture. This ensured the professionalism of
environmental measurements and behavioral observations, and the
participation of local researchers enhanced the accuracy of cultural
understanding, effectively balancing the dual perspectives of profes-
sional assessment and local cognition (Sander van et al., 2015).
Although the data were collected in the early post-pandemic period

Fig. 6. Clustering identification results of POSs: (a) the mean results after quantification; (b) the clustering results.
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(Hou et al., 2024), the adaptive behaviors studied mainly arise from
human physiological and psychological responses to environmental
stimuli such as sound, light, and heat. At the city scale, the basic patterns
of activity and gathering in POSs tend to remain relatively stable over
time (Han et al., 2022b). In addition, the survey was conducted in
mid-June, which aligns with Lhasa's climatic characteristics. As shown
in Fig. 5a and b, this period is marked by strong solar radiation and large
diurnal temperature differences. Such conditions often prompt users to
seek shade or adjust their activity time. By contrast, during the rainy
season or snowy winter, environmental stress becomes more pro-
nounced, and people often avoid outdoor activities. Therefore, con-
ducting the survey during a period when environmental conditions are
relatively stable yet sufficiently stimulating helps capture how users
adjust their behavior in response to everyday environmental pressures.

3. Results

3.1. Quantification of the built environment and identification results of
POS types

To address the spatial differences among POS types, this study con-
ducted quantitative and cluster analysis on 12 POS types (N1-N12)
based on the aforementioned quantitative index system for the BE.

To better reflect the actual characteristics of POSs in Lhasa, several
BE indicators were moderately adjusted during the quantification stage
to incorporate the local cultural context. These include BEc2, BEc3,
BEf4, and BEs1. When applied to other cities, these indicators can also be
calibrated according to local climatic conditions and cultural charac-
teristics. For example, in Lhasa, BEc2 also identified locally distinctive
visual elements such as prayer flags and murals; in Western urban
contexts, comparable elements may include fountains or heritage
markers. For BEc3, in addition to cultural facilities such as museums and
art galleries, the indicator also included religious facilities such as
temples, street incense burners, and prayer wheels; in European historic
cities, similar elements may include sculptures, monuments, or
churches. For BEf4, this study considered the Tibetan teahouse as an
important daily social space; in other urban contexts, comparable places
may include cafés or bars that function as third places.

To examine the robustness of the clustering results, this study con-
ducted a simple sensitivity analysis by comparing classification results
under different numbers of clusters (k = 3-5) and different distance
metrics. The results showed that the ST structures remained highly
consistent across parameter settings, and the optimal number of clusters
was four. Therefore, four STs were adopted as the classification basis for
subsequent analyses. Fig. 6 shows the mean results after quantification
and the clustering results.

Residential public activity space (N8, N5, N1, n = 47): This type of
space was mainly distributed around residential areas, and was char-
acterized by high building enclosure (BEI3) and low open exposure
(BEm2), with a moderate number of facilities and management level
(BEf3, BEm1). The space functions primarily for community activities,
neighborhood interaction, and daily rest, with high potential for social
support (BEsl, BEs2). The overall environment of this type of space
exhibits stable, low-disturbance, and life-oriented characteristics.

Traditional historical spaces (N12, N3, N2, n = 67) were represented
by historical streets and traditional neighborhoods, and possesses high
cultural and landscape indices (BEc1, BEc3) and relatively rich func-
tional offerings (BEf4). These spaces are characterized by small street
scale, winding roads, good walkability, and relatively limited public
activity space, yet rich spatial perception. They often retain strong
regional cultural characteristics and serve as shared experiential venues
for residents and tourists.

Modern commercial spaces (N6, N7, N11, n = 57) were identified as
exhibiting high facility density (BEf1, BEf3) and high exposure (BEm2),
while also showing greater openness in building facades (lower BEI3),
reflecting the openness and dynamic nature of modern commercial
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activities. They demonstrate high levels of management and mainte-
nance (BEm1) and prominent spatial diversity (BEc1, BEc2), but rela-
tively low green space. These spaces serve as core areas of high activity
and high accessibility.

Small green spaces (N9, N4, N10, n = 50) were characterized by
smaller but have higher green coverage and visual openness (BEm2,
BEI3), and primarily function as ecological recreation areas and visual
buffers. They have fewer facilities (BEf2, BEf4), but are generally quiet
and visually comfortable, providing important environmental buffering
and psychological recovery (Hou et al., 2024).

3.2. Individual background, comprehensive experience, and adaptive
behavior patterns of users

A total of 221 valid questionnaires were collected. The distribution of
respondents’ IB characteristics is shown in Fig. 7. As shown in Fig. 7a,
the age distribution reflected a structure dominated by young adults,
with representation from middle-aged and older users. Fig. 7b shows a
near-balanced gender distribution, with females at 50.7% and males at
49.3%, indicating good gender representation. In terms of ethnicity,
Fig. 7c shows that Tibetan users accounted for the largest proportion
(52.5%), followed by Han users (44.8%), while other ethnic groups and
international users together account for 2.7%, this pattern reflects cul-
tural diversity within the sample. Fig. 7d illustrates substantial
geographic diversity in respondents’ place of residence. Users living
within Lhasa city accounted for the largest share (43.4%), and residents
in this neighborhood accounted for 17.2%, indicating that the POSs
served both local residents and users from across the city. Notably,
24.4% of users came from other Chinese cities, and 8.6% were inter-
national users, suggesting that these POSs function not only as daily-use
spaces for locals but also as important recreational spaces for visitors.

Fig. 8 summarizes respondents’ overall CE scores. The results show
generally positive user experiences, but with notable variation across
dimensions.

In the A dimension (Fig. 8a), users expressed strong approval of basic
environmental quality. Perceived cleanliness (92.8% positive), Mainte-
nance and upkeep quality (91.4%), and perceived safety (91.9%) all
received over 90% positive ratings. Spatial orientation clarity also
scored highly (92.7%). In contrast, perceived crowdedness showed
substantial divergence: 36.2% of users reporting feeling crowded.
Overall, good cleanliness, maintenance, and safety formed the basis of
positive attitudes, while spatial density and flow management emerged
as key issues shaping momentary impressions.

In the P dimension (Fig. 8b), users also responded positively to the
aesthetic and functional qualities of the spaces. Spatial attractiveness
received very high approval (93.6%), followed by landscape diversity
(89.6%) and facility completeness (89.6%). The social atmosphere was
viewed positively by 86% of respondents. However, functional sup-
portiveness received comparatively lower evaluations, with 72.4%
positive responses. This result suggests that although users appreciate
the landscape quality and social atmosphere of these POSs, their ca-
pacity to support diverse activities remains limited. In other words, even
when a POS is visually attractive, limited functional support may still
restrict users’ activity choices and reduce their flexibility to adjust
behavior in response to changing environmental conditions.

In the W dimension (Fig. 8c), a more complex pattern of behavioral
intentions emerged. Willingness for continued use was very strong
(95.0%), and spatial form attraction was also high (83.7%), indicating a
strong sense of attachment to these POSs. However, safety acceptance
intention (60.7%) and behavioral adaptation intention (50.2%) were
only moderate. This implies that although users wish to keep using the
spaces, they tend to be conservative when deciding whether to adopt AB
in response to environmental pressures.

The scoring results for AB are shown in Fig. 9.

For AB-T, the results exhibited a moderate distribution concentration
overall. This suggests that while users adjust their schedules based on
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Fig. 7. Distribution of IB features: (a) Age; (b) Gender; (c) Ethnicity group; (d) Residential Location.

Fig. 8. User's overall experience scores. (a) A (Attitude), (b) P (Perception), (c) W (Willingness).

environmental conditions, these behaviors are generally neither high
frequency nor extreme. The scoring results for temporal adjustment
frequency indicate that the majority of users (63.2%) engaged in
moderate-to-high frequency adjustments (at least once per month),
reflecting proactive time-planning strategies. Exposure duration man-
agement showed a bimodal distribution: approximately 45% of users
preferred short exposure (<3 h), while 38% preferred long exposure (>5
h). This divergence likely relates to the purpose of use, distinguishing
between purposeful visits and leisure-oriented social activities. Behav-
ioral intensity adjustment showed a balanced distribution, indicating
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that users flexibly modify their activity levels in response to real-time
environmental conditions.

For AB-S, a more complex logic was observed. Spatial adjustment
behavior results revealed a coexistence of high-mobility (levels 4-5) and
static (levels 1-2) behaviors. This may reflect distinct user strategies;
some prefer fixed locations, while others actively relocate to cope with
environmental stress, demonstrating higher behavioral flexibility. The
mean score for spatial preference behavior was significantly higher than
other indicators, skewing toward the high range (preference for almost
unshaded or semi-open spaces). This indicates a clear trend in user
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Fig. 9. Scoring results for AB of users.

preferences for spatial form, underscoring the built environment as a key
driver of spatial behavior. Spatial exposure acceptance revealed signif-
icant psychological differences: the majority (58.3%) showed neutral-to-
positive acceptance (levels 3-5), while a substantial proportion (41.7%)
exhibited resistance or passive tolerance. This divergence may stem
from individual differences in thermal comfort perception and cultural
background (Yao et al., 2022; Yuan et al., 2023).

3.3. Validity and robustness of model construction

Principal Component Analysis (PCA) was employed to reduce the
dimensionality of the 17 BE indicators, thereby mitigating multi-
collinearity and extracting core feature dimensions (Fig. 10, Table 3).

First, data suitability was assessed using the Kaiser-Meyer-Olkin
(KMO) measure and Bartlett’s test of sphericity. The KMO value was
0.519, which was slightly above the commonly accepted threshold

Fig. 10. Principal component analysis results of BE variables: (a) scree plot; (b) Component loading plot.
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Table 3
Eigenvalues, variance explained,
Component Analysis (PCA).
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and parallel analysis results of Principal

Metric PC1 PC2 PC3 PC4 PC5 PC6
Unrotated scheme

Eigenvalues 542 287 264 196 1.57 1.09
Variance explained (%) 0.32 017 016 012 0.09 0.06
Cumulative variance (%) 0.32 0.49 0.64 0.76 0.85 0.92
Rotated Solution

Sum of Sq. Loadings 373 356 271 214 192 150
Variance explained (%) 022 021 016 013 011 0.09
Cumulative variance (%) 0.22 0.43 0.59 0.71 0.83 0.92
Parallel analysis

Actual data factor eigenvalues 499 205 1.84 1.10 0.69 0.46
Simulated data average 0.62 0.43 036 028 022 0.17

eigenvalues
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(0.50). Because objective environmental variables often show relatively
strong structural independence, this result did not necessarily imply that
the PCA results were unreliable. In such cases, the model structure
should be evaluated by considering additional statistical tests together.
Bartlett’s test was significant (y? = 15,145.07, df = 136, p < 0.001),
confirming sufficient inter-variable correlation for factor analysis. Par-
allel Analysis (PA) was used to determine the optimal number of com-
ponents (Fig. 10a); the first six eigenvalues of the actual data exceeded
the mean eigenvalues of randomly simulated data, whereas the seventh
fell below them. This aligned with the scree plot inflection point and
supported the retention of six principal components to represent the
latent structure of the BE. After Promax rotation, the six components
explained approximately 91.5% of the cumulative variance (Table 3).

The component-loading matrix is shown in Fig. 10b. Based on the
variables with the highest loadings, the components were conceptual-
ized as follows: PC1: spatial enclosure and order (mainly BEcl, BEc2,
BEs1, BEs2), reflecting physical maintenance, cleanliness, and order.
PC2: facility and functional configuration (BEf2, BEfl, BEf4), repre-
senting amenities, accessibility, and convenience. PC3: landscape and
aesthetic quality (BElI1, BEI3, BEs3), reflecting visual landscape, aes-
thetics, and morphological quality. PC4: comfort and safety regulation
(BEc3, partial BEf), embodying environmental pressure, exposure con-
ditions, and comfort regulation structures. PC5: social and cultural fa-
cilities, primarily associated with activity density and disturbance
factors. PC6: commercial vitality and mobility, reflecting functional mix,
commercial nature, and dynamic usage intensity. Inter-component
correlation coefficients were all below 0.40 (ranging from —0.38 to
0.35), indicating satisfactory independence among the extracted
components.

To explore the underlying stability of the CE and AB constructs,
Exploratory Factor Analysis (EFA) was conducted on all scale items
(Table 4). Before extraction, data suitability was assessed using the
Kaiser-Meyer-Olkin (KMO) measure and Bartlett’s test of sphericity.
KMO values for all constructs ranged from 0.577 to 0.81, exceeding the
acceptable threshold (> 0.50). Bartlett’s tests were highly significant (p
< 0.001), confirming sufficient inter-variable correlations for factor
analysis. Items with loadings below the standard threshold (> 0.40) or
lacking significance were excluded. Specifically, A5 (0.18), P5 (0.06),

Table 4
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and W4 (0.08) were removed from the final measurement model due to
low loadings and insignificance. The remaining items exhibited signifi-
cant loadings ranging from 0.49 to 0.99 on their respective factors (p <
0.005), indicating robust convergence of the latent structure. Model fit
indices further validated structural adequacy. Although the RMSEA for
construct W (0.16) suggested a relatively weak fit for its single-factor
model, it was retained as other indices remained acceptable (CFI =
0.94, SRMR = 0.05). For all other constructs, RMSEA values fell within
the acceptable range (< 0.10). Additionally, all constructs demonstrated
good fit, with CFI > 0.90 and SRMR < 0.08, indicating minimal residuals
and high overall model fit.

3.4. PLS-SEM analysis results

Following variable screening, the final measurement models
demonstrated acceptable statistical fit and explanatory power. The final
PLS-SEM structure is presented in Fig. 11, clearly distinguishing be-
tween the measurement and structural components. The measurement
Model, this component links observed variables (PC1-6, IB1-4, A1-4,
P1-4, W1-3, AB-T1-3, AB-S1-3) to their corresponding latent variables
(BE, IB, A, P, W, AB-T, AB-S), illustrating how each latent construct is
operationalized by its indicators. The structural Model, this component
defines the causal pathways between latent variables, revealing the in-
ternal process governing the core constructs. In the visualization, the
thickness of the path lines represents the magnitude of the path co-
efficients, while the colors indicate the direction of the effects. Blue
represents positive effects, and red represents negative effects. Fig. 11
presents the structural diagram of the model and includes all potential
path relationships proposed in the research hypotheses. Whether each
path reached statistical significance (p < 0.05) was determined using the
bootstrapping test, and the detailed statistical results are reported in
Tables 5 and 6.

The measurement model was evaluated for validity using the full
dataset (n = 221). Overall, the measurement model demonstrated
satisfactory overall validity, with core constructs exhibiting strong
convergent validity, reliability, and discriminant validity. Table 5 pre-
sents the results.

For the BE, modeled as a formative construct, multicollinearity

Results of Exploratory Factor Analysis (EFA) and model fit indices for latent constructs.

Code KMO Bartlett's test Factor loading Model fit indices
7 df p Loading Sig. RMSEA CFI SRMR
(Acceptable threshold) >0.50 - - <0.05 >0.40 <0.05 <0.10 >0.90 <0.08
A 393.81 10 <0.001 0 1 0.02
Al 0.81 0.77 <0.00
A2 0.77 0.77 0.00
A3 0.87 0.63 0.00
A4 0.81 0.73 0.01
A5 0.88 0.18 -
P 0.72 424.89 10 <0.001 0.1 1 0.01
P1 0.81 0.7 <0.00
P2 0.68 0.85 0.00
P3 0.81 0.49 0.00
P4 0.67 0.78 0.04
PS5 0.32 0.06
W 0.58 186.58 6 <0.001 0.16 0.94 0.05
W1 0.79 0.74 <0.00
w2 0.55 0.52 0.00
w3 0.56 0.57 0.03
W4 0.35 0.08 -
AB-T 0.58 282.64 3 <0.001 0.09 0.99 0
AB-T1 0.55 0.73 <0.00
AB-T2 0.53 0.66 0.00
AB-T3 0.52 0.99 0.00
AB-S 0.58 142.1 3 <0.001 0.09 1 0
AB-S1 0.56 0.74 <0.00
AB-S2 0.79 0.53 0.00
AB-S3 0.55 0.84 0.00

15



Z. Luo et al.

Sustainable Cities and Society 147 (2026) 107532

Fig. 11. Schematic diagram of the final PLS-SEM.

Table 5
Results of validity testing and evaluation of the measurement model.

Latent variable code Convergent Validity Internal Consistency Reliability Discriminant validity
Loadings AVE Cronbach's Alpha Rho A Composite Reliability (CR) HTMT Ratio Supported?

(Acceptable threshold) >0.50 >0.50 >0.60 >0.60 >0.60 <0.90

A 0.80 0.64 0.81 0.82 0.88 Yes

P 0.78 0.62 0.79 0.82 0.86 Yes

w 0.79 0.59 0.65 0.72 0.81 Yes

AB-T 0.70 0.58 0.71 0.98 0.78 Yes

AB-S 0.69 0.50 0.63 0.95 0.74 Yes

among indicators was evaluated using the Variance Inflation Factor
(VIF). All VIF values were below 5.0, indicating no severe collinearity.
Traditional reliability and validity metrics did not apply to IB, which
served as a set of categorical control variables.

For the reflective constructs A, P, W, AB-T, and AB-S, most demon-
strated satisfactory convergent validity. Specifically, the mean factor
loadings and AVE values for A, P, and W exceeded the 0.50 threshold,
indicating that these constructs explained over 50% of the variance in
their corresponding indicators. Subsequently, reliability test results
showed that the core constructs exhibited excellent reliability, with
Cronbach’s Alpha, Rho_A, and Composite Reliability (CR) values
significantly exceeding the recommended 0.60 threshold. The Rho A
values for AB-T (0.98) and AB-S (0.95) were relatively high; therefore,
the results should be interpreted with some caution. Under the envi-
ronmental conditions of high altitude and strong solar radiation in
Lhasa, users often adopt coordinated behavioral responses to cope with
climate stress. For example, when users reduced their visit frequency
(AB-T1), they also tend to shorten their exposure duration (AB-T2) or
adjust their activity location (AB-S2). Such highly co-occurring behav-
ioral strategies under real environmental constraints may lead to
stronger correlations among indicators, which can result in higher
Rho_A values. Despite this, the indicators still represent different di-
mensions of AB at the conceptual level and maintain clear theoretical
distinctions. At the same time, the CR values remained within acceptable
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ranges, and the HTMT was below the conservative threshold of 0.90,
confirming sufficient statistical distinction among latent variables.
Therefore, the indicators for AB-T and AB-S were retained at the current
stage, and their stability and validity can be further examined.

The structural model was evaluated to test the proposed research
hypotheses. Bootstrapping (2000 resamples) was performed to calculate
the significance of path coefficients (direct effects) and total indirect
effects. The results are detailed in Table 6.

Overall, the PLS-SEM results indicated that AB-S was primarily
driven by A, P, and W. IB played a non-negligible role in both AB-T and
AB-S. Conversely, the BE showed no statistically significant direct effects
and only marginally significant indirect effects in this sample. This in-
dicates that psychological cognitive factors, rather than direct physical
environmental features, are the critical antecedents of AB.

First, in terms of direct effects, the paths revealed a clear causal
chain: A - P - W — AB-S.

— This identifies the A, P, and W sequence as the dominant process
driving AB-S. A — P: A exerted a significant positive effect on P (f =
0.73, t = 19.86, p < 0.001), indicating that a more positive A
significantly enhanced positive P. P — W: P positively influenced W
(# = 0.49, p < 0.001). W — AB-S: W demonstrated a very strong
effect on AB-S (# = 0.81, p < 0.001), identifying it as the most critical
driver of AB-S.
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Table 6
Assessment of structural model path coefficients and indirect effects.
Path B t p Path-level ~ Hypothesis  Supported
effect size
F

Direct effect

A->P 0.73 19.86 <0.001 1.03 H2 Yes

P->W 0.49 7.66 <0.001 0.33 H2 Yes

W — AB- —0.02 0.37 0.71 0.001 H2 No
T

W — AB- 0.81 30.86 <0.001 1.48 H2 Yes
S

IB- A -0.18 2.40 0.02 0.04 H3 Yes

IB->P -0.13 2.37 0.02 0.02 H3 Yes

IB-W —0.09 1.30 0.19 0.01 H3 No

1B — AB- —0.56 4.64 <0.001 0.45 H3 Yes
T

1B — AB- —0.16 2.43 0.02 0.02 H3 Yes
S

BE - A 0.14 0.82 0.41 0.02 H2 No

BE - P —0.04 0.52 0.60 0.003 H2 No

BE - W 0.20 1.90 0.06 0.04 H2 No

BE — AB- 0.01 0.12 0.90 0.001 H2 No
T

BE — AB- 0.16 1.89 0.06 0.02 H2 No
S

Total indirect effect

A — AB-T —0.01 0.37 0.71 - H2 No

A — AB-S 0.29 6.75 <0.001 - H2 Yes

A->W 0.36 6.62 <0.001 - H2 Yes

P - AB-T —0.01 0.37 0.71 H2 No

P > AB-S 0.40 7.89 <0.001 H2 Yes

Significant specific indirect effects

A->P— 0.29 6.75 <0.001 H2 Yes
W —
AB-S

P->W-— 0.40 7.89 <0.001 - H2 Yes
AB-S

IB—>A-— —0.05 2.20 0.03 - H3 Yes
P-wW
— AB-S

IB—>A— -0.13 2.37 0.02 - H3 Yes
P

A->P— 0.36 6.62 <0.001 - H2 Yes
w

IB—>A-— —0.07 2.20 0.03 - H3 Yes
P-w

Note: - indicates that the path effect is not applicable or does not exist; signifi-
cance level: p < 0.05; 8 represents standardized path coefficients; Larger f2
values indicate stronger predictive contributions of the predictor constructs;
Only statistically significant specific indirect effects (p < 0.05) are reported.

— IB Effects: IB showed significant negative effects. Specifically, the
paths IB — AB-T (8 = —0.56, p < 0.001), IB - A (8 = —0.18, p <
0.05), and IB —» P (f = —0.13, p < 0.05) were significant, suggesting
that individual background played a key regulatory role in
adaptation.

— BE Effects: In contrast, most paths related to the BE were not sta-
tistically significant. This implies that the BE did not directly drive
AB but influenced it through psychological mediators such as A and
P.

— Total indirect effects of several mediation paths were significant:

— A — AB-S: A had a significant indirect effect on AB-S ( = 0.29, p <
0.001), acting primarily through the mediators of P and W.

— P — AB-S: P also exerted a significant indirect effect (f = 0.40, p <
0.001), confirming its role as a key mediating process.

— IB Effects: Beyond its direct impact on AB-T, IB had a significant
negative indirect effect on AB-S (f = —0.16, p < 0.05) and on P ( =
—0.13, p < 0.05), suggesting that it constrained adaptation by
influencing psychological variables.

— BE Effects: Notably, while the direct effect of the BE was insignifi-
cant, its indirect effect on AB-S ( = 0.16) was marginally significant
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(p < 0.1). However, this suggests that potential threshold effects or
nonlinear relationships may exist.

3.5. Results of partial least squares multi-group analysis (PLS-MGA)

To evaluate the robustness and context-dependence of the structural
model across different POS types, a Partial Least Squares Multi-Group
Analysis (PLS-MGA) was conducted (Hasegawa & Lau, 2022).

Before conducting the PLS-MGA, the adequacy of the subsample size
for each ST was examined. A total of 221 valid questionnaires were
obtained in this study and were divided into four subsamples based on
the clustering results (n = 47-67). According to the commonly used “10-
times rule” (Wagner & Grimm, 2023), the most complex endogenous
variable in this study included three predictors, implying a minimum
sample size of 30. All subsamples exceeded this threshold. In addition, a
post hoc statistical power analysis was conducted (Appendix Table A1).
The effect size (f%) was derived from the model's coefficient of deter-
mination (R?). At a significance level of a = 0.05, the statistical power of
the full sample (n = 221) exceeded 0.99. Although the statistical power
of some subsamples (0.75, 0.77, and 0.79) was slightly below the
commonly recommended threshold of 0.80, PLS-SEM is generally robust
with relatively small samples. Combined with parameter estimation
based on bootstrapping (2000 resamples), the sample size in this study
still supports an exploratory PLS-MGA. Figs. 12 and 13 present the
structural path coefficients for each type of POS (displaying only paths
with || > 0.30).

Overall, the core pathway “A — P - W — AB-S" remained significant
and directionally consistent across all four POS types. This confirms the
high cross-context universality of the user’s cognitive-behavioral pro-
cess, while the drivers for AB-T showed significant heterogeneity.

— A — P: This path was significant across all four types (f = 0.67-0.78).
The effect was strongest in modern commercial space (8 = 0.78),
suggesting that in goal-oriented functional spaces, users' initial atti-
tudes are more readily translated into distinct environmental
perceptions.

— P — W: This influence was robust across types (f = 0.32-0.66). It was
most prominent in residential public activity spaces ( = 0.66),
indicating that subjective perceptions in familiar daily living envi-
ronments more easily trigger behavioral intentions.

— W — AB-S: This path showed strong and stable effects across all types
(B = 0.76-0.90). The highest conversion efficiency was observed in
traditional historical space (8 = 0.902) and modern commercial
space (# = 0.896). This suggests that in spaces with distinct func-
tional or cultural targets, users' adaptive behavior is highly deter-
ministic and strongly driven by users’ willingness. Whereas in small
green spaces (f = 0.760), the effect was relatively weaker, indicating
that natural environments with high behavioral freedom allow more
flexible translation of willingness into actual spatial behavior.

While core psychological pathways were found to be universal, PLS-
MGA results revealed significant spatial heterogeneity in key specific
paths, highlighting the moderating role of spatial attributes in behav-
ioral processes.

— IB — AB-T: This path exhibited the strongest context dependency and
revealed a distinct dichotomy between "Habit-driven spaces" and
"Choice-driven spaces." In modern commercial space (3 = 0.36), this
was the only POS type that exhibited a positive effect. This suggests
that in consumption-oriented environments, AB-T is driven by active
choice, with users with specific backgrounds proactively adjusting
their visit times to maximize utility, reflecting a flexible usage
pattern. In contrast, traditional historical space (8 = —0.84), resi-
dential public activity space (f = —0.50), and small green space (f =
—0.40) all showed significant negative effects. The traditional his-
torical space showed the strongest negative coefficient; this implies
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Fig. 12. Results of multiple group analyses: (a) residential public activity space; (b) traditional historical space.

that in the context of the test-bed site, Lhasa, usage is strongly gov-
erned by cultural rituals and fixed routines (e.g., daily circumam-
bulation or prayer), users with stronger local ties or specific
demographic traits tend to adhere to rigid schedules, resulting in
lower temporal flexibility. Similarly, the negative effects of resi-
dential public activity and small green space suggest that usage is
integrated into daily life rhythms; for local residents, visiting these
POSs is a habitual activity with fixed time slots, leaving little room or
need for active temporal adjustment.

BE Effects: The impact of the BE on mediating variables and behavior
also varied. While the BE primarily exerted indirect effects overall,
significant deviations were observed in specific settings. In small
green space, the BE played a dual role. It exerted a negative impact
on A (f = —0.32), while simultaneously having a positive effect on P
(p = 0.33). This suggests a mismatch where users may perceive de-
ficiencies in physical facilities (e.g., maintenance or seating),
lowering their evaluative attitude, while natural elements still
enhance positive sensory perception. Notably, the BE showed a
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strong negative direct effect on AB-T ( = —0.43). This implies that a
higher-quality environment in green spaces significantly reduces the
need for users to make temporal adjustments, acting as a stabilizing
factor. In traditional historical space, the BE demonstrated a positive
driving role, significantly enhancing both A (f = 0.36) and W (§ =
0.30). This indicates that the unique architectural fabric and rich
cultural atmosphere effectively foster positive user evaluations and
retention intentions. In modern commercial space, the BE had a
significant negative effect on W (# = —0.30). This may result from
efficient flow planning, fixed operating hours, or uniform environ-
mental controls, which limit users' autonomy to adjust their duration
of stay.

P - W — AB-S: The efficiency of the internal psychological to
behavioral pathway revealed a distinct trade-off between "sensory
sensitivity" and "behavioral determinism" across POS types. In resi-
dential public activity and small green spaces, the pathway was
characterized by "high sensitivity, relaxed execution". The conver-
sion from P to W was robust (fp_w = 0.66, 0.54), indicating that
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Fig. 13. Results of multiple group analyses: (c) modern commercial space; (d) small green space.

users' willingness on immediate sensory comfort. However, the
subsequent translation into action was relatively moderate (fw—ap-s
= 0.78, 0.76). This suggests that in these familiar, leisure-oriented
environments, users are easily influenced by the atmosphere yet
maintain a sense of spontaneity, in which willingness does not
necessarily compel rigid behavioral adjustments. In contrast, tradi-
tional historical and modern commercial spaces exhibited a "low
sensitivity, decisive execution" pattern. The influence of P on W was
notably weaker (fp_w = 0.32, 0.35), suggesting that willingness is
driven more by external goals than by immediate environmental
feedback; yet, once willingness is formed, its translation into
behavior is highly efficient (fw_ap-s = 0.90 for both). This implies
that in high functional or density spaces, adaptive behaviors such as
seeking rest areas or adjusting the activity intensity are highly
deterministic and purposeful, executed decisively to cope with
environmental pressures.
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4. Discussion

This section addresses and elaborates on the four core hypotheses
proposed at the outset of the study, based on empirical results, and
discuss their theoretical and practical implications for enhancing the
climate resilience of urban POSs.

4.1. Response and elucidation of research hypotheses

HO. POSs can be identified and classified into several significantly
distinct space types based on the systematic differences in their built
environments.

The hypothesis was well supported. Hierarchical cluster analysis
clearly identifieed four types of POS with significant differences in
environmental characteristics: residential public activity space, tradi-
tional historical space, modern commercial space, and small green
space.
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These characteristics are highly consistent with the social functions
and cultural contexts of each type (Elzeni et al., 2022). Traditional
historical space exhibits a high density of cultural facilities and organic
street patterns. In contrast, modern commercial space is characterized
by high openness and facility density, and small green spaces demon-
strate advantages in visual openness and ecological comfort. This
finding, from a methodological perspective, confirms that systematic
quantification based on objective BE indicators can effectively capture
the essential differences in form and function among POSs. This provids
an empirical basis for transcending subjective classification and estab-
lishing a reproducible spatial typology (Elzeni et al., 2022; Tian et al.,
2022). Against the backdrop of climate change, which is intensifying
spatial heterogeneity, this type of differentiated research based on
spatial typology lays the necessary taxonomic foundation for trans-
forming "standardized" to "contextualized" climate adaptation design.

H1. POS type significantly moderates the effects of the processes from
the built environment to comprehensive experience and from compre-
hensive experience to adaptive behavior.

The hypothesis was fully supported. PLS-MGA results reveal that
while the core pathway (A - P - W — AB-S) remained stable across all
POS types, demonstrating cross-context universality, specific paths were
significantly moderated by POS type. The most distinct contrast was
observed in the impact of IB — AB-T, which exhibited a strong negative
effect in traditional historical space but shifted to a significant positive
effect in modern commercial space.

This finding suggests that different ST may influence users’ adaptive
strategies under different contextual conditions. In traditional historical
spaces, religious and cultural activities often serve as the primary mo-
tivations for space use, such as pilgrimage or sightseeing. In such con-
texts, even when users experience physical or psychological discomfort,
they may delay or weaken behavioral adjustments due to collective
habits or cultural participation motives. As a result, relatively stable and
consistent patterns of space use may emerge. Similar patterns have also
been observed in studies on user behavior and place attachment, where
cultural identity shapes how individuals perceive environmental stimuli
and respond through behavior (Han et al., 2021). In contrast, behavior
in modern commercial spaces is more strongly driven by individual
purposes. Activities such as shopping, dining, or leisure are usually
guided by clear personal plans (Hou et al., 2024). Users are more likely
to adjust their behavior according to their schedule and environmental
conditions. These findings indicate that in cities with strong religious
traditions or cultural tourism, climate adaptation in POSs is not only an
environmental issue but also linked to cultural practices and social
behavior patterns.

H2. Users’ comprehensive experience plays a significant mediating
role between the built environment and adaptive behavior.

The hypothesis was partially supported. The model identifies a
robust and powerful mediation pathway. However, the BE showed weak
or insignificant direct effects on AB-T and AB-S in most POS types,
confirming that its influence was primarily indirect, acting through
mediating variables (A, P, and W). This reveals a stable cognitive
framework governing behavioral adjustments to environmental stress.
For urban managers, this stability is crucial, regardless of spatial form.
Enhancing positive A, P, and W is the foundational strategy for driving
AB.

This process varies across different types of POSs. These differences
may be shaped not only by BE but also by spatial functions and the so-
cioeconomic structure of user groups. For example, residential public
activity spaces mainly serve the daily lives of nearby residents. Users in
these spaces usually share relatively stable social backgrounds and life
rhythms. As a result, IB variables often reflect long-term community
structures. In contrast, small green spaces often serve as places for brief
rest or as landscape buffers. Their users tend to be more diverse,
including nearby residents, tourists, and temporary visitors. People from
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different backgrounds may have different motivations for using the
space and different patterns of stay (Guzman et al., 2026).

In addition, the lack of a significant direct effect of the BE on AB does
not mean that physical spatial factors are unimportant in behavioral
regulation. Previous studies have shown that environmental factors in
real urban environments often exhibit threshold effects or nonlinear
relationships (He et al., 2024). In other words, users tend to adjust their
behavior only when environmental conditions reach a certain critical
level. This finding suggests that the relationship between the built
environment and behavior may be nonlinear. From a climate adaptation
perspective, relying solely on physical spatial parameters to directly
change user behavior may have a limited effect. Strengthening positive
attitude, perception, and willingness to use the space may be more
effective in encouraging adaptive behavior.

H3. Individual background factors influence the performance of both
comprehensive experience and adaptive behavior.

The hypothesis was supported. IB not only directly affects AB-T, but
also indirectly influences AB-S through CE variables.

Based on the demographic variables collected in this study, differ-
ences among social groups can be understood from two aspects: social
structure and environmental adaptive capacity. First, different age
groups show clear differences in physiological tolerance and activity
patterns. For example, older adults and children are generally more
sensitive to extreme climate conditions. As a result, their activity time in
POSs is more likely to be constrained by environmental conditions
(Fatahi et al., 2025; Yang et al., 2023). In addition, ethnicity and resi-
dential location influence how individuals use space and how familiar
they are with local environmental conditions (Guzman et al., 2026; Yao
et al., 2022). Residents usually have richer knowledge and experience of
the environment, while tourists or temporary visitors may find it more
difficult to adjust their behavior in response to environmental stress
(Tian et al., 2022). These findings suggest that environmental pressure
from climate change is unlikely to be evenly distributed across social
groups. Instead, it may reinforce existing social differences. From a
spatial justice perspective, climate adaptation strategies for POSs should
therefore pay closer attention to the needs of different user groups. This
can help reduce the unequal impacts of environmental stress on
vulnerable populations.

4.2. Practical implications and targeted recommendations

Based on empirical findings, this study proposes differentiated
climate adaptation strategies, as detailed in Fig. 14.

As shown in Fig. 14, this study proposes a climate adaptation strategy
framework for different POS types based on the empirical findings. The
framework translates the key influence pathways identified in the model
into concrete spatial interventions, thereby linking quantitative analysis
results with planning practice.

The framework first takes different POS types as the starting point.
Based on clustering and PLS-MGA results, the main optimization di-
rections for each POS type are identified. On this basis, community
workers, urban planners, and policymakers are defined as the target
work group responsible for implementing the strategies.

The box plots in the “Actionable strategies with priority levels”
section of Fig. 14 show the distribution of path coefficients across
different POS types. Paths with relatively high and stable coefficients are
identified as priority intervention pathways. At the implementation
level, these pathways are further translated into adjustable parameters
(Tian et al., 2022). For example, the pathway W — AB-S can be
addressed by increasing the shaded activity nodes or by promoting
community knowledge of climate adaptation, which may strengthen
users’ adaptive capacity. The pathway A — P can be improved by
increasing seating density and enhancing lighting and safety manage-
ment, thereby improving users’ perception of space. Based on their
intervention attributes, the proposed measures are grouped into three
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Fig. 14. Differentiated climate adaptation strategies across varying POS types.

categories: designed interventions, soft interventions, and policy
guidance.

The bottom part of Fig. 14 presents before and after scenarios from
the test-bed site to illustrate how these strategies may operate in real
urban settings. The behavioral scenes are inspired by typical patterns of
space use in Lhasa POSs (Xiong et al., 2016), such as daily social inter-
action in traditional clothing, sitting and resting directly on the ground,
and street gatherings around teahouses. These activities reflect cultur-
ally specific patterns of space use and correspond to the AB identified in
the model. They also help illustrate the practical potential of climate
adaptation strategies in real urban contexts.

4.3. Limitations and future research

Despite establishing a comprehensive theoretical framework and
providing robust empirical evidence, this study has several limitations
that highlight directions for future research.
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First, the analysis relied on cross-sectional data. While the model
revealed associations between variables, it could not strictly infer cau-
sality or long-term stability. Future studies are encouraged to employ
long-term longitudinal designs to track behavioral and psychological
changes across seasons and extreme weather events, thereby capturing
the dynamic evolution of adaptive behaviors.

Second, user experience was measured primarily through subjective
questionnaires, although subjective perception directly drives behav-
ioral willingness, the study lacked physiological validation. Future
research may integrate multi-source data, comparing physiological re-
sponses monitored via wearable devices with subjective perceptions to
quantify the actual effects of adaptive behavior more precisely. Such
physiological data can also help identify how different social groups
respond differently under climate stress, thereby providing more
objective evidence for addressing issues of spatial justice.

Third, this study focused on four typical categories of POSs. Given
the diversity of urban environments, future work may expand the range
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of spatial samples. Examining the complex impacts of spatial boundaries
and mixed spatial attributes may help construct a more universal cross-
spatial theory.

Finally, the test-bed site of this study is in Lhasa, a city with a highly
distinctive urban context. As a result, behavior in POSs is shaped by both
climate pressure and cultural practices. For example, religious activities
and tourism may delay or weaken users’ immediate behavioral re-
sponses to environmental discomfort. However, these findings offer
useful insights for cities influenced by extreme climates and strong
religious cultures, such as Dubai, Bangkok, and Penang. While caution is
needed when applying the conclusions to other urban contexts, local
cultural backgrounds and climatic conditions should be carefully
considered. Future studies may also conduct comparative research
across cities with different cultural and climatic settings to further test
the applicability of the framework proposed in this study.

5. Conclusion

This study systematically explores how the built environment char-
acteristics of Public Open Spaces (POSs) drive differentiated adaptive
behavior patterns by influencing user comprehensive experience,
against the backdrop of climate change and high-density urbanization.
The study innovatively constructs and tests an integrated "Built Envi-
ronment (BE) - Comprehensive Experience (CE) - Adaptive Behavior
(AB)" structural equation model (PLS-SEM) and uses Multi-Group
Analysis (PLS-MGA) to reveal the critical moderating role of Spatial
Type (ST).

Based on empirical analysis, the main findings of this study are
summarized as follows:

(1) The significant moderating effect of spatial types. PLS-MGA re-
sults confirm that ST significantly modulates the intensity and
direction of behavioral drivers, revealing a distinct "context de-
pendency." Consequently, AB is a context-specific adjustment
rather than a uniform reaction. This indicates that standardized
design approaches are insufficient, as they fail to address the
distinct psychological and cultural mechanisms governing user
responses.

The core psychological processes of adaptive behavior have cross-
spatial universality. "The pathway A (Attitude) — P (Perception)
— W (Willingness) — AB-S (Adaptive Behavior of Spatial)" re-
mains significant and directionally consistent across all four POS
types. This suggests that despite physical variations, users rely on
a stable, predictable cognitive framework when coping with
environmental stress. W is identified as the most direct and potent
antecedent of spatial adaptation.

The built environment primarily exerts indirect and mediated
effects. The BE does not drive AB directly but generates signifi-
cant indirect effects through CE (A, P, and W). This implies that

(2

—

(3)
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Post-hoc statistical power of the PLS-SEM model across POS types.
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merely optimizing physical facilities (e.g., increasing seating or
greenery) without enhancing positive subjective perceptions, is
unlikely to trigger adaptive behavior effectively.

This study advances theoretical understanding of urban climate
adaptation in two keyways. First, it validates the S-O-R (Stimulus-
Organism-Response) Framework in the context of climate adaptation
by clarifying the complete causal process from physical stimuli to psy-
chological processing and behavioral response. Second, it establishes an
evidence-based spatial typology perspective and quantifies the essential
differences in behavioral regulation processes across STs.

To enhance urban resilience, this study proposes a shift from "stan-
dardized supply" to "precision support." For traditional historical space,
a low intervention, micro-adjustment strategy should be adopted to
respect autonomous adaptation shaped by cultural habits. Then, greater
emphasis should be placed on soft psychological guidance. Since the
built environment primarily functions through mediating variables,
planners and managers should focus on enhancing users' environmental
attitudes and perception. This can lead to more effectively encourage
adaptive behavior through flexible and contextsensitive approaches.

In summary, this study provides a solid empirical basis for under-
standing dynamic human-environment interactions and offers scientific
decision support for developing resilient POSs. Integrating physical
space optimization with the enhancement of user cognition represents a
critical pathway toward urban sustainability.
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Group Dependent Predictors ~ Number of Sample R? Adjusted R®  Model-level Effect size Statistical
variable predictors size f power
Full sample A BE, IB 2 221 0.05 0.04 0.05 >0.99
P A, BE, IB 3 221 0.55  0.55 1.22 >0.99
w P, BE, IB 3 221 0.3 0.29 0.43 >0.99
AB-T W, BE, IB 3 221 0.32 0.31 0.47 >0.99
AB-S W, BE, IB 3 221 0.67 0.67 2.03 >0.99
Traditional historical space A BE, IB 2 67 0.15 0.12 0.18 0.87
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Group Dependent Predictors ~ Number of Sample R? Adjusted R?  Model-level Effect size Statistical
variable predictors size f power
P A, BE, IB 3 67 0.57  0.55 1.33 >0.99
w P, BE, IB 3 67 0.25 0.22 0.33 0.97
AB-T W, BE, IB 3 67 071 0.7 2.45 >0.99
AB-S W, BE, IB 3 67 0.73 0.71 2.70 >0.99
Residential public activity A BE, IB 2 47 0.26  0.22 0.35 0.95
space P A, BE, IB 3 47 0.71  0.69 2.45 >0.99
W P, BE, IB 3 47 0.51 0.48 1.04 0.98
AB-T W, BE, IB 3 47 0.52 0.48 1.08 0.98
AB-S W, BE, IB 3 47 0.63 0.61 1.70 >0.99
Modern commercial space A BE, IB 2 57 0.12  0.09 0.14 0.75
P A, BE, IB 3 57 0.61 0.59 1.56 >0.99
w P, BE, IB 3 57 0.32 0.28 0.47 0.98
AB-T W, BE, IB 3 57 0.12  0.06 0.14 0.77
AB-S W, BE, IB 3 57 0.79 0.77 3.76 >0.99
Small green space A BE, IB 2 50 0.1 0.07 0.11 0.79
P A, BE, IB 3 50 0.53 0.5 1.13 0.98
w P, BE, IB 3 50 0.31 0.26 0.45 0.96
AB-T W, BE, IB 3 50 041 0.37 0.69 0.98
AB-S W, BE, IB 3 50 0.67  0.65 2.03 >0.99

Note: Effect sizes (f2) used for post-hoc statistical power analysis were derived from the coefficient of determination (R?) using the formula: > = R%/(1-R?); Statistical power was
calculated using G*Power assuming a = 0.05; R? values were used for power estimation, while adjusted R? values are reported for reference.

Table B1

Explanation of codes used in the built environment field work survey checklist.

Meaning

Code / Symbol

Neighborhood type

Neighborhood formation period

Topography

Dominant functions within the neighborhood

Description of the order of the surrounding road network
Lane type

Quantity/count

Binary indication

Architectural style

Building structure

Building orientation

Measurement unit

I: Old City Area

II: Mature Development Area
III: Outskirt Area

Very early: * * * *

Early: * * *

Relatively early: * *

Late: *

Flat: -

Gentle slope: \

Steep slope: |

Daily life: @

Commercial activities: @
Leisure and recreation: ®
Religious activities: @

Tourist activities: ®

East - West - South - North
One-way: |

Two-way: ||

No clearly defined motor vehicle lane: *
(e.g., a two-way two-lane road is coded as ||2)
Many: uam

Moderate: mm

Few: m

None: /

Yes: v

No: x

Traditional style: m

Historic style: 4

Modern style: o

Multi-storey slab type: []
Brick-concrete structure: O
Frame structure: /\
South-North: S-N

Random orientation: ##
Slightly irregular orientation: #
Unless otherwise specified, all measurements are in meters (m)
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Example of built environment characteristics and field survey records (Barkhor Street case).

Item Description
Number of the field work site N12-1
Neighborhood name Barkhor Street
Area (ha) 4.59
Coordinates 29.64896° N, 91.13547° E
Perimeter (m) 901.21
Topography -
Neighborhood formation period ekl
Neighborhood type I

Dominant functions (in order of importance) [OXCXOXOXE)
Indicator Description

Street continuity and width (m)
Motor vehicle lane type

Pavement condition

Average sidewalk width (m)

Lane separation facilities/markings
Regularity of street pattern

220,10 - 200,15 - 220,5 - 260,30

[12-1]2-"-]]4
HEE - EEN - NN - EEN
5-5-/-2

/-um-/ - umm

x

Pavement condition (L]
Average road width (m) 5
Sidewalk width (m) 3
Traffic separation facilities /
Motor vehicle access allowed v
On-street parking spaces [}
Bicycle / non-motor vehicle parking points v
Parking lot /
Bus stop x
Pedestrian overpass x
Architectural style e
Average number of storey buildings 4
Average building height (m) 12
Structural type O
Diversity of construction periods [T
Building orientation S-N
Presence of mobile/temporary businesses v
Facility Quantity
Waste bins [
Public activity facilities n
Public toilets n
Convenience service station n
Leisure seating /
Nursing room /
Street trees [ 1]
Planting flowerbeds [Tt
Sculpture /
Fountain/water feature /
Advertising boards /
Security booth

Surveillance cameras -
Pedestrian guardrails [T
Fire hydrant/fire station [l
Temple ]
Incense-burning furnace -
Prayer-flag pole -

Prayer wheel

Data availability
Data will be made available on request.
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