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Abstract

In recent years, as Chinese cities have entered a stage of high-quality transformation,
enhancing livability and achieving refined governance within existing urban spaces has
become a central issue in urban planning and management. The establishment of the Ur-
ban Physical Examination mechanism has provided a scientific framework for evaluating
urban performance. However, most existing studies focus primarily on objective indicators,
paying insufficient attention to residents’ subjective perceptions and their spatial variations.
As a result, the multi-scale mechanisms underlying human settlement satisfaction remain
poorly understood. Using Xiamen City as a case, this study draws on data from the 2025
Urban Physical Examination Resident Survey and constructs a Geographically Random
Forest (GRF) model to examine how block, community, housing, and personal attributes
jointly shape human settlement satisfaction (HSS) and its spatial heterogeneity. The results
show that (1) overall, block’” business vitality is the most influential factor affecting HSS,
followed by community management and housing safety, highlighting the dominant roles
of the built environment and grassroots management in shaping residential experience;
(2) management and safety issues at the community level are more prominent in suburban
areas, old neighborhoods, and zones surrounding tourist attractions, reflecting a mismatch
between service provision and urban expansion; (3) housing-scale factors display significant
spatial variation, with tenure and housing affordability emerging as key determinants of
satisfaction among residents in newly developed districts; and (4) at the personal character-
istic, age, residential duration, occupational prestige, and household income exhibit marked
spatial heterogeneity, revealing satisfaction patterns jointly shaped by social mobility and
urban growth. The study concludes that multi-scale spatial identification and resident
perception feedback mechanisms should be strengthened within the Urban Physical Ex-
amination framework. Such efforts can promote a shift from static indicator monitoring to
dynamic spatial governance, providing theoretical and methodological support for refined
urban management and the improvement of human settlement environments.

Keywords: human settlement satisfaction; urban physical examination; spatial heterogeneity;
Geographically Random Forest; multi-scale governance; Xiamen city
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1. Introduction

As China’s urbanization shifts from rapid expansion to high-quality development,
the focus of urban governance has gradually moved from construction scale to quality of
life [1,2]. Urban development is no longer centered solely on physical construction but
increasingly emphasizes residents’ subjective experiences and life satisfaction. In recent
years, factors such as housing conditions, community environments, public service provi-
sion, and social participation have been regarded as key dimensions for assessing urban
livability [3—6]. Scientifically identifying how these factors influence residents’ human
settlement satisfaction (HSS) and uncovering their spatial disparities has become a central
issue in urban studies and governance practice [7,8].

Human settlement satisfaction (HSS) serves as a key subjective indicator of urban
livability and an important measure of urban development quality [9]. Extant research has
evolved from a narrow focus on housing conditions to a multidimensional framework en-
compassing the built environment, social services, and individual socioeconomic attributes.
At the level of the built environment, factors such as neighborhood walkability, land-use
mix, and access to green spaces and cultural facilities have been consistently linked to resi-
dents’ well-being [4,10-12]. Concurrently, at the community level, the effectiveness of grass-
roots governance, property management, and the provision of care services (e.g., for the
elderly and children) are critical in shaping daily lived experiences [5,13-15]. Furthermore,
individual characteristics—including age, income, and length of residence—modulate sat-
isfaction by influencing expectations and needs [16—-18]. This multi-scale understanding
underscores that HSS is the product of a complex interplay between objective spatial
conditions and subjective resident perceptions.

However, a significant gap remains in understanding the spatial heterogeneity of these
influencing factors. The majority of existing studies rely on traditional statistical models,
such as Ordinary Least Squares (OLS) or multilevel linear models, which operate on the
assumption of spatial stationarity—that the relationship between predictors and HSS is
constant across geographic space [10,13]. While techniques like Geographically Weighted
Regression (GWR) introduce spatial weights to account for locality, they are often limited
in capturing the complex nonlinear relationships and higher-order interactions among
variables that characterize urban systems [10]. Consequently, the current body of literature
provides a somewhat “averaged” or “global” perspective, failing to reveal how and where
specific determinants of HSS, such as community management or business vitality, become
critically important. This lack of a fine-grained, spatially explicit understanding hinders
the development of targeted and effective urban governance interventions.

The “Urban Physical Examination” (UPE) mechanism, launched by the Chinese Min-
istry of Housing and Urban—Rural Development (MOHURD) in 2019, provides a scientific
framework for evaluating urban health and addressing emerging “urban ailments” through
problem-oriented governance [19,20]. After years of implementation, a relatively compre-
hensive indicator system has been established nationwide [21]. This system, particularly
the inclusion of resident survey data, offers a unique opportunity to integrate subjec-
tive perceptions into urban performance assessment. Yet, a critical disconnect persists.
Most UPE evaluations remain focused on objective quantitative metrics—such as infras-
tructure density and housing security—while paying insufficient attention to the spatial
heterogeneity of residents’ subjective perceptions and the multi-scale mechanisms that
underlie them [22,23]. As a result, while UPE can capture the overall performance of urban
systems, it often falls short in diagnosing the spatially varying “symptoms” that affect
residents” well-being [24]. Introducing multi-scale spatial cognition and advanced analyti-
cal methods capable of deciphering nonlinearity and spatial heterogeneity into the UPE
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framework is, therefore, an urgent and necessary step to enhance its diagnostic sensitivity
and explanatory power.

As one of China’s pilot cities for UPE, Xiamen has conducted annual assessments for
six consecutive years since 2019, accumulating extensive data and practical experience [25].
Its examination system covers not only objective indicators such as infrastructure and eco-
logical environment but also subjective perception data derived from resident surveys [26].
This provides a unique opportunity to explore the multi-scale spatial characteristics of
HSS. Moreover, Xiamen embodies both “old city renewal” and “new city expansion,”
exhibiting a heterogeneous spatial structure that reflects general patterns of residential
experience differentiation during urbanization [27,28]. These characteristics make Xiamen
a representative and transferable case for empirical study.

To address the aforementioned methodological limitations, this study introduces the
Geographically Random Forest (GRF) model [29]. The Random Forest model itself excels
at explaining nonlinear interactions among variables without pre-specified functional
forms [30], while the GRF further integrates spatial locality to identify region-specific
important features. This integration offers a novel methodological approach for revealing
the spatial heterogeneity of HSS, overcoming the constraints of both traditional global
models and linear spatial regression.

Based on these considerations, this study uses Xiamen City as a case and employs
data from the 2025 Urban Physical Examination Resident Survey to construct a multi-
dimensional indicator system across four scales—block, community, housing, and personal
attributes. A GRF model is then applied to identify key multi-scale determinants and their
spatial patterns. The objectives of this study are to (1) reveal the spatial distribution and
differentiation of HSS in Xiamen; (2) identify the key influencing factors at different scales
and their spatial heterogeneity; (3) analyze how the built environment, governance effec-
tiveness, and social structure interact to shape residents’ satisfaction; and (4) discuss policy
implications for improving indicator design and promoting refined spatial governance
within the Urban Physical Examination framework.

The study makes three primary contributions. First, methodologically, it introduces the
Geographically Random Forest into UPE research, combining nonlinear interpretation with
spatial locality to overcome the limitations of traditional models. Second, it establishes a
block-community-housing-personal multi-scale analytical framework, enabling systematic
analysis from the physical environment to social structure. Third, at the practical level,
the study develops a replicable spatial perception analysis approach based on the Xiamen
datasets, providing valuable insights for enhancing Urban Physical Examination practices
and urban livability in other Chinese cities.

2. Data and Methods
2.1. Study Area

Xiamen City is located in the southeastern part of Fujian Province, China, along the
central section of the western coast of the Taiwan Strait (see Figure 1). It consists of Xiamen
Island, Gulangyu Island, and adjacent coastal mainland areas. As a sub-provincial city of
Fujian and one of China’s five specifically designated cities in the national plan, Xiamen
holds significant economic and social importance in the southeastern coastal region of
China. Since the establishment of the Xiamen Special Economic Zone in 1980, the city has
served as a crucial window for China’s reform and opening-up, undertaking vital roles in
external exchange, port trade, and cross-strait cooperation [31].
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Figure 1. Study Area.

Administratively, Xiamen consists of six districts, which are strategically grouped
into two distinct spatial entities based on their geographical and developmental stages:
the “island area” (Siming and Huli districts on Xiamen Island) and the “outer-island
area” (Xiang’'an, Tong’an, Jimei, and Haicang districts). This well-defined “island-outer-
island” duality is not merely a geographical fact but a reflection of sequential urban
development. The island area represents the mature urban core, characterized by high
population density and advanced socioeconomic development. In contrast, the outer-island
area functions as the primary zone for urban expansion, industrial relocation, and new
town construction [32]. This intrinsic contrast, encapsulating both a developed core and
rapidly urbanizing peripheries within a single city, makes Xiamen an ideal and transferable
case study for examining human settlement satisfaction across diverse urban contexts.

Since being selected in 2019 as one of China’'s first eleven Urban Physical Examination
pilot cities, Xiamen has continuously implemented an annual assessment mechanism
and has completed six consecutive examination cycles. Through a tripartite evaluation
framework that integrates departmental self-assessment, coordinated evaluation, and
public participation, Xiamen has developed the nationally recognized “Xiamen Model” of
Urban Physical Examination [25]. In 2025, the program entered its seventh year. At this new
stage, systematically exploring the scientific validity of the examination indicator system
and its relationship with human settlement satisfaction (HSS) holds significant theoretical
and practical implications for improving urban governance and enhancing urban livability.

2.2. Data

The data used in this study come from the resident survey conducted as part of
Xiamen’s 2025 Urban Physical Examination program. The survey was completed online
by residents with the assistance of community staff. The data were anonymized by the
relevant authorities during collection and comply with applicable data privacy and ethical
regulations. The questionnaire systematically collected residents’ subjective evaluations
across multiple dimensions, including perceptions of block environments, community
management, and public service provision, as well as socioeconomic characteristics and
overall satisfaction with the city. These perception-based data form an essential component
of Xiamen’s Urban Physical Examination indicator system, providing a crucial empirical
foundation for evaluating urban performance and residents” well-being.

After consistency and completeness checks—requiring all mandatory questions to
be answered and a minimum completion time of three minutes—a total of 6848 valid
questionnaires were obtained, representing 71.3% of the original 9600 responses. These



Land 2025, 14, 2325

5o0f 27

6848 questionnaires cover 62.6% of the community units in Xiamen. Communities with-
out survey samples (referred to as “no data” in subsequent analyses) account for 30.6%
of the city’s area and 6.7% of its population, based on WorldPop 2025 population data
at 100-m resolution (https://hub.worldpop.org/geodata/summary?id=72927, accessed
on 1 October 2025). To assess potential spatial bias due to survey gaps and the spatial
representativeness of the questionnaire samples, we used the 2025 WorldPop 100-m popu-
lation distribution data as a benchmark. First, both the population raster data and survey
sample points were aggregated to the community level to ensure consistency of compar-
ison units and alignment with the units used in subsequent analyses. Next, we applied
a two-dimensional spatial KS test (Fasano—Franceschini test) to quantify the difference
between the spatial distributions of the survey samples and the population. The test yielded
a D statistic of 0.0845 (range 0-1) with a p-value < 0.001. While the p-value indicates a
statistically significant difference between the two distributions, the D value is below the
commonly used empirical threshold of 0.1 in spatial analysis, suggesting that the actual
spatial difference is relatively small [33]. Therefore, we conclude that the survey samples
are highly similar to the population distribution in spatial terms, and the minor statisti-
cally significant difference is practically acceptable, indicating that the sample has good
spatial representativeness.

In data processing, 25 variables were selected as explanatory factors, covering four an-
alytical dimensions—block, community, housing, and personal attributes—while residents’
multidimensional satisfaction with the city served as the dependent variable.

This multi-scale framework is conceptually grounded in the understanding that ur-
ban lived experience is shaped by a nested hierarchy of spatial and administrative units,
each governed by distinct yet interconnected logics. The block scale captures the imme-
diate built environment and economic vitality; the community scale reflects the efficacy
of grassroots governance and service provision; the housing scale pertains to the physical
quality and tenure security of the dwelling; and the personal scale embodies socioeconomic
status and place attachment. By systematically integrating these four dimensions, our
analytical framework moves beyond a simple descriptive checklist to provide a compre-
hensive and explanatory lens for diagnosing the complex mechanisms underlying Human
Settlement Satisfaction.

(1) Block Scale

At the block level, four perception indicators were selected: cultural facilities, parks
and green spaces, parking facilities, and business vitality. The first three indicators were
derived from multiple-choice questions. To construct a comparable measure of perceived
severity, we defined the severity score as: Severity = n x 0.1, where n denotes the number
of items selected by the respondent indicating existing problems, and N represents the
maximum number of selectable items for the question. The resulting severity score ranges
from 0 to N x 0.1 and forms an ordered categorical variable, reflecting increasing perceived
severity as more items are selected. Business vitality, measured using an ordinal rating
scale, was directly incorporated into the model, with higher values representing stronger
perceived vitality.

(2) Community Scale

At the community level, eight indicators were included, covering community care
(3 items), local retail, EV charging, public space, waste sorting, and community manage-
ment. These variables collectively capture diverse aspects of community life. Like the
block-scale variables, the data were derived from multiple-choice questions, normalized to
a 0-1 scale to represent the severity of problems perceived by residents.

(3) Housing Scale
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At the housing level, seven indicators were selected: corridor safety, kitchen, bathroom,
elevator availability, tenure, housing affordability, and construction era. Among them,
the first four (kitchen, bathroom, elevator, and tenure) are binary variables (1 = yes). The
construction era is an ordinal variable, with higher values representing newer housing.

Corridor safety was constructed from three correlated items: structural safety, fire
safety, and pipeline safety. Given their strong intercorrelations (KMO = 0.69, Bartlett’s test
p < 0.001), principal component analysis (PCA) was applied to integrate them into a single
standardized continuous index, thereby reducing collinearity.

Housing affordability was measured by combining rental and property management
costs and categorized into an ordinal variable (1 = low, 2 = medium, 3 = high). The spe-
cific coding rules are as follows: low affordability burden: residents living in self-built
houses, employer dormitories, or borrowed accommodations (no rent or management
costs); medium affordability burden: residents living in self-owned or guaranteed housing,
or renting guaranteed /self-built housing (bearing only one type of cost); high affordabil-
ity burden: residents renting commodity housing or apartments (bearing both rent and
management costs).

(4) Personal Characteristics

At the personal level, variables include age, career, education, income, household
size, and duration of residence in the city (Table 1). These are standard socioeconomic
and residential attributes used to explain individual variations in satisfaction. Except for
occupation (a nominal variable), all others are ordinal variables in the raw data. Follow-
ing Gao [34], occupation was converted into an ordered variable based on the Chinese
Occupational Prestige Scale to ensure consistency of measurement scales.

Table 1. Presents the descriptive statistics for the variables used in this study.

Variable Description Mean Std Min Max
Explained Variables
Satisfaction Composite satisfaction score 3.972 0.863 1 5
Explanatory Variables
Block Scale
Cultural Perceived severity of cultural facilities issues 0.081 0.087 0.000 0.500
Park Perceived severity of park facilities issues 0.061 0.078 0.000 0.500
Parking Perceived severity of Parking issues 0.135 0.119 0.000 0.500
Business Perceived level of business vitality 0.346 0.094 0.100 0.500
Community Scale
Elder_Care Perceived severity of elderly care issues 0.107 0.150 0.000 0.700
Child_Care Perceived severity of child care issues 0.067 0.094 0.000 0.500
Kindergarten Perceived severity of kindergarten issues 0.042 0.077 0.000 0.600
Retail Perceived severity of retail service issues 0.066 0.082 0.000 0.400
EV_Charging Perceived severity of EV charging issues 0.088 0.093 0.000 0.400
Public_Space Perceived severity of public space issues 0.107 0.125 0.000 0.500
Waste_Sorting Perceived severity of waste sorting issues 0.035 0.066 0.000 0.400
Management Perceived severity of community 0102 0153 0000 0900

management issues
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Table 1. Cont.
Variable Description Mean Std Min Max
Housing Scale

Safety Perceived severity of corridor safety issues 0.107 0.155 0.000 1.000
Kitchen Availability of a kitchen 94.7% — 0 1
Bathroom Availability of a bathroom 95.4% — 0 1
Elevator Availability of an elevator 46.4% — 0 1
Tenure Home-ownership status 83.1% — 0 1
Affordability Housing cost burden 1.725 0.614 1 3
Era Construction era of the building 1.957 0.772 1 3

Personal Characteristics

Age Ordinal age category 2.997 0.869 1 6
Education Educational attainment level 3.318 0.836 1 5
Career Occupational prestige score 4.251 1.735 1 7
Income Household income bracket 2.647 1.052 1 6
Cohabitants Household size category 3.865 1.430 1 7
Duration Residence duration in the local area 4.707 0.752 1 5

In the series of variables measuring perceived severity, such as the severity of parking
problems and retail issues, almost all variables have standard deviations greater than
their means, reflecting a highly skewed distribution: most respondents tend to select “no
problem” or indicate only one problem, resulting in right skewness. As these variables
are limited ordered categorical measures, they generally cannot satisfy the normality
assumption even after numerical transformation. However, the primary estimation model
used in this study is Random Forest, a nonparametric tree-based model that does not rely
on variable distributions [35]. Therefore, the skewness has minimal impact on the model
results and can be safely ignored.

Multicollinearity among explanatory variables was assessed using the variance in-
flation factor (VIF). As shown in Figure 2, all 25 variables had VIF values below the
conventional threshold of 5, indicating no significant multicollinearity issues; hence, all
variables were retained for model estimation.
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Figure 2. VIF values of explanatory variables.
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2.3. Methods
2.3.1. Random Forest Model

The Random Forest (RF) model, proposed by Breiman [36], is an ensemble learning
algorithm that integrates multiple decision trees and is applicable to both classification
and regression tasks. Owing to its strong predictive performance and robustness, it has
been widely adopted in social science and spatial research [35,37]. Each decision tree in
the forest recursively partitions the feature space through a sequence of threshold-based
splits, resulting in a piecewise, nonlinear mapping between predictors and outcomes. By
aggregating the predictions of numerous such trees—each trained on randomly sampled
data and subsets of variables—RF effectively captures complex nonlinear relationships and
higher-order interactions without requiring explicit functional form assumptions [38].

Furthermore, it provides measures of variable importance, offering a direct basis
for assessing the relative influence of various factors—such as those affecting human
settlement satisfaction (HSS) in this study [39]. The feature importance in this study is
measured using the MDI (mean decrease in impurity) method inherent to the Random
Forest training process. MDI is automatically generated during model training and has
low computational cost, making it particularly suitable for large-scale local estimation
under the GRF framework, as in this study, where 6848 local trainings are performed [40].
Although MDI can overestimate the importance of continuous variables or variables with
many categories when calculating node impurity reduction, all input variables in this study
are binary or low-level ordered categorical variables, so this bias does not apply. Compared
with permutation importance or SHAP, MDI is more suitable in terms of computational
efficiency and practical applicability for this research [41].

2.3.2. Geographical Random Forest Model

The Geographically Random Forest (GRF) model represents a spatial extension of the
traditional RF framework [29]. Its core principle is to incorporate geographical weighting
into the bootstrap sampling process of the RF, ensuring that the training data for each local
node are drawn from geographically proximate samples. In this way, the GRF retains the
RF’s capacity to capture nonlinear relationships while simultaneously accounting for spatial
heterogeneity [42]. This makes it particularly suitable for urban-scale social science research,
where substantial spatial variability is often observed across different neighborhoods [43].

After conducting a spatial autocorrelation test on the residuals of the global Random
Forest, Moran’s I = 0.026 (p = 0.001 < 0.05) indicates significant positive spatial autocorre-
lation, suggesting that the model does not fully capture the geographic spatial structure.
Therefore, we further introduce a geographically weighted extension model to characterize
spatial heterogeneity. To obtain locally heterogeneous estimates that meet the research
objectives, we did not use global parametric models (e.g., SAR, SEM) that capture spatial
dependence but cannot reflect spatial non-stationarity [44]. The local R? distribution shown
in Section 3.3.1 reveals pronounced spatial nonstationarity, further justifying the need for a
varying-coefficient model to capture spatial differences. Moreover, we aim to compare not
only the effects of the same factor across different communities (horizontally) but also the
relative contributions of different factors within the same community (vertically). Since
the local regression coefficients in GWR and MGWR are affected by the variable scales
and thus cannot be directly compared across variables, we chose Geographical Random
Forest (GRF), whose local feature importance can reliably reflect the relative contributions
of variables in each community.

The calculation of local relative importance for each community proceeded in
two steps following the GRF estimation. First, for each respondent within a commu-
nity, we obtained the local feature importance values (using MDI) from their corresponding
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geographically local Random Forest model. These individual-level importance scores
were then aggregated to the community level by computing the arithmetic mean for each
variable. This step synthesizes the fine-grained, individual-based predictions into a stable,
community-representative importance profile [29,45]. Second, to enable a direct compari-
son of the dominant drivers within each community, these aggregated importance scores
were normalized to a percentage scale (0-100%) for each community separately. This final
output—community-level relative importance—identifies the most critical factors shaping
resident satisfaction in each specific spatial unit [43,46].

In this study, the GRF model adopts an adaptive bandwidth, with the number of near-
est neighbors set to 250. This choice is based on two main considerations. Statistically, given
25 explanatory variables, the “ten-times rule” (number of observations > 10 x number of
variables) ensures sufficient data for stable local estimation. Spatially, this bandwidth
corresponds to an average influence distance of approximately 2.041 km across all local
estimation points—slightly larger than a typical block scale but still within the range of a
reasonable urban neighborhood unit. This ensures that local estimations remain geographi-
cally meaningful while maintaining statistical robustness.

To ensure comparability between local and global estimations, the local RF models
adopt identical parameter configurations as the global model, specifically: n_trees = 200,
mtry = 9, and nodesize = 9.

The statistical results (see Table 2) indicate that the GRF model significantly outper-
forms the RF model, confirming its strong capacity to capture spatial heterogeneity. More-
over, the performance metrics of the training and testing sets after tenfold cross-validation
are highly consistent, suggesting that the model parameters are well-tuned—effectively
avoiding overfitting and ensuring good generalization performance.

Table 2. The performance of the RF and GRF models.

Models RMSE! MAE 2 R-Squared

RE test_data 0.071 0.055 0.320
train_data_cv103* 0070 (0.002)  0.055(0.002)  0.335 (0.029)

GRF test_data 0.061 0.048 0.501

train_data_cv103*  0.060 (0.002) 0.048 (0.002) 0.514 (0.018)

Note: ! RMSE: root mean square error; 2 MAE: mean absolute error; 3 values in parentheses represent the
standard deviation from 10-fold cross-validation; 4 the training and testing datasets were randomly split in an
80/20% ratio.

3. Result and Discussion
3.1. Spatial Distribution of HSS

As shown in Figure 3, the spatial distribution of human settlement satisfaction (HSS)
exhibits a certain degree of dispersion but also presents a clear spatial gradient—from the
inner-island core areas to the outer-island new districts and peripheral suburbs, satisfaction
gradually declines. The built-up inner-island areas generally show higher satisfaction
levels, reflecting the maturity of their residential environments, the completeness of public
service systems, and the balanced nature of urban management. In contrast, outer-island
and peripheral areas display significant inter-community variation and stronger spatial
differentiation, suggesting uneven development levels, infrastructural gaps, and disparities
in community governance. In addition, coastal zones and central urban areas exhibit con-
sistently higher satisfaction, which not only relates to the advantages of scenic landscapes
and high densities of open spaces but also reflects the composite livability benefits derived
from the built environment and the clustering of lifestyle services.
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Figure 3. Spatial Distribution of HSS Scores. Note: The HSS score represents the community-level
average of resident responses on a 5-point scale (1: Very Dissatisfied to 5: Very Satisfied). Thus, a
score of 4.3 signifies an average community sentiment between ‘Satisfied” and “Very Satisfied’.

3.2. The Relationship Between HSS and Influencing Factors

Overall (see Figure 4), block-scale business vitality (Business, 33.9%, share of global
importance, similarly hereinafter) appears to be the factor most strongly associated with
HSS, followed by community-level management (Management, 14.9%) and housing safety
(Safety, 9.9%). Although the proportions of local average importance differ slightly, these
three categories remain the most prominent factors across the city.

Bathroom 0.018 =1 0.004 RF
Kitchen 0.009 % 0.007 GRF
Duration 0.038 0.009
Tenure 0.039 0.010
Elevator 0.013 0.010
Kindergarten 0.014 0.011
Child_Care 0.015 10.013
Affordability 0.014 0.014
Cultural 0.021 1 0.015
Education 0.017 10.015
Age 0.016 10.016
EV_Charging 0.023 rmm 0.016
Era 0.015 0.016
Park 0.022 7w 0.017
Income 0.020 == 0.020
Cohabitants 0.022 0.025
Career 0.030 0.027
Waste_Sorting 0.030 0.029
Retail 0.036 0.030
Parking 0.048 10.032
Elder Care 0.038 0.035
Public_Space 0.048 10.042
Safety 0.103 0.099
Management 0.111 0.149
Business 0.240 0.339
-0.1 0.0 0.1 0.2 0.3

Relative importance

Figure 4. Feature importance from RF and GRF models.



Land 2025, 14, 2325

11 of 27

At the scale level, the cumulative shares of global importance for block-, community-,
housing-, and individual-scale variables are 40.3%, 32.4%, 16.1%, and 11.2%, respectively,
while their corresponding local average shares are 33.2%, 31.6%, 21.0%, and 14.2%. The
block scale has the largest share, suggesting that built-environment features and daily
convenience may play a relatively stronger role in variations of HSS. The community scale
ranks second, suggesting that governance effectiveness and service provision may also be
relevant. Although housing and personal characteristics contribute less in aggregate, they
remain statistically meaningful; notably, their local importance is markedly higher than
their global importance, indicating substantial spatial heterogeneity in factor effects. In
other words, the strength of influence varies considerably across regions. This pattern sug-
gests the limitations of traditional homogeneous governance and macro-level assessment
approaches, which may not fully reflect the complex spatial mechanisms underlying HSS.
These observations motivate a multi-scale, dynamically responsive governance framework
that may enhance data-driven diagnostic capacity and support differentiated Urban Physi-
cal Examination models and spatial governance strategies for highly heterogeneous areas.

At the block scale, the global importance of business vitality (33.9%) far exceeds that of
cultural facilities (Cultural, 1.5%), parks and green spaces (Park, 1.7%), and parking facilities
(Parking, 3.2%). Although its local average importance decreases slightly, business vitality
remains the most prominent factor overall. This pattern indicates a stronger association of
residents” HSS with everyday consumption and lifestyle convenience rather than merely
by the availability of recreational, cultural, or supporting facilities. Business vitality may
capture aspects of local economic vibrancy, pedestrian activity, and service accessibility,
making it a perceptible indicator of urban quality of life. In contrast, cultural and green-
space facilities play a positive but relatively limited role, partly due to their more balanced
spatial distribution or lower usage frequency. This pattern implies that enhancing daily
convenience and business atmosphere could be a potential avenue for supporting higher
HSS at the block level.

Further examining the marginal effects (Figure 5d), higher business vitality tends
to correspond with higher reported satisfaction, and the association may be stronger in
high-vitality areas—potentially reflecting an agglomeration pattern. Spatially, this pattern
varies across blocks: in low-vitality blocks, even well-equipped facilities appear to have
a more modest association with satisfaction, underscoring the threshold effect of busi-
ness vitality. From a policy perspective, efforts could consider stimulating local economic
vitality, optimizing the spatial layout of small and micro businesses, and enhancing the
diversity and accessibility of daily services to potentially improve perceived convenience
and satisfaction. Future Urban Physical Examination research may explore how residents
perceive business vitality and its interactions with urban spatial structures and service
systems. Such understanding could inform more nuanced interpretations of Urban Physi-
cal Examination results in diagnosing urban problems, guiding spatial governance, and
evaluating livability outcomes.

Community management and housing safety rank as the second and third most im-
portant global factors. Figure 51,m suggests a tendency for resident satisfaction to decline
as related issues increase, with diminishing marginal patterns in some areas. This may
reflect that prominent issues have a relatively stronger association with lower satisfaction
in sensitive areas. Issues such as cluttered stairwells or safety hazards appear linked to
residents’ sense of security and well-being. Governance, therefore, could consider priori-
tizing residents’ most sensitive pain points, establishing rapid response mechanisms, and
strengthening collaboration between community self-governance and property manage-
ment through targeted interventions such as “micro-updates” and “micro-maintenance”
to improve HSS. Other community-related variables, including community retail (Retail,
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3.0%), waste sorting (Waste_Sorting, 2.9%), and block parks (Park, 1.7%), also exhibit
similar associations (Figure 5b,h k).
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Figure 5. Partial dependence plot of variables.

Among the remaining block-scale variables, cultural facilities (Cultural, 1.5%) and
parking facilities (Parking, 3.2%) have global importance values between 1% and 5%, show-
ing generally negative associations with HSS. Notably, parking, second only to business
vitality, in block-scale, appears relevant to daily mobility and convenience, and its local
importance (4.8%) is approximately 50% higher than the global value, indicating significant
spatial heterogeneity in its effects.

Among the remaining community-scale variables, public spaces (Public_Space, 4.2%),
EV charging facilities (EV_Charging, 1.6%), and community care issues—including elder
care (Elder_Care, 3.5%), child care (Child_Care, 1.3%), and kindergarten services (Kinder-
garten, 1.1%)—all have global importance values between 1% and 5%, with generally
negative marginal effects. Public spaces, second only to community management, in
community-scale, appear important for fostering social interaction, leisure, and community



Land 2025, 14, 2325

13 of 27

activities. Among community care dimensions, elder care stands out with a consider-
ably larger importance than child care or kindergarten services—likely reflecting stronger
demand for elderly services under ongoing population aging.

The relatively lower global importance of these traditionally valued livability factors
(e.g., parks, cultural facilities, childcare) does not imply they are unimportant for quality
of life. Rather, it suggests that in the context of Xiamen, these foundational needs may be
adequately met for a majority of the population, resulting in less variation in satisfaction
explained by these factors compared to more salient issues like business vitality and
community management.

Among the remaining housing-scale variables, construction era (Era), housing afford-
ability (Affordability), and housing tenure (Tenure) have global importance values of 1.6%,
1.4%, and 1.0%, ranking 13th, 18th, and 22nd, respectively. The local average importance of
housing era and affordability remains roughly consistent with their global values, whereas
the local importance of tenure increases to 3.9%, suggesting considerable spatial variation
and potential local sensitivity. Its spatial distribution could be explored further in future
studies. Regarding marginal effects, homeownership and newly constructed housing tend
to correspond with higher reported HSS. In contrast, housing affordability shows a non-
linear pattern: households with very low or high burdens report relatively lower HSS
compared to medium-burden households. This may be because high-burden households
face greater financial stress, reducing well-being, whereas low-burden households primar-
ily reside in unit-provided housing, dormitories, or self-built homes with relatively limited
facilities and convenience, which negatively affects overall satisfaction.

Examining internal housing facilities, the global importance of having a bathroom,
kitchen, and elevator is relatively low, ranking at the bottom—1st, 2nd, and 5th from
the end—and all below 1.0%. However, their local importance rises, particularly for
bathroom provision, which increases from 0.4% to 1.8%, a 4.5-fold increase, suggesting
notable local variation. In terms of marginal effects, housing with an independent kitchen
and bathroom tends to be associated with higher satisfaction, whereas elevator provision
appears linked to lower satisfaction in some contexts, possibly due to management or social
coordination issues.

For personal characteristics, the global importance of career prestige (Career), number
of cohabitants (Cohabitants), household annual income (Income), age (Age), educational
attainment (Education), and residential duration (Duration) are 2.7%, 2.5%, 2.0%, 1.6%,
1.5%, and 0.9%, respectively. The local average importance of the first five factors is
generally similar to their global importance, suggesting relatively consistent associations
across space. In contrast, the local importance of residential duration increases to 3.8%,
indicating spatial differences in its association with HSS. This pattern may reflect differences
between new and long-term residents and variations in residential experiences.

Examining marginal effects of personal characteristics, age, and education tend to
be associated with lower reported satisfaction, possibly reflecting higher expectations or
demand for environmental improvements among older or more educated residents. Career
prestige has a nonlinear pattern on HSS, with medium-prestige groups showing an initial in-
crease, followed by a decrease and subsequent rise in marginal effects, suggesting complex
social needs. Household income shows an inverted-U-like pattern, with middle-income
households reporting relatively higher satisfaction. Cohabitant number and residential
duration generally tend to be positively associated with satisfaction, potentially reflecting
social support and place attachment in larger or long-term households.
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3.3. Spatial Heterogeneity of Factors Influencing HSS
3.3.1. Spatial Variation in the Model’s Goodness-of-Fit

Based on the local R? distribution from the Geographically Random Forest (GRF)
model (Figure 6), the model’s goodness-of-fit for HSS in Xiamen exhibits pronounced
spatial heterogeneity and regional clustering. Overall, local R? values across the city
mostly range between 0.42 and 0.52, indicating good overall model performance, yet clear
differences in explanatory power are observed across districts. High-value clusters are
concentrated in the core areas of Siming and Huli districts on Xiamen Island, as well
as in parts of Jimei and northeastern Tong’an districts off the island, suggesting strong
model explanatory power in these areas. These regions typically feature a mature built
environment, well-established public services, and stable population structures, allowing
the model to effectively capture the stable relationship between residents’ perceptions and
HSS, which indirectly validates the applicability of the current Urban Physical Examination
indicator system.

R2
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0.525
0.500
0.475
0.450
0.425

0.400

0.375

V227 No data

Figure 6. Spatial distribution of Local R? of the GRF model.

In contrast, R? values are generally lower in newly developed or peripheral districts
such as Xiang’an and Haicang, indicating weaker model fit. This may be attributed to
insufficient sample coverage and potential spatial sampling bias, as well as high inter-
nal heterogeneity and the difficulty of capturing soft perceptual factors—such as public
service accessibility and community cohesion—using existing indicators. In the future,
Urban Physical Examination efforts could prioritize these districts by strengthening on-site
survey collection in underrepresented areas, enhancing measurements of public service
provision and social capital, and integrating multi-source dynamic perception data, thereby
improving model explanatory power and policy relevance in heterogeneous regions.

In summary, the spatial pattern of local R? clearly demonstrates that the explanatory
power of the GRF model is closely linked to the degree of urbanization, environmental
maturity, and governance effectiveness in each area, revealing the spatially non-stationary
mechanisms underlying human settlement satisfaction in Xiamen.
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3.3.2. Spatial Distribution of the Dominant Factors

Figure 7 presents the factor with the highest local relative importance in individual
communities. Among the dominant influencing factors, 80.1% of communities are primarily
driven by block-level business vitality (Business), consistent with the trend in global
importance. This indicates that business vitality, as a key determinant of residents’ human
settlement satisfaction (HSS), has a widespread and stable influence across the city.

Dominant Factor (Num)
Business (338)
Management (44)
Parking (1)

Safety (39)
No data

Figure 7. Spatial distribution of dominant factors.

Community management issues (Management) emerge as the dominant factor in
approximately 10.4% of communities, exhibiting clear spatial patterns. In the outer-island
districts, they are mainly concentrated in Hongtang Town of Tong’an District (@), see
Figure 7), Maxiang Town of Xiang’an District (@), Guankou Town of Jimei District (),
and the southern part of Lianhua Town in Tong’an District ((3). These areas are typically at
the urban expansion frontier, characterized by dense industrial parks, active construction
sites, or high traffic pressure at key nodes, leading to frequent population mobility and
heavier community governance burdens. Within the island, they are mainly located in the
Shangli and Zengcuoan communities of Binhai Subdistrict in Siming District (®), as well
as older residential areas on the northern foothills of Wanshi Mountain ((%)). The former
represents a typical urban village with a high proportion of migrant residents and complex
rental relationships, while the latter suffers from aging infrastructure and weak property
management due to its older construction age. The community management difficulties
in these areas reflect the tension between governance capacity and spatial transformation
amid rapid urban development. Urban Physical Examination efforts should prioritize such
communities, dynamically adjusting management strategies according to residents” actual
needs to improve service responsiveness and grassroots coordination efficiency.
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Safety issues in housing (Safety) are the dominant factor in 9.2% of communities,
mainly occurring in two types of areas. The first type is concentrated in the eastern part
of the central area of Tong’an District (®)) and village communities in central Lianhua
Town (@), which are often peri-urban or remote rural areas with mixed spatial planning
and a lack of systematic property management. Residents’ perceptions of safety risks
directly affect satisfaction, giving these issues strong explanatory power in the model.
The second type is found near tourist attractions, such as the Jimei Academic Village ((®),
areas around Xiamen University ((9), the Botanical Garden ((9), and Shapowei (). These
areas have high population density, a high proportion of short-term rentals, and frequent
turnover of community members. Ambiguity in the use of corridors and public spaces
increases management and coordination costs, highlighting weak points in fine-grained
urban governance. In areas with diverse populations and high functional mixing, the dual
pressures of safety and management are especially pronounced.

Parking issues (Parking) are the dominant factor in only one community in the north-
west of Haicang District. This community is surrounded by industrial parks, railway
facilities, and highways, with a closed residential layout, limited accessibility, and severely
inadequate parking facilities. Long-term parking shortages combined with restricted mo-
bility directly affect residents’ daily travel experience and life convenience, making it a key
local determinant of satisfaction.

3.3.3. Spatial Variation in Local Feature Importance
(1) Block Scale

From the spatial distribution of local importance at the block scale, different types of
facilities exhibit distinct patterns between the inner- and outer-island districts. High-value
areas for cultural facilities (top 10% in local importance, see Figure 8a) are primarily located
in outer-island industrial zones and their surrounding areas, while on the island, they are
concentrated in the older districts of central and western Siming District. This indicates
that residents living in or near industrial zones and older districts are more sensitive to
the accessibility and experience of cultural facilities, reflecting regional shortcomings in
life-support infrastructure and venue management. Low-value areas (bottom 10%) are
concentrated in Haicang New Town, northern Huli District, and rural areas of Tong’an
District, suggesting that residents in these areas are less sensitive to cultural facility issues,
or that their demand for cultural services is overshadowed by other daily life concerns.

High-value areas for park facilities (see Figure 8b) are concentrated in the central
island’s mountainous park belt, as well as around Jimei Academic Village and the central
park in Xiang’an District. These areas serve as key spaces for residents’ daily recreation and
social interaction, and residents are highly sensitive to park accessibility and environmental
quality. High-value areas in northern Xiang’an District exhibit a “compensatory sensitivity”
pattern: being distant from the urban core and dominated by industrial and urban-village
land, insufficient public green space makes residents’ perceived access to parks strongly
affect overall satisfaction. Low-value areas appear around Tianma Mountain in Tong’an
District and the eastern coastal belt of the island (e.g., southern Wuyuan Bay), where green
space is abundant, and the environment is favorable, resulting in lower resident attention
to park facility issues.

High-value areas for parking issues (see Figure 8c) are mainly concentrated in the
northwest Haicang District, the industrial areas of Jimei, and around Xiamen Railway
Station on the island. These areas have high traffic volumes and intensive land use, leading
to significant conflicts between parking availability and commuting demand, making
residents particularly sensitive to parking problems. Low-value areas are mainly in the
southern Tong’an District and Wuyuan Bay on the island; the former is dominated by
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low-density residential and rural land, with relatively low parking pressure, while the
latter is newly developed with a more complete parking provision system.
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Figure 8. Spatial variation in local feature importance at the block scale.

High-value areas for the local importance of business vitality (see Figure 8d) are con-
centrated in the central island, covering major commercial districts and high-density, active
street areas, where commercial agglomeration significantly enhances residents’ conve-
nience and social interaction. In the outer-island districts, a “strong core-weaker periphery”
pattern emerges: residents in built-up areas perceive commercial vitality strongly, whereas
distant villages (especially northern Tong’an and Lianhua Town) exhibit low values due to
sparse commercial outlets and reliance on central urban areas for services. This gradient
distribution again highlights the “threshold effect” of business vitality on satisfaction—its
marginal impact on HSS is limited in low-vitality areas.

(2) Community Scale

From the spatial distribution at the community scale, the local importance of various
issues generally exhibits a clear “construction sequence effect” and differences in infrastruc-
ture maturity. In older districts, where infrastructure is well-developed and community
organizational systems are mature, residents’ satisfaction is less sensitive to facility-related
issues. In contrast, in new towns and urban-rural fringe areas, shorter construction cycles,
lagging infrastructure, and insufficient service provision create high-value areas where
the importance of these issues is concentrated. This pattern reflects the practical challenge
during rapid urban expansion: the mismatch between construction speed and the quality
of life-support services.

Among community care issues, high-value areas for elderly care issues (top 10% in
local importance, see Figure 9a) on the island are mainly concentrated in the western old
city on the island, where many long-term residents of Xiamen live. Demand-driven factors
make residents particularly sensitive to elderly care issues. Outer-island high-value areas
mostly appear in peripheral urban and rural zones, reflecting shortages in basic elderly care
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services. Low-value areas (bottom 10%) are concentrated in industrial zones of Tong’an and
Jimei District and around the university town, where the population is younger and elderly
care is not yet a central concern. High-value areas for childcare issues (see Figure 9b) are
primarily in newly built eastern communities on the island, and in Jimei and Xiang’an
new towns on the outer island. These areas have high proportions of young families
with strong demand for childcare and early education services. Urban areas in Tong’an
and Haicang exhibit low values, indicating that service provision is relatively complete.
However, industrial zones in northwest Haicang and rural areas in northwest Tong’an show
high values, highlighting weak childcare services in suburban and rural areas. High-value
areas for kindergarten-related issues (see Figure 9c) are mainly in the southern Haicang
District and the new town areas of Xiang’an District, reflecting a mismatch between new
urban construction and education service management. Low-value areas are concentrated
in the central-southern island, including the surroundings of Xiamen University, where
kindergarten resources are high-quality and densely distributed, resulting in lower resident
sensitivity to these issues.
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Figure 9. Spatial variation in local feature importance at the community scale.

High-value areas for retail facility issues (see Figure 9d) appear in Xiang’an New
Town, northern Haicang, and Jimei New Town, indicating that commercial infrastructure
in newly developed residential areas is not yet fully established. Low-value areas are
mainly in the central island and southeastern coastal mature districts, where commercial
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systems are complete and daily life is convenient, leading to lower perceived importance
among residents.

High-value areas for electric vehicle (EV) charging issues (see Figure 9e) are concen-
trated at the junction of Tong’an and Xiang’an District, as well as industrial zones in Jimei
and Haicang District. High demand and reliance on specialized equipment in industrial ar-
eas make residents particularly sensitive to charging facilities. Low-value areas are mainly
in rural zones, where charging options are flexible and facility dependence is low, resulting
in lower perceived importance.

For public space issues, high-value areas are located in the northern Huli District (see
Figure 9f, an area where industry and urban villages coexist) and the Wuyuan Bay area
(high-density new residential zones). Although the causes differ, both reflect a “supply-
demand mismatch”: in the former, public space is insufficient; in the latter, space exists but
is under-managed or does not meet usage expectations. Outer-island industrial zones and
mixed urban-village areas also show high importance. Low-value areas are mainly around
the Garden Expo Park, benefiting from a high-quality park and green space system.

High-value areas for waste sorting issues (see Figure 9g) are concentrated within
Tong’an District, especially in rural and urban-rural fringe areas, reflecting lagging in-
frastructure and management systems. Low-value areas are almost entirely in the Siming
District, highlighting the mature experience of older urban areas in waste sorting and
daily management.

High-value areas for community management issues (see Figure 9h) align closely
with the distribution patterns revealed in Section 3.3.2 for dominant factors. They are
mainly concentrated in urban—suburban fringe zones and areas with high population mo-
bility. Low-value areas appear in the eastern Xiang’an District, northern Haicang District,
and northern Huli District—recently developed districts or directions of urban expan-
sion. Although these areas are still in the process of establishing community governance
systems, residents experience relatively low governance pressure in daily life, thanks
to well-developed infrastructure, reasonable spatial planning, and moderate population
density. Consequently, their subjective sensitivity to community management issues is
relatively low.

(3) Housing Scale

Housing-scale variables generally exhibit a spatial gradient of “old city with aging
facilities—new city with complete construction—suburban areas with weak infrastructure,”
reflecting a strong correlation between residential quality and the urban development
timeline. The spatial patterns of different indicators not only reveal differences in residents’
subjective perceptions of housing conditions but also reflect spatial imbalances in housing
renewal and property ownership structure.

High-value areas for housing safety issues (top 10% of local importance, see Figure 10a)
largely align with the distribution patterns of dominant factors discussed in Section 3.3.2,
mainly concentrated around popular tourist spots and remote rural areas. These regions
experience high population flow or have limited management resources, making safety
hazards more noticeable to residents. Low-value areas (bottom 10% of local importance)
are mostly located in the urban core, where public services are dense, security measures are
well-established, and residents generally have higher social capital and stronger recognition
of community governance, resulting in a weaker perception of housing safety issues.

The spatial patterns of kitchen and bathroom availability are highly similar (see
Figure 10b,c). In over 90% of areas, their importance is close to zero, indicating that
these basic facilities are largely widespread throughout Xiamen. Higher importance is
observed only in parts of Haicang and Tong’an districts, reflecting that in peripheral or
older residential areas, some housing units still lack complete facilities or have restricted
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usability. These local high-value areas indicate that residents in certain communities remain
sensitive to basic living facilities, especially in urban-rural fringe zones.
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Figure 10. Spatial variation in local feature importance at the housing scale.

High-value areas for elevator availability (see Figure 10d) are primarily located in
island urban villages and old residential neighborhoods. These areas were mostly built in
the last century, with high building density and multiple floors, making elevator retrofitting
difficult; residents are therefore acutely aware of the inconvenience caused by the absence of
elevators. Low-value areas are concentrated in newly built communities such as Xiang’an
New Town, where modern construction standards and comprehensive infrastructure make
elevators standard, and residents’ sensitivity to this issue is significantly reduced.

High-value areas for tenure (see Figure 10e) are mainly distributed in the northwest of
Haicang District and central Jimei District, urban expansion zones where rapid housing
commodification increases residents” housing pressure, and perceived ownership directly
affects residential satisfaction. In Tong’an District, this variable shows pronounced spatial
differentiation: the western suburban areas are dominated by collective or rental housing,
with weaker ownership awareness and lower perceived importance; the eastern subur-
ban areas, where commercial housing and resettlement housing coexist, show elevated
importance due to psychological disparities arising from property differences.

High-value areas for housing affordability (see Figure 10f) are mainly concentrated in
the built-up areas and expansion fringes outside the island, where the rapid commercializa-
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(d) Income

tion of housing has driven up both purchase and rental costs. Within the island, a pattern of
“high in the center and low in the east and west” is observed. The central area, characterized
by mature commercial districts and core residential zones, faces soaring housing prices and
heavy financial burdens on residents. In contrast, the eastern and western sides, though
featuring higher-priced high-end residential communities, are primarily owner-occupied,
resulting in relatively lower housing cost pressures.

High-value areas for housing age (see Figure 10g) are concentrated near Wuyuan Bay
on the island and in the western suburbs of Tong’an District and eastern Xiang’an outer the
island. These areas feature a mix of old and new housing with uneven renewal rhythm:s,
making residents highly sensitive to differences in building age. Low-value areas are con-
centrated in Haicang New Town and the northern slopes of Wanshi Mountain on the island;
in the former, as a newly built area, residents are relatively less concerned about building
age, whereas in the latter, although housing age varies, the mature built environment and
well-established living services mitigate residents’ sensitivity to building age.

(4) Personal Characteristics

High-value areas for age characteristics (top 10% of local importance, see Figure 11a)
are mainly concentrated in Jimei District and western communities of Haicang District.
These regions are located in zones of rapid urban expansion, where both migrant and local
populations coexist, resulting in a pronounced age structure divergence. Different age
groups have substantial differences in housing needs, community belonging, and expecta-
tions for public resources, which amplifies the impact of age on HSS. Low-value areas (bot-
tom 10% of local importance) are scattered without obvious clustering. Residents in these
areas have relatively balanced age structures, stable daily routines, and well-established
social networks, reducing the explanatory power of age differences on satisfaction.
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Figure 11. Spatial variation in local feature importance of personal characteristics.

The higher local importance of educational attainment (see Figure 11b) is primarily
distributed on the northern and southern wings of the central inner-island area, while outer-
island it is concentrated in the western suburban areas of Tong’an District. Highly educated
groups generally have stronger housing choice capabilities, making their satisfaction more
influenced by a combination of housing quality, commuting efficiency, and community
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environment. Low-value areas are concentrated in the mid-eastern coastal section of the
island, such as emerging industrial clusters like the Xiamen Software Park. Although
these areas have high education levels, the population is highly mobile and dominated by
“new Xiamen residents,” resulting in relatively weak community belonging and a weaker
correlation between education and satisfaction.

Local importance for career prestige (see Figure 11c) is higher in the Jimei Academic
Village area and western Haicang District on the outer island, and mainly concentrated
in high-end residential areas such as Wuyuan Bay on the island. High-value areas reflect
that residents with higher occupational status tend to choose communities with superior
functions and environments, exhibiting a pronounced social stratification effect on satisfac-
tion formation. Low-value areas are concentrated in the eastern suburban areas of Tong’an
District, where the local economy in urban-rural fringe areas is dominated by lower-status
occupations, reducing the explanatory power of career prestige on satisfaction.

Local importance of household income (see Figure 11d) shows that island high-value
areas are mainly distributed in the northern and southern coastal streets, which attract
many middle- and high-income migrants with higher demands for housing quality and
living environment. In the outer-island region, high-value areas are concentrated in urban
village edges of Haicang District, likely reflecting mixed-income groups formed during
rapid urbanization. Low-value areas are concentrated around the Haicang port and its
logistics hinterlands, where industrial homogeneity leads to relatively uniform incomes,
weakening the explanatory power of income differences on satisfaction.

High-value areas for the number of cohabitants (see Figure 11e) are mainly concen-
trated in northern inner-island districts and on the outer-island urban expansion areas,
such as western Haicang District and Qiaoying Subdistrict on the eastern coast of Jimei
District. These areas are undergoing substantial social restructuring, with both established
multi-generational households and newly arrived small families coexisting. This diversity
in household structure generates significant differences in HSS, giving the number of co-
habitants high relative importance in the model. In contrast, low-value areas are mainly
located in the eastern suburban areas of Tong’an District, where households are primarily
long-established residents and social structures are stable, resulting in weaker explanatory
power of cohabitant numbers on satisfaction.

For residential duration (see Figure 11f), high-value areas are mainly concentrated in
the eastern inner-island and central zones of the four peripheral districts. These are mostly
newly built communities where residents have short occupancy periods, so differences in
residential duration directly influence the formation of satisfaction perceptions—the longer
the residence, the stronger the familiarity with the environment and sense of community
belonging. Low-value areas are concentrated in western inner-island old neighborhoods
and outer-island surrounding rural areas, where differences in residential duration have
limited explanatory power, reflecting the stable expectations and environmental inertia of
long-term residents.

4. Conclusions

This study leverages the 2025 Xiamen Urban Physical Examination survey to investi-
gate the spatial differentiation of human settlement satisfaction (HSS). Methodologically,
we introduce the Geographically Random Forest (GRF) model into urban livability research,
effectively capturing complex nonlinear relationships and spatial heterogeneity that tra-
ditional models often miss. This approach allows for both global interpretation and local
explanation, providing a robust analytical framework for diagnosing urban issues. Our
primary contributions are threefold: (1) advancing the theoretical understanding of HSS
by revealing its multi-scale spatial determinants and their interactive effects; (2) establish-
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ing a replicable, multi-scale spatial analysis paradigm for urban livability research; and
(3) providing empirically grounded insights for refining the Urban Physical Examination
system and supporting targeted urban governance strategies.

The study leverages Xiamen'’s distinct “island—outer-island” duality, a strategic case
setting that encapsulates multiple urban development stages within a single city. This spa-
tial binary is fundamentally a manifestation of phased land development, where the mature
island core faces challenges of intensive land use and regeneration, while the expanding
outer-island grapples with land consumption and the integration of new urban fabric. This
intrinsic contrast enables our findings to reveal land-use and governance mechanisms trans-
ferable to a wide spectrum of cities experiencing core-periphery dynamics. The differential
governance implications—optimizing the mature island core through land re-densification
and functional upgrades versus managing outer-island expansion through compact devel-
opment and pre-emptive reservation of land for public services—demonstrate the practical
value of this binary perspective for diverse urban contexts.

Furthermore, the empirical results affirm the explanatory power of our multi-scale
framework. The notable disparities in variable importance across scales demonstrate
that HSS is shaped by a nested system of factors, wherein the distinct governance and
experiential logics of each spatial level jointly produce the urban lived experience. Critically,
this multi-scale logic mirrors the hierarchical nature of spatial planning: block-level vitality
is rooted in zoning and land-use mix; community-level governance is contingent on the
allocation of land for public facilities; and housing-scale conditions are directly shaped
by land supply policies and redevelopment paradigms. Our framework thus provides a
diagnostic tool to trace satisfaction outcomes back to their specific land-use and planning
determinants, bridging the gap between resident perception and the material consequences
of spatial policy.

The findings are as follows: First, at the overall level, multi-scale features differ
significantly, with the built environment dominating HSS. Block-level business vitality
emerges as the most influential factor, followed by community management and housing
safety. Multi-scale comparisons show that block-scale features contribute the most, followed
by community-scale features, while housing and personal characteristics are relatively
weaker but still significant. This indicates that HSS is spatially driven primarily by a
combination of the built environment and governance effectiveness.

Second, at the block scale, business vitality dominates, with facility accessibility and
living convenience being key. Business vitality significantly enhances HSS and exhibits
reinforced marginal effects in high-vitality areas, highlighting a positive “convenience—
satisfaction” relationship. In contrast, the importance of cultural and parking facilities
is lower but displays notable spatial heterogeneity, particularly in emerging industrial
zones and peripheral areas where facility shortages or poor management are major sources
of dissatisfaction.

Third, at the community scale, governance and service provision exhibit significant
disparities, with a pronounced “governance shortfall” effect. Community management
issues are particularly evident in suburban and high-mobility areas, reflecting a mismatch
between grassroots service capacity and the pace of urban expansion. Other aspects, such
as public space and community care, also display differentiated patterns across functional
zones, revealing diversified demands for community governance.

Fourth, at the housing scale, residential conditions and economic pressures coexist,
and variations in housing quality lead to differentiated satisfaction levels. Housing safety
issues are mainly concentrated around tourist attractions and remote rural areas, reflecting
risks arising from inadequate management in high-traffic zones and housing deteriora-
tion. In newly developed urban expansion areas, the sense of property ownership serves
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as a core determinant of residents’ satisfaction. The high-value distribution of housing
affordability in both built-up and expansion-edge areas highlights the tension between
economic pressure and well-being. Although the overall influence of housing infrastructure
is relatively weak, certain local sensitivities still exist.

Finally, at the individual level, social structure reshapes satisfaction differences. Per-
sonal characteristics factors are generally of low importance but show significant spatial
heterogeneity. Age and residential duration are more important in expansion areas, re-
flecting differentiated perceptions between migrants and local residents. Career prestige
and household income show social stratification patterns, with high-prestige and middle-
income groups experiencing greater fluctuations in satisfaction. The importance of the
number of cohabitants rises in the expansion areas, highlighting differences in residential
experience arising from mixed social structures.

Despite the pronounced spatial heterogeneity in the underlying drivers of HSS across
all scales (as detailed in Findings 1-5 and visualized in Figures 8-11), the outcome—overall
satisfaction (Figure 3)—exhibits a considerable degree of spatial homogeneity, with more
than 60% of the city reporting being “Satisfied” or “Very Satisfied.” This apparent paradox
can be reconciled through two key mechanisms: (1) the “ceiling effect” and expectation
adaptation, where high baseline development in Xiamen compresses satisfaction scores at
the upper end of the scale, and residents calibrate their expectations to local contexts and
(2) factor compensation and substitution, whereby different combinations of strengths and
weaknesses across neighborhoods can yield similar net satisfaction levels (e.g., superior
business vitality compensating for parking stress in the core, or newer housing compensat-
ing for nascent community services in the periphery). This critical insight underscores that
aggregate satisfaction scores can mask vastly different local realities and needs.

Consequently, the management implications derived from this study are twofold: it is
necessary not only to maintain the overall high standard of living that generates widespread
satisfaction but also to implement targeted, spatially sensitive interventions that address
the specific and heterogeneous deficiencies identified herein.

Based on these findings, three policy recommendations are proposed: (1) Embed
spatial and land-use diagnostics into the UPE indicator system. Future assessments should
move beyond aggregate metrics to incorporate key land-use performance indicators, such
as functional mix, accessibility to amenities, and provision of community service land. This
will directly link satisfaction drivers like commercial vitality and management efficacy
to their spatial and planning foundations, enabling more precise problem identification.
(2) Leverage land-use tools for multi-scale governance. Spatial planning is critical for
addressing the identified heterogeneity. At the block scale, use zoning and land disposition
to promote vibrant, mixed-use environments and ensure adequate land allocation for
public facilities. At the community scale, safeguard land for grassroots governance sites
and community services in urban plans to address governance shortfalls in expanding
areas. At the housing scale, guide housing quality and safety through land supply policies
that prioritize residential infill and the redevelopment of deteriorating housing stock.
(3) Emphasize residents” subjective spatial feedback. Assessment data reflect not only
objective urban operation but also collective resident perceptions. Future work should
establish dynamic mechanisms for collecting residents’ perceptions and use geographic
information and AI models to capture changes in perceptual space, enabling intelligent
urban health monitoring and early warning.

Future research can expand in two directions: first, conducting longitudinal analyses
of urban physical survey data across years to reveal temporal relationships between policy
adjustments and changes in resident perceptions; second, integrating multi-source spatial
big data (e.g., street view, POI, mobile signals) to improve spatial precision of indicators,
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thereby establishing UPE models with stronger predictive and explanatory power; and
third, examining heterogeneity across different population groups—such as rural-to-urban
migrants, residents in informal housing—and incorporating community-level Human De-
velopment Index (HDI) values to better understand how social and demographic contexts
shape perceptions and urban satisfaction.
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