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Abstract

Rapid urbanisation has exacerbated habitat fragmentation and degradation, necessitating
urgent improvements to urban habitat quality. However, most current studies lack an
analysis of spatial differences in local ecological quality, particularly a systematic explo-
ration of how different urban spatial characteristics drive such differences. Based on this,
we use Shanghai as an example, employing the INVEST model to assess habitat quality,
and utilise CatBoost machine learning models and the SHAP model to reveal the specific
spatial distribution characteristics of the habitat quality spatial differences from a mor-
phological perspective, as well as its response to changes in urban spatial form factors.
The results indicate that (1) urban habitat quality exhibits significant spatial differences,
with quality differences persisting even within regions of the same habitat grade, demon-
strating complex spatial characteristics; (2) density-related indicators such as building
density and population density have a significant negative impact on the habitat quality
spatial difference value, while configuration-related indicators such as the water ratio and
Normalised Difference Vegetation Index have a significant positive effect, with Population
Density contributing the most among all variables (20.74%); and (3) the variables exhibit
significant nonlinearity and threshold effects. For example, when building density exceeds
0.05, the positive impact becomes a negative impact. The interactions between variables
further reveal the multi-dimensional coupling mechanisms underlying habitat quality
performance. This study contributes to a deeper understanding of the spatial differences of
urban habitat quality, providing scientific support for urban ecological zoning management,
the optimised allocation of green space resources, and differentiated spatial governance
while offering methodological and decision-making references for the construction of
high-quality ecological cities.

Keywords: urban ecosystem services; machine learning; nonlinear effects; urban spatial
form; Shapley additive explanation; spatial residuals; habitat quality

1. Introduction

With the acceleration of global urbanisation, the health and sustainable development
of urban ecosystems have become a focus of international attention, and rapid urbanisation
has not only brought about rapid economic prosperity but also ecological issues such as
habitat fragmentation [1], land degradation [2], the heat island effect [3], and river pollu-
tion [4]. Many major international cities, such as New York [5], London [6], and Seoul [7],
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face similar environmental challenges. Ecological construction, as an indispensable com-
ponent of urban development [8], is not only crucial for the construction of sustainable
cities [9] but also significantly impacts ecosystem services and residents” well-being [10,11].
Currently, research on the relationship between urbanisation and ecological issues pri-
marily focuses on the construction of urban ecological networks [12], the identification of
ecologically sensitive areas [13], the assessment and optimisation of ecological risks and
ecological security patterns [14-16], and ecological issues caused by urban pollution [17].
Among these, identifying threat sources, ecological sources, and spatial patches [18,19], as
well as constructing ecological corridors and ecological networks to enhance habitat quality,
are common approaches [20,21]. Although there have been regional-scale studies on urban
habitat quality [22], when the focus is narrowed to within cities, research has primarily
examined the spatial connectivity of different habitat quality zones within cities, aiming to
enhance habitat quality by constructing ecological networks. However, habitat quality is
known to decline with increasing distance due to various influencing factors [23]. Even
though there may be potential quality differences and ecological functional imbalances
between habitat units within the same spatial unit, existing studies have primarily focused
on connecting high-quality habitat units [24], with limited analysis of habitat quality dif-
ferences within spatial units. This “point-to-point’ connection strategy for high-quality
ecological endpoints, while beneficial for macro-scale optimisation, struggles to accurately
identify quality differences within spatial units, thereby limiting the overall functionality
of ecological networks. Therefore, we must transcend the perspective of individual patches
or connectivity pathways to comprehensively understand the spatial differences within
urban ecological environments. By systematically quantifying the local quality differences
and interactions between habitat units, we can develop precise and efficient ecological
space governance and quality improvement strategies, laying a scientific foundation for
the construction of truly sustainable ecological cities [25].

As landscape ecology continues to delve into spatial form analysis [26,27], the spatial
differences in habitat quality have gradually become an important topic in urban ecological
research [28-30]. Numerous studies have shown that habitat quality has a significant impact on
urban wildlife [31,32], and its changes reflect the interaction between urban nature and human
activities. Habitat quality, influenced by natural geographical background and the intensity of
human activities [33-35], exhibits significant local differences and structural complexity in its
spatial pattern within cities [36]. Even at the macro-scale, regions classified under the same
ecological functional category may exhibit significant deviations in habitat conditions across
different grids or plots [37]. This spatial difference reflects both the heterogeneous responses
of ecosystems to disturbances within urban environments [38,39] and the spatial unevenness
in the provision of ecological services [40—-42], offering valuable insights into the resilience
and restoration potential of urban ecosystems. Although previous studies have made some
progress in the overall assessment and gradient analysis of habitat quality [43—45], there
remains a lack of the systematic characterisation of local quality differences, spatial interactive
relationships, and their underlying mechanisms among habitat units within cities, limiting a
comprehensive understanding of spatial differences in habitat quality. Therefore, it is necessary
to adopt a finer spatial scale to systematically analyse the driving mechanisms of urban spatial
form factors on habitat heterogeneity patterns, filling the theoretical and empirical gaps in
the analysis of micro-scale spatial differences in urban ecosystem research and providing a
scientific basis for precise and differentiated urban ecological space governance.

Currently, the academic community has produced numerous research findings on the
description of urban spatial form [46-50]. Wang et al. characterised urban form from aspects,
such as green space patterns, built environment, human activity intensity, and topographical
conditions, and revealed the nonlinear impact of urbanisation on land surface temperature
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(LST) [51]. In addition, Bansal et al. studied the impact of urban morphology on the urban
heat island effect, describing the spatial morphology of cities in terms of building height,
altitude, vegetation, and other factors as independent variables [52]. Building on previous
research, this study constructs an urban spatial form indicator system encompassing both
two-dimensional and three-dimensional features to systematically quantify the impact of
urban development patterns on the spatial differences in habitat quality. Additionally, we
selected Shanghai as a case study due to its multifaceted typicality and advantages. On the
one hand, Shanghai is located in the core area of the Yangtze River Delta on the east coast
of China and has a permanent population of over 24 million, making it one of the most
representative megacities in China and globally [53]. Shanghai has a high level of urbanisation
and a typical development pattern, compared with other cities in the surrounding area (such
as Suzhou and Wuxi), and Shanghai exhibits a higher intensity of built environment and
more complex spatial utilisation, providing a model for studying the response mechanisms
of urban ecosystems [54]. On the other hand, Shanghai has relatively complete remote
sensing data, urban development data, and urban construction data [55], providing a solid
foundation of data support for this study. Furthermore, Shanghai has a high level of urban
construction, diverse urban spatial forms, and a prominent contradiction between ecological
protection and urban expansion [56,57], making it both practically urgent and theoretically
representative for conducting research on habitat quality spatial differences. Therefore, this
study selects Shanghai as the research object, integrates previous research, constructs a
multi-dimensional urban form indicator system, and systematically assesses the influence
mechanisms of urban spatial form on habitat quality spatial differences, providing practical
evidence and methodological references for global megacities to achieve ecological resilience
enhancement and sustainable spatial optimisation.

In this study, accurately identifying the spatial differences of urban spatial forms
that affect habitat quality is a critical step. Currently, quantitative assessments of habitat
quality primarily utilise the habitat quality calculation model of the InVEST model [58,59],
which calculates habitat quality based on land use data and threat source data [60,61],
accurately reflecting urban habitat quality. With the rapid development of remote sensing
technology, researchers can now access higher-resolution and larger-scale land use data [62],
enabling more precise reflections of urban habitat quality. However, traditional methods
have limitations in analysing the complex nonlinear relationships between urban spatial
patterns and habitats. Nonlinear models do not rely on data distribution like traditional
methods do but increase in complexity as the data change, making them particularly
effective for addressing the research questions in this study. Examples include Random
Forest [63], XGBoost [64], GBRT [65], LightGBM [66], SVM [67], etc. Although these models
are highly effective in studying the nonlinear effects of urban spatial form on habitat
spatial differences, they are black-box models, making it difficult to interpret their results
intuitively. Explainable machine learning offers a new approach to addressing this issue,
with the SHAP model providing intuitive explanations for both global and local model
results, revealing the complex interactions between variables [68].

In summary, our study focuses on the following two research questions: (1) What
are the spatial distribution characteristics of habitat quality differences in high-density
urban areas? (2) How does urban spatial form influence these spatial differences in habitat
quality? The research significance of our study is primarily reflected in the following
aspects: (1) Breaking away from the traditional research paradigm that focuses solely on the
overall level of habitat quality, this study systematically characterises the local differences
and spatial imbalances in habitat quality within cities. (2) By employing interpretable
machine learning methods, it provides a more in-depth and comprehensive understanding
of the complex relationship between urban spatial form and habitat spatial differences. (3)
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Based on the research findings, it offers scientific recommendations for urban planning and
management in rapidly urbanising cities, identifying habitats that require improvement in
the future and providing guidance for alleviating urban ecological pressures.

2. Materials and Methods
2.1. Shanghai’s Geographical Location

Shanghai is located at the mouth of the Yangtze River in eastern China, with geo-
graphical coordinates of 120°52'-122°12/ east longitude and 30°40’-31°53’ north latitude,
covering a total area of approximately 6,340.5 square kilometres. As of 2023, the permanent
population exceeded 24.8 million, making it one of China’s most densely populated and
highly urbanised megacities. The central urban area of Shanghai is characterised by an
extremely high population density, building density, and land development intensity, with
its spatial form exhibiting significant trends toward high density, mixed-use development,
and verticalisation [69]. Therefore, this study selects Shanghai as a typical research area,
which is highly representative, facilitating an in-depth exploration of the mechanisms by
which urban spatial form influences the spatial differences in habitat quality (Figure 1).
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Figure 1. Map of Shanghai’s location. The map depicts the geographical location of Shanghai at the
mouth of the Yangtze River. It also shows Shanghai’s altitude and land use.

2.2. Research Data Sources

The land use data used in this study were obtained from a 1-metre resolution land use
map created by Li et al. using deep learning [70], based on open access data from 2021,
which can be accessed from the Zenodo website (https://zenodo.org/records /8214467
accessed on 1 July 2025), providing a high accuracy level for spatial differences studies. The
building vector data are derived from Google Earth imagery and street view images with a
resolution of 0.3-1 metre from 2022 to 2024, based on research by Zhang et al. Combined
with other data, machine learning and large multimodal models were used to generate at-
tributes for each building, including the roof, height, structure, function, style, age and qual-
ity, with accuracy leading international counterparts [71]. The dataset can be downloaded
from the Figshare website (https:/ /figshare.com/articles/dataset/ CMAB-The_World_s_
First_National-Scale_Multi-Attribute_Building_Dataset/27992417 accessed on 1 July 2025).
The road data are sourced from OpenStreetMap (https://www.openstreetmap.org/) 2023
urban road data. The population data are sourced from the 2023 1KM global population
distribution data provided by the Oak Ridge National Laboratory in the United States,
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available on the LandScan website (https:/ /landscan.ornl.gov/). The DEM elevation data
are derived from the 30-metre FathomDEM data created by Uhe et al. [72], which use 2023
LiDAR as the target data; integrate COPDEM data, forest height data, and other datasets;
and were generated using a machine learning model. Compared to the industry-standard
COPDEM data, this dataset addresses issues such as vegetation and building obstructions,
achieving extremely high accuracy. The units are centimetres, and the data can be obtained
from the Zenodo website (https://zenodo.org/records/14511570 accessed on 1 July 2025).
Normalised Difference Vegetation Index (NDVI) data were generated by Gao et al. [73]
based on the Aqua/Terra—MODIS satellite sensor MOD13Q1 and land use data. It was
created through a series of processes, including initial reconstruction of similar feature
noise pixels, S-G filtering of long sequence images, maintaining high quality, monthly
synthesis, and stitching, to form the 2023 NDVI data for China. The data can be obtained
from the National Qinghai-Tibet Plateau Science Data Centre (http://data.tpdc.ac.cn).

2.3. Urban Spatial Form Variables and Spatial Differences in Habitat Quality

Urban spatial form refers to the structural and three-dimensional characteristics of a
city in geographical space, reflecting the level of built environment and degree of urbanisa-
tion [74]. It is a concentrated manifestation of the spatial coupling and interaction between
the natural environment, socio-cultural factors, and urban functions. This paper builds
upon existing research foundations, adopting a two-dimensional and three-dimensional
perspective [75], to establish an urban spatial form indicator system encompassing multiple
dimensions such as density, shape, configuration, landscape, and topography, thereby com-
prehensively quantifying urban spatial form characteristics. Table 1 shows the statistical
information of the independent variables and dependent variables, and Figure 2 shows the
spatial distribution patterns of all the independent variables.

Table 1. Description of urban spatial form indicators and spatial difference values of habitat quality.
All data are rounded to four decimal places for readability, but calculations are still based on the
original precision of the data.

Variable I;ldlcat'o ! Indicator Name Abbreviation Maximum — Minimum Average Value
Dimension Value Value
Building Density BD 0.9130 0 0.054
Density type Population Density PD 4619.52 0 225.958
Road Density RD 0.3293 0 0.006
Building Boundary
Complexity Index 1 27.8434 0 0.674
Average Building
Shape type Height ABH 21.0203 0 0.058
Number of Building NBP 174 0 8.804
Patches
Urban spatial form Land Use Mix LUM 8 1 5.627
ndicators Configuration Normalised
(Independent & Difference Vegetation NDVI 1.3666 ~0.4320 0.8247
variable) type Index
Water Ratio WR 1.1627 0 0.0737
Largest Patch Index LPI 100 15.3124 73.5508
Land Shape Index SI 2.9783 1 1.2870
andscape Shannon’s Evenness
type Index SHEI 1 0 0.6303
Number of Patches NP 1413 1 142.1519
Aggregation Index Al 100 0 97.4265
Terrain tvpe Mean Elevation ME 4812.28 —150 215.4911
P Mean Slope MS 87.8544 0 20.5888
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Table 1. Cont.

Variable I.ndlcat.o y Indicator Name Abbreviation Maximum  Minimum Average Value
Dimension Value Value
Spatial differences
in habitat quality
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Figure 2. Visualisation of all independent variables.

2.3.1. Density Type

Density type indicators reflect the degree of spatial aggregation, including the building
density, road density, and population density. Their development and aggregation not
only affect urban functions, residents” quality of life, and economic activities but also have
a certain impact on the ecological environment. Research indicates that the aggregation
of buildings can disrupt the continuity of habitats [76], road connectivity can affect the
integrity of habitats [77], and human activities can impact the coordination of habitats [78].
Therefore, selecting these three typical indicators to reflect the spatial aggregation patterns
of urban development can help us gain a more comprehensive understanding of the
morphological characteristics of cities in a two-dimensional plane. Building density is
calculated as the ratio of the building area to the area of the assessment unit, road density
is calculated based on road length, and population density is obtained by proportionally
weighting the population density data and converting them to the assessment unit grid.
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2.3.2. Shape Type

In addition to traditional two-dimensional analysis, it is also necessary to conduct an in-
depth analysis of the spatial characteristics of urban construction from a three-dimensional
perspective. In three dimensions, building height is one of the most representative indi-
cators [79,80], reflecting the intensity of vertical development in urban areas [81], and its
elevation changes affect habitat quality [82]. The number of building patches indicates the
density of buildings within a given spatial unit; the higher the number, the stronger is the
vertical sense of oppression in the space. By combining the average building height with the
building density, one can comprehensively assess the intensity of building development and
spatial crowding at the unit scale. Additionally, building boundary complexity measures
the degree of deviation from a standard circular shape, indirectly influencing surrounding
ecological spaces [83]. These three-dimensional indicators provide a more comprehensive
revelation of the structural characteristics of the built environment in vertical space. The
average height and patch number are calculated based on the actual height and distribu-
tion density of buildings, respectively, better reflecting the actual disturbance patterns of
urban three-dimensional forms on ecosystems. The building boundary complexity index is
calculated as follows: P

€= ovna @

In the formula, C is the building boundary complexity index, P is the perimeter of the
building, and A is the area of the building.

2.3.3. Configuration Type

The configuration type primarily reflects a city’s blue-green spaces and land use
patterns. Blue-green spaces serve as a crucial foundational element for enhancing habitat
quality, functioning not only as an integral component of urban space but also playing a
significant role in residents’ ecological well-being. Scientific planning and the configuration
of blue-green infrastructure can mitigate the negative impacts of urbanisation on habitat
quality [84]. Land use intensity, which reflects the intensity of land use in urban spaces,
can negatively impact habitat quality when it becomes too high, as it may accommodate
excessive urban functions [85]. Therefore, this study selects land use intensity, water ratio,
and NDVI data as the basic configuration characteristics of urban spaces. Land use intensity
is based on land use type data at the unit spatial level, while blue-green spaces are reflected
through the water ratio and NDVI data.

2.3.4. Landscape Type

The landscape pattern index is an important indicator reflecting the spatial structure
and form of urban green space types. It can identify habitat patches and corridors in urban
spaces, etc. [86]. The fragstats software is commonly used for calculation [87]. However,
due to the high precision and large volume of data in this study, the landscapemetrics 2.2.1
in R language was selected for calculating the landscape pattern index [88]. Considering
the structural correlation among indicators in landscape patterns, to avoid data redundancy,
this study employs LPI, SI, SHEI, NP, and Al to reveal the distribution and functions of
green spaces within the urban spatial environment (Table 2).
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Table 2. Definition and description of landscape indicators.

Indicator Definition

Refers to the proportion of the largest single patch in the

LP1 landscape.

An index measuring the complexity of plaque shape,
SI indicating the degree of deviation between a plaque and its
minimum perimeter shape (usually circular or square).

Used to measure the degree of balance in the spatial

SHEI distribution of different landscape types.

Refers to the number of patches of a specific landscape

NP type occurring within the study area.

An indicator of the degree of aggregation among similar
Al patches, reflecting whether a certain type of patch is
concentrated or scattered in the landscape.

2.3.5. Terrain Type

Terrain is a fundamental indicator of urban spatial form, directly influencing the
development of urban form, transportation planning, and more. Different terrains have
different habitat conditions, significantly affecting habitat quality. Elevation and slope are
two key characteristics of terrain. Therefore, this study selected the average elevation and
average slope to reflect terrain features. Average elevation describes the elevation variation
of spatial units, while average slope indicates the average degree of terrain undulation
within spatial units. We extracted and calculated these values using DEM data via the
ArcGIS 10.8.1 platform.

2.4. Habitat Quality and Spatial Differences Value
2.4.1. Habitat Quality Calculation

This study utilised the InVEST model to calculate habitat quality, which is currently
the most commonly used method among scholars for analysing habitat quality [89,90]. By
analysing land use and land cover maps (LULC) and assessing threats to species habitats,
InVEST models habitat quality and rarity as proxies for biodiversity, ultimately estimating
the extent and degradation status of habitat and vegetation types across the entire landscape.
We established a threat source table and a sensitivity table based on literature data and
expert opinions [91-95] and conducted sensitivity tests using different max-dist and weight
values (Table 3). The results of the sensitivity analysis showed that when the influence
distance and weight of threat factors were increased, the average habitat quality decreased
from 0.225 to 0.210 (a decrease of approximately 6.88%), and the spatial variance also
decreased from 0.0211 to 0.0151. This trend indicates that the model exhibits moderate
sensitivity to parameter settings, with logical and reasonable output results and no spatial
anomalies, thereby validating the robustness of the model settings. Subsequently, we
selected parameters commonly used in academic research for calculation, as shown in the
table below. Finally, in conjunction with relevant research papers [96,97], Group 2 was
selected as the research parameter settings (see Tables 4 and 5 for details).
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Table 3. Sensitivity test table.

Parameter Settings (Threat, Max-Dist,

Group MEAN Variance Weight)
Road, 1000, 0.6; Urban, 3000, 0.8;
1 0.225016672 0.021078767 Farmland, 2000, 0.4
Road, 8000, 0.8; Urban, 10000, 1;
2 0.209522928 0.015053269 Farmland, 4000, 0.5
Table 4. Threat source parameter settings.
Threat Max-Dist Weight Decay
Road 8000 0.8 Linear
Urban 10,000 0.1 Exponential
Farmland 4000 0.5 Exponential
Table 5. Table of sensitivity data for each LULC to threat sources.
LULC Urban Road Farmland Lucode I-Fablfa.t
Suitability
Road 0 0 0 1 0
Forest 0.7 0.5 0.5 2 1
Grassland 0.7 0.8 0.4 4 0.7
Farmland 0.5 04 0 5 0.5
Construction land 0 0 0 6 0
Sparse vegetation 0.9 0.4 0.4 7 0.9
Water body 0.8 0.5 0.5 9 0.9
Wetland 0.9 0.9 0.7 10 0.95

2.4.2. Calculation of Spatial Differences in Habitat Quality Values

Spatial differences in habitat quality is an important indicator for measuring the struc-
tural differences within urban ecological spaces. It not only reveals the disruptive effects
of spatial structure on the transmission pathways and intensity of ecological processes
during urban expansion but also highlights the potential nonlinear impacts of urban form
on habitat quality differences and the formation of ‘ecological fragmentation zones.” To
precisely characterise these spatial differences, we utilise spatial residuals to analyse the
spatial differences. By accurately identifying habitat spatial differences, we can effectively
locate ‘ecological hotspots’—areas with significantly higher habitat quality than surround-
ing units—as key nodes for biodiversity conservation and ecological function maintenance;
conversely, ‘ecological coldspots’ indicate priority areas for restoration and serve as fo-
cal points for urban ecological governance interventions. Methodologically, we first use
ArcGIS10.8.1’s ‘Focal Statistics” tool to extract the average habitat quality of each cell’s
neighbourhood; this includes both sides of the domain relationship, mainly adding the
adjacent units surrounding the perimeter of the unit, for a total of 8 units, i.e., all units
within a radius of 300 m from the centre of the unit grid. Then, we calculate the difference
between this value and the target cell’s value, defining it as the cell’s spatial differences
value. The specific calculation formula is as follows:

H; = Qi — Qng) 2)
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In the formula, H; represents the spatial difference value of cell i, Q; represents the

habitat quality value of cell , and Qy ;) represents the average habitat quality value of all
neighbouring cells within domain N (7).

2.5. Model Construction
2.5.1. Pearson Heat Map Correlation Analysis

Pearson heatmap correlation analysis is used to quantify the degree of linear cor-
relation between multiple variables. Its core is to measure the strength of correlation
through the Pearson correlation coefficient (range [—1,1]): positive values indicate positive
correlations, negative values indicate negative correlations, and the closer the absolute
value is to 1, the stronger the correlation. The implementation steps of this method are as
follows: first, pairwise correlation coefficients are calculated for all variables involved in
this study, and a symmetric correlation coefficient matrix is constructed; subsequently, this
matrix is visualised in the form of a heatmap, with colour gradients (e.g., red indicating
strong positive correlation and blue indicating strong negative correlation) to intuitively
present the distribution characteristics of the correlation strength between variables. In
this study, this method was used to test the degree of multicollinearity among various
indicators of urban spatial form (such as building density, NDVI, etc.), providing a basis
for subsequent model variable selection and avoiding the interference of multicollinearity
on model stability. The calculation formula is as follows:

DL -V
VL (X - %) o (-7

In the formula, X and Y are the means of variables X and Y, respectively, and n is the

©)

sample size.

2.5.2. Global Moran’s I

Global Moran’s I is a commonly used spatial autocorrelation index that quantifies
the degree of spatial clustering of a variable in spatial data. Its value range is typically
between —1 and 1. When the Moran’s I index is significantly greater than zero, it indicates
positive spatial autocorrelation, meaning that values in spatially adjacent areas tend to
be similar. Conversely, if the Moran’s I index is significantly less than zero, it indicates
negative spatial autocorrelation, meaning that values in spatially adjacent areas exhibit
a dispersed pattern. When applied to model residual analysis, the Moran’s I index can
reveal whether residuals exhibit significant spatial structure, thereby assessing whether
the model adequately captures spatial dependencies. If residuals exhibit significant spatial
autocorrelation, it suggests that the model has overlooked spatial effects, indicating the
need to incorporate spatial regression models or consider spatial neighbourhood variables
to enhance the model’s explanatory power and predictive accuracy.

T T wy(x — ) (x) - %)
= —x
W Y (xi — @2

(4)

In the formula, 7 is the number of samples, x; and X;j are the observed values of the
i-th and j-th samples, respectively, X is the average of the observed values, w;; is the weight
in the spatial weight matrix (reflecting the spatial relationship between i and j, such as
adjacency or inverse distance), and W =} ; 2;1:1 wjj is the sum of all spatial weights.
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2.5.3. CatBoost Model

Machine learning has significant advantages in researching urban system-related
issues, enhancing the scientific depth and practical breadth of research. Therefore, this
paper introduces the Categorical Boosting Machine (CatBoost) model, which can automati-
cally capture high-order nonlinear relationships and complex interaction effects between
variables. It demonstrates higher modelling accuracy and interpretability when handling
large-scale feature data and spatial difference issues [98].

When selecting models, we pre-compared the performance of seven common regres-
sion models in prediction tasks. The code was set up with 5-fold cross-validation and
test R> mean. The models included Categorical Boosting( CatBoost), eXtreme Gradient
Boosting(XGBoost), Random Forest(RF), Light Gradient Boosting Machine(LightGBM),
Support Vector Regressor(SVR), Multiple Linear Regression(MLR), and Decision Tree Re-
gressor(DTR). Based on the test set results (Table 6), the CatBoost model performed the
best, achieving the highest coefficient of determination (R2 = 0.4615), while its root mean
square error (RMSE = 0.0376) and mean absolute error (MAE = 0.0269) were also the
smallest, demonstrating excellent fitting accuracy and prediction stability. XGBoost and RF
followed closely behind, with R? values of 0.4450 and 0.4448, respectively, showing similar
performance. LightGBM performed slightly worse but still maintained a high predictive
capability (R = 0.4396). In contrast, SVR and MLR performed relatively poorly, with R
values of 0.2226 and 0.1374, respectively, reflecting their limitations in capturing complex
nonlinear relationships. The DTR has a negative R? value, indicating poor predictive perfor-
mance and potential issues with overfitting or underfitting. Based on the cross-validation
results, the generalisation capabilities of each model align with their performance on the
test set, further validating the superiority of CatBoost. Therefore, CatBoost is selected as
the primary model for subsequent analysis and prediction in this study to achieve more
precise habitat quality assessment results.

Table 6. Model comparison data table.

Model R? RMSE MAE CV-R? (5-Fold)
Categorical Boosting 0.4615 0.0376 0.0269 0.4455
(CatBoost)
eXtreme Gradient Boosting
(XGBoost) 0.4450 0.0382 0.0275 0.4198
Random Forest(RF) 0.4448 0.0382 0.0272 0.4301
Light Gradient Boosting
Machine (LightGBM) 0.4396 0.0384 0.0276 0.4257
Support Vector Regressor(SVR) 0.2226 0.0452 0.0354 0.2007
Multiple Linear
Regression(MLR) 0.1374 0.0476 0.0357 0.1303
Decision Tree Regressor(DTR) —0.1491 0.0549 0.0390 —0.1711

To improve the predictive performance and generalisation ability of the CatBoost
regression model, this study constructed a systematic model training and optimisation
framework, effectively avoiding overfitting risks through strict data partitioning and
multi-level regularisation strategies. Specifically, the dataset was divided into a training
set (80%) and a validation set (20%) in an 8:2 ratio to ensure the reliability of model
evaluation on independent data. During the hyperparameter optimisation phase, a multi-
dimensional parameter search space was designed, encompassing the iteration count
(iterations: 200, 500), learning rate (learning_rate: 0.01, 0.03), tree depth (depth: 4, 6), and
L2 regularisation coefficient (12_leaf reg: 3, 5, 7). The GridSearchCV method with 5-fold
cross-validation was used to comprehensively evaluate all parameter combinations, and
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the parameter configuration with the optimal R? score on the training set was selected as
the base model parameters.

To further enhance the model’s generalisation capability, several strategies were
adopted to prevent overfitting: cross-validation was used to ensure the model’s sta-
ble performance across different data subsets; L2 regularisation was applied to limit
model complexity and prevent excessive weight values; the maximum tree depth was
reasonably controlled to avoid overfitting to training noise; a smaller learning rate
was used to make the training process smoother and improve generalisation perfor-
mance; a reasonable number of iterations was set to avoid overtraining; and in the
final training stage, an early stopping mechanism was enabled using the validation set
(early_stopping_rounds = 50), automatically terminating training when no performance
improvement was observed for 50 consecutive rounds, further preventing overfitting.
Additionally, a fixed random seed was used to ensure the reproducibility of experiments
and the stability of results.

In summary, the trained CatBoost model significantly improves the generalisation ca-
pability while maintaining a high prediction accuracy, ensuring the reliability and scientific
validity of the model results and providing a solid technical foundation for subsequent
habitat quality predictions.

2.5.4. SHAP Model

SHAP is a model interpretation tool based on game theory. Its core idea is to treat
each prediction result as an output under a ‘feature cooperation game” and calculate the
marginal contribution value (Shapley value) of each variable in the current model structure
to achieve transparent interpretation of the CatBoost model. This paper calculates the
average absolute SHAP values for each metric to reflect their global importance ranking;
simultaneously, SHAP distribution plots and dependence plots are plotted to explore
the nonlinear response patterns of variables and their interaction effects, quantifying the
direction and intensity of the influence of urban form factors on the spatial differences of
habitat quality from both global and local perspectives.

2.6. Research Framework

The research framework is shown in Figure 3. First, the boundary data of Shanghai
were imported into ArcGIS 10.8.1 and divided into 81,619 equal fishing net units. Subse-
quently, the multi-source urban data obtained were classified and integrated according
to five major indicator systems and summarised at the spatial unit level. During the
data preprocessing stage, due to the lack of coverage of land use data and imagery
data in the wetland islands of the northeastern estuary region (as shown in Figure 4),
it was impossible to calculate complete independent and dependent variable values,
resulting in missing values (NA). If these were set to 0, it would affect the calculations.
Therefore, after excluding these units, 79,995 valid units were retained. Since these
NA value areas are small and primarily uninhabited wetland islands, their ecological
processes and urban development patterns differ significantly from the main study area.
We therefore conclude that their exclusion will not significantly affect the estimation of
spatial difference values.

We then ran InVEST 3.15.1 on Windows 10 to calculate habitat quality (running
time: approximately 5 h) and ran Python 3.12.7 and R Language 4.5.0 on Jupyter
Notebook 4.2.5 to perform the main code calculations and data analysis. First, the
landscapemetrics 2.2.1 in R Language was used to calculate various landscape pat-
tern indicators, which were then imported into the InVEST 3.15.1 model to calculate
habitat quality. The results were further aggregated to spatial units, and we imported
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the neighbourhood table and habitat quality data into Python platform in Jupyter
Notebook, calculated the habitat quality difference values for each unit, and then, to
ensure the scientific validity and reasonableness of the data, we preliminarily validated
the relationships between variables using VIF calculations and Pearson correlation
heatmaps within the Python platform.. Finally, after comparing the performance of
seven models, the CatBoost 1.2.8 model was selected. Combined with the SHAP ex-
plainability analysis method (version: 0.47.0), the analysis results were obtained after
running for 1.5 h. This study systematically explored the linear and nonlinear influence
mechanisms of urban spatial form factors on spatial differences in habitat quality,
as well as the interactive effects between variables. The overall research framework
aims to provide more refined and differentiated theoretical support and practical refer-
ences for urban ecological space construction, sustainable urban planning, and habitat
quality improvement.
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Figure 4. Distribution of NA values region. The figure shows a 1 m urban land use map created
by Li et al. [70] There are eight types of land use in Shanghai, and the red boxes indicate the spatial
distribution of missing NA values.

3. Results
3.1. Indicator Test Results

Before constructing the model, this paper first conducted a variance inflation fac-
tor (VIF) test on all independent variables to assess the multicollinearity among vari-
ables. The test results show that (Table 7), except for SHEI (VIF = 5.985479542) and
Al (VIF = 5.867533959), which were slightly higher than the empirical threshold of 5,
the VIF values of the remaining variables were relatively low, indicating that there
were no serious multicollinearity issues overall, and the data met the requirements for
subsequent modelling.
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Table 7. Variance inflation factor detection table.

Variable VIF

BD 3.391429834
PD 1.801751939
RD 1.257903238
CI 1.294755144
ABH 1.623958565
NBP 2.659406701
WR 1.786228027
LUM 1.690283673
NDVI 1.458976383
LPI 4.882892746
SI 1.333606803
SHEI 5.985479542
NP 4.57149095
Al 5.867533959
ME 1.41588827
MS 1.269321021

Subsequently, we further analysed the correlations between the respective variables

using a Pearson correlation coefficient heat map. The results show that (Figure 5), except for
a strong negative correlation between SHEI and LPI (r = —0.88), and NP and Al (r = —0.86),
the absolute values of the correlation coefficients between the remaining variables were all

less than or equal to 0.7, indicating that, except for a few variables, there was no significant

multicollinearity problem among the independent variables as a whole, and there was a

good foundation for variable independence.
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3.2. Analysis of Spatial Differences in Habitat Quality
3.2.1. Habitat Quality Analysis Results

Figure 6a shows the spatial distribution of habitat quality calculated using the InVEST
model. The analysis indicates that habitat quality in the urban core area is generally low,
while high-quality areas are primarily concentrated in the southern and northern parts
of the city. These high-value areas exhibit a certain degree of fragmentation, while the
core area is dominated by continuous low-quality patches, though it also contains several
localised high-quality ecological patches. To further conduct spatial differences analysis,
we imported the results into the ArcGIS platform, calculated the average habitat quality of
neighbouring grid cells, and excluded NA regions caused by the calculation of independent
variables. The final spatial distribution map is shown in Figure 6b. This map maintains a
high degree of consistency with the spatial pattern output by the InVEST model.
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Figure 6. Spatial distribution map of habitat quality in Shanghai. (a) Describes the spatial visualisation
of habitat quality grid data output by InVEST; (b) Describes the use of ‘Zone Statistics as Table” in
ArcGIS 10.8.1 to calculate the average habitat quality value for each 300 m x 300 m cell.
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3.2.2. Habitat Quality Spatial Difference Values and Global Moran’s I Analysis

Figure 7 shows the spatial distribution characteristics of habitat quality spatial dif-
ference values in the study area. Overall, the distribution does not exhibit significant
concentration or differentiation structures, with a relatively dispersed spatial pattern char-
acterised by a certain degree of randomness and local variability. In terms of spatial
structure, areas with higher habitat quality have a higher proportion of positive residual
units, indicating that local habitat quality is significantly superior to the average value of
its neighbouring areas, reflecting a strong ecological self-stabilisation capacity and positive
ecological spillover effects. Conversely, in urban core areas or high-intensity development
zones, negative residual values are relatively concentrated, indicating that the local ecologi-
cal quality in these areas is significantly inferior to that of surrounding areas, potentially
influenced by factors such as surface hardening, excessive building density, and ecological
fragmentation [99]. Notably, even within core urban areas, there are a certain number of
positive residual patches, primarily distributed around blue-green infrastructure, forming
a spatial structure of ‘low-value background-high-value patches’ nested and mixed. This
feature indicates that even in highly urbanised areas, habitat quality exhibits significant
differences at the micro-scale, and local ecological advantage zones may play a key role
in mitigating overall ecological degradation trends [100]. Overall, the spatial distribution
pattern of habitat quality difference values reveals the non-equilibrium nature of urban
ecosystems at the local scale, reflecting the complex and nonlinear mechanisms driven
by multiple factors of urban spatial form. This provides an important spatial basis and
theoretical support for subsequent spatial modelling and mechanism analysis.
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Figure 7. Spatial difference distribution characteristics of habitat quality.
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We then conducted a spatial autocorrelation analysis of the spatial difference values
in habitat quality based on the global Moran’s I statistic. The results revealed a signifi-
cant positive spatial autocorrelation (Moran I = 0.033399), indicating that grid cells with
similar habitat quality spatial difference values tend to cluster spatially. The high z-score
(13.300281) and p-value less than 0.001 strongly rejected the null hypothesis of spatial
random distribution, confirming that this distribution pattern is statistically significant.
This study indicates that, at the scale of this research, habitat quality in the Shanghai region
is not randomly distributed across the landscape but exhibits a statistically significant
clustering distribution pattern.

3.3. Nonlinear Mechanisms and Explanations
3.3.1. Relative Importance of Urban Spatial Form Variables

We used the CatBoost model to conduct global and local analyses of each variable,
explaining the nonlinear characteristics of urban spatial form on habitat quality spatial
difference values. The figure below (Figure 8) shows the importance of SHAP global
features, with the X-axis of both figures representing the SHAP values and the Y-axis
representing each indicator feature. The left figure calculates the absolute average SHAP
value for each variable and sorts them from highest to lowest, indicating the contribution of
each feature to the habitat quality spatial difference value. The right figure shows the local
importance, plotting the SHAP values for each feature as points to display the distribution
of SHAP values, with positive values on the right and lower values on the left. The colours
indicate the magnitude of the feature values, with red representing high values and blue
representing low values.
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Figure 8. Relative importance of urban spatial form variables for habitat quality spatial difference
values.

Feature importance analysis based on SHAP values shows (Figure 8) that spatial
differences in habitat quality are influenced by multiple indicators working together. In
the global feature importance plot on the left, PD emerges as the core influencing indicator
with the highest average absolute SHAP value (20.74%), followed by BD (13.58%), SHEI
(12.13%), WR (9.99%), and LPI (8.45%) etc.,. The SHAP value distribution scatter plot on
the right further reveals the direction of indicator effects: when the BD feature values are
high, the SHAP values are mostly negative, indicating that building densities suppress
habitat quality; when the SHEI and WR feature values are high, the SHAP values are mostly
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positive, indicating that high landscape uniformity and large water area proportions have
a positive promotional effect on habitat quality. Overall, the influence of indicators across
dimensions on spatial differences in habitat quality exhibits significant dimensional differ-
ences. Density type has the most prominent impact on spatial differences in habitat quality,
with all variables ranking in the top six, indicating that urban development intensity and
human activity density significantly disrupt the spatial distribution of habitat quality [101],
highlighting the decisive role of human disturbances such as population, buildings, and
roads; landscape type contributes 24.14% to regulating habitat structural integrity; and
configuration type(WR, NDVI, LUM) accounts for 16.27% and ranks third, serving as the
natural configuration foundation for habitat quality. In contrast, shape type indicators have
a relatively weak impact on spatial differences, with all variables at only 11.32%, indicating
that building morphology has a relatively limited influence on spatial differences in local
habitat quality. Similarly, terrain type indicators also have an overall insignificant impact,
but the scatter plot shows a certain nonlinear relationship between ME and MS, which
may reflect the complexity and regional differences in habitat quality performance under
different terrain conditions.

3.3.2. Marginal Effects of Urban Spatial Form Variables

After identifying the significant nonlinear impact of urban spatial form on habitat qual-
ity spatial difference values, this paper further introduces the SHAP method to characterise
the marginal effects of key indicators and deepen our understanding of the mechanisms of
variable effects. The marginal effect refers to the corresponding change in the dependent
variable when the independent variable undergoes a small change. It not only reveals the
direction of the relationship between variables (positive or negative) but also quantifies the
degree of influence. It is a key tool for analysing nonlinear relationships and threshold ef-
fects, Figure 9 illustrates the marginal contribution relationships of each variable to habitat
quality spatial difference values, where the horizontal axis represents the indicator values
and the vertical axis represents the corresponding SHAP values, which measure the extent
of the impact of variable changes on the target variable. We focus on analysing the first five
indicator factors.

The results show that, as PD increases within the range of 0-1000, the moderate human
activities it triggers can maintain or improve habitat quality locally, indirectly supporting
habitat expression and diversity; however, once the threshold is exceeded, the marginal
effects of habitat disturbance caused by an excessive population concentration weaken. BD
also exhibits a significant negative correlation with the spatial difference values in habitat
quality. When BD exceeds 0.05, the positive impact becomes a negative impact, indicating
that an excessive building density significantly compresses the ecological space, disrupting
the stability and spatial balance of local habitat quality. SHEI exhibits a strong threshold
response; when its value exceeds 0.8, spatial difference values shows a sharp decline,
indicating that excessive uniformity may disrupt the structural distribution of ecological
functions, leading to spatial system imbalance. WR exhibits a clear linear positive effect in
the 0-0.4 range, indicating that increasing the proportion of water bodies within this range
helps reduce the spatial difference values and enhance ecological connectivity. Between
0.4 and 0.6, the marginal effect flattens out, with further increases in regulatory effects
weakening, followed by a strong negative effect and increased dispersion, as the underlying
mechanisms become more complex. LPI exhibits a positive effect on the spatial difference
values within the 0-60 range, indicating that moderately sized core habitat patches can
strengthen habitat integrity and stability, benefiting habitat quality improvement; however,
beyond this threshold, the SHAP value rapidly declines, indicating that the ecological
benefits of core habitat patch size have an upper limit, and overly expanded single patches
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may actually weaken habitat quality. RD exhibits an overall negative correlation effect,
with high clustering in the 0-0.02 range, indicating that road densification significantly
exacerbates local ecological disturbances, widening the gap in habitat quality between
neighbouring areas and increasing the spatial difference values. As the density further
increases, its impact gradually exhibits a trend toward dispersion. In summary, SHAP
analysis reveals the nonlinear mechanism and marginal effect differences of urban spatial
form factors on the habitat quality spatial difference value, providing important evidence
and decision support for urban ecological planning and spatial optimisation strategies.

SHAP Value of BD on HQ.SH SHAP Valuo of SHEI on HQ-SH SHAP Valuo of WR on HQ-SH

SHAP Valuo of Al on HQ-SH SHAP Value of LUM on HQ:SH SHAP Valus of NP on HQ-SH SHAP Valuo of Sl on HQ-SH

Figure 9. SHAP dependence map of urban spatial form variables on habitat quality spatial difference
values.

3.3.3. Interactive Responses of Indicators

To further clarify the impact of interactive effects between different variables on the
habitat quality spatial difference value and provide more detailed differentiated guidance
for urban development, this study further mapped the interactive effect diagrams of
indicators (Figure 10). We selected indicators with significant interactive significance for
analysis, including BD and PD, BD and RD, WR and BD, WR and NDVI, BD and NDVI,
and NDVI and SHEI. These features represent the interactions between urban spatial
construction density, between urban construction and blue-green spaces, and between blue-
green spaces and their morphological characteristics. The Y-axis in the figure represents the
SHAP values.
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Figure 10. Interaction scatter plot of urban spatial form variables and spatial differences in habitat
quality.

As shown in Figure 10, the interaction effects of the three sets of indicator characteristics—
BD and PD, BD and RD, and BD and NDVI—exhibit the same trend. When BD is in the lower
range of 0-0.1, and PD < 1000, RD is low, or NDVI is between 0.5and 1.0, the habitat quality
spatial difference value shows a significant positive improvement, indicating that under low
construction density conditions, moderate spatial patch density or higher vegetation cover
can synergistically promote the optimisation of local ecological performance. However,
when BD exceeds this threshold, the interactive gain effect significantly weakens or even
turns negative, indicating that excessive construction intensity can suppress the positive
effects of other ecological factors. The remaining three indicators show different patterns:
when the WR values are between 0 and 0.6 and the BD values are between 0 and 0.1, when
the NDVI values are between 0.5 and 1.25 and the WR values are between 0.2 and0.6, and
when the NDVI values are between 0.75 and 1.0 or the SHEI values are between 0 and 0.8,
the positive improvement in habitat quality is higher.

4. Discussion
4.1. The Distribution Relationship Between Urban Habitat Quality and Spatial Differences

Urban habitat quality serves as a crucial indicator for assessing the health and func-
tional state of urban ecosystems. Its spatial distribution is not only constrained by nat-
ural conditions but is also directly influenced by the complex interplay of urban spatial
forms [102,103]. As Jasper van Vliet’s research has found, urban expansion affects the dis-
placement of farmland, and this displacement directly damages forest habitats [104]. Based
on the simulation results from the InVEST model in this study, habitat quality in the core
urban areas of Shanghai is generally low, while peripheral green patches exhibit a higher
ecological value. This result is generally consistent with the findings of Xie et al. [105].
This pattern aligns closely with the typical spatial logic linking urbanisation gradients and
ecological degradation [106,107]. However, after further introducing habitat quality spatial
difference value indicators, a more structurally complex ecological spatial pattern was
observed: significant positive and negative deviations exist between local habitat quality
and neighbourhood averages, and the spatial difference value distribution does not fully
follow the absolute gradient of habitat quality but instead exhibits a localised mismatch
characterised by alternating ‘hotspots” and ‘coldspots.” For example, although the overall
habitat quality in the core urban area is relatively low, certain green spaces and ecological
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corridors exhibit positive residuals, indicating strong ecological self-stabilisation capacity
and recovery potential [108].

In planning terms, efforts should prioritise promoting ecological connectivity and
functional radiation around these areas. In contrast, in urban fringe areas, despite abundant
natural resources, some patches exhibit negative residuals, indicating constraints from
fragmented structures or local disturbances, preventing the effective release of ecological
advantages and thereby damaging the value of its own ecosystem services. Scholars such
as Biswas have pointed out that the degree of landscape fragmentation has a significant
negative correlation with ecosystem services [109]. This inconsistency between “habitat
quality and spatial differences” essentially reveals a spatial regulatory lag mechanism
in the transmission of urban ecological functions: even if a region possesses superior
natural endowments, if its spatial structure is fragmented, connectivity is insufficient, or
it is subject to strong human disturbance, its ecological performance may still fall below
the average of neighbouring areas. The research findings of de Lima and other scholars
confirm the significant impact of habitat fragmentation on habitat quality and biodiversity
patterns [110]. Conversely, regions with relatively weak ecological foundations can achieve
ecological improvement if their spatial layout is reasonable and their composite functions
are appropriately configured [111]. Therefore, spatial differences, as a relative ecological
evaluation indicator, not only compensate for the shortcomings of static habitat quality
assessments but also emphasise spatial processes and neighbourhood interactions. They
hold significant practical significance for identifying ecological potential zones, sensitive
zones, and optimisation zones.

4.2. The Impact of Urban Spatial Form on Spatial Differences in Habitat Quality

This study conducted an in-depth analysis of the impact of urban spatial form on
spatial differences in habitat quality, revealing a significant threshold relationship and
multidimensional synergistic effects.

From the perspective of the marginal effects of key indicators, different indicators
exhibit distinct trends. PD can promote local habitat expression and diversity within a cer-
tain range, but its marginal effect weakens beyond the threshold, indicating that moderate
human activity is beneficial for ecological connectivity between habitats, while excessive
activity has negative effects. This aligns with the findings of Yang et al. [112]. Therefore, in
urban planning, it is essential to reasonably control regional development intensity to avoid
excessive human activities that disrupt the ecological balance. BD is negatively correlated
with spatial difference values; excessively high BD values compress ecological space and
disrupt the stability and balance of habitat quality. During urban construction, building
density must be strictly controlled and sufficient ecological land reserved to maintain good
habitat conditions [113]. SHEI exhibits a threshold response, where excessive uniformity
disrupts the distribution of ecological functions, leading to spatial system imbalance. This
implies that while pursuing landscape diversity, attention must be paid to the reasonable
allocation of ecological functions to avoid harming ecosystem health due to the excessive
pursuit of uniformity. WR has different effects on spatial difference values across different
intervals. Within a certain range, increasing the proportion of water bodies can enhance
ecological connectivity, but excessive proportions have negative effects. This indicates that
urban water system planning must comprehensively consider the proportion of water bod-
ies. For example, Gupta and De assessed the importance of water bodies in mitigating the
urban heat island effect, determining their optimal planning size and key layout positions
to maximise ecological benefits [114]. LPI reinforces habitat integrity at moderate scales
but weakens habitat quality when overly expanded, reflecting that core habitat patches
are not necessarily better the larger they are; appropriate scales must be maintained. RD
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shows an overall negative correlation, with road densification exacerbating ecological
disturbance; planning should optimise the road layout to reduce damage to the ecological
environment [115].

From the perspective of the synergistic effects of multi-dimensional indicators, there
are significant differences in the extent and direction of influence on the spatial differences
in habitat quality across different dimensions. Indicators in the density type dimension
have the most prominent impact, revealing that urban development intensity and human
activities are key factors influencing the spatial distribution of habitat quality [116]. This
indicates that during urban development, the impacts of population, building, and road
layout on the ecological environment should be fully considered, and effective measures
should be taken to reduce human disturbance. The landscape type dimension plays a
supplementary role in regulating habitat structural integrity, emphasising the importance
of landscape pattern optimisation in ecological conservation [117,118]. The configuration
type dimension serves as the natural configuration foundation for habitat quality, and
by adjusting the proportions and layout of natural elements [119], it can enhance habitat
quality. In contrast, the impacts of the shape type and terrain type dimensions are relatively
weaker. The building form indicators of the shape type dimension have a limited influence
on spatial differences in local habitat quality, but they may still affect micro-ecological
environments in specific regions or projects and should not be completely ignored [120].
The terrain indicators of the terrain type dimension have an overall insignificant impact,
but both ME and MS show a non-linear relationship., reflecting the complexity and regional
differences in habitat quality under different terrain conditions. This aligns with the
research findings of Mi et al. [121], indicating that terrain factors should be considered on a
case-by-case basis in ecological planning.

4.3. Impact on Urban Planning and Management

As urbanisation continues to advance, the disruptive effects of urban spatial forms
on ecosystem structure and function have become increasingly evident. This study found
that density type indicators exhibit significant effects on the spatial differences in habitat
quality, particularly in core areas where negative residuals are highly concentrated, indi-
cating that the existing urban built environment has weakened local ecological functions
in certain regions [122]. Therefore, in urban master planning, priority should be given
to strengthening ecological space protection mechanisms. For example, in areas along
urban edges where ecological connectivity is good and spatial differences exhibit positive
values, it is recommended to designate these areas as ecological red lines or green buffer
zones to restrict development intensity, prevent ecological fragmentation, and maximise
their ecological spillover effects. For urban core and high-intensity development areas,
regions with negative residuals should be prioritised for ecological restoration. Measures
such as green space enhancement projects and green building renovations (e.g., rooftop
gardens, vertical greening) should be implemented to enhance ecological carrying capac-
ity [123]. Additionally, an ecological ventilation corridor network aligned with prevailing
wind directions should be established, with green space nodes integrated into the urban
road system to facilitate the spatial transmission of ecological flux. Furthermore, it is
recommended to incorporate the results of habitat quality spatial difference value analysis
into the urban ecological performance monitoring system. By establishing a monitoring
platform, the precision and dynamic regulatory capabilities of ecological management can
be enhanced. Ecological performance threshold standards (e.g., using spatial residuals
per land parcel as the basis for construction intensity) should be introduced into land use
approval and construction control processes to promote the quantification of ecological
planning objectives and the precision of spatial interventions.
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4.4. Limitations of This Study and Future Research Directions
(1) Limitations

This study uses Shanghai as a case study. Although Shanghai is a typical plain-type city
and has a certain degree of representativeness in urban ecological research, it does not cover
the characteristic differences in urban spatial morphology and ecological processes under
complex terrain conditions such as plateaus, hills, and mountains, which limits the spatial
generalisability of the research conclusions. In addition, this study relies on the integrated
analysis of multi-source data. Although time coordination has been carried out as much as
possible, some data still have time inconsistencies, which may introduce potential biases.
Furthermore, the current analysis has not fully considered the potential time lag effects
and dynamic feedback processes between urban form evolution and ecological responses,
nor has it incorporated seasonal ecological fluctuations and the dynamic characteristics
of human disturbances, thereby limiting the model’s explanatory power in the temporal
dimension. In terms of spatial scale setting, although this study adopted a 300 m x 300 m
grid and a 300 m radius neighbourhood scale to focus on urban micro-spatial heterogeneity,
there are still certain scale limitations. On the one hand, the 300 m grid may struggle to
capture the role of smaller-scale ecological elements, such as street-level green spaces and
small water bodies, in enhancing local habitat quality. On the other hand, the setting of the
neighbourhood scale is sensitive to spatial difference values in calculations; using a smaller
or larger neighbourhood radius could significantly affect the estimated neighbourhood
average values, thereby impacting the identification of spatial difference in habitat quality.

(2) Future research directions

Future research could be further expanded to different urban types and topographical
types (such as mountainous, plateau, or coastal cities) through cross-regional compara-
tive analysis to enhance the generalisability and applicability of the research conclusions.
Additionally, it is recommended to incorporate multi-temporal remote sensing and land
use data to explore the dynamic associations and lag effects between urban spatial form
evolution and ecosystem responses, thereby enhancing the model’s ability to explain
temporal processes.

5. Conclusions

This study helps us understand the spatial differences in habitat quality conditions,
including internal spatial differentiation (spatial residuals) and the influence of urban
spatial form on such differentiation. We constructed urban spatial form as an independent
variable from five aspects—densitytype, shape type, configuration type, landscape type,
and terrain type—and used the InVEST model to calculate habitat quality and its spatial
difference value. We then studied the spatial distribution of this local spatial difference
and used it as the dependent variable. We employed the CatBoost model and the SHAP
explainable machine learning model to investigate the linear and nonlinear effects of
urban spatial form on the spatial differences of habitat quality. The study conclusions are
as follows:

(1) The overall spatial distribution exhibits the typical urbanisation gradient characteristic
of ‘low core, high periphery,” but the spatial difference value reveals local spatial differ-
ences in habitat quality. The study results reveal that different habitat quality regions
exhibit significant spatial differences in internal quality residuals. Although the core
urban area has overall low quality, the local blue-green infrastructure significantly
improves the ecological performance of this region, forming a positive residual, while
some peripheral areas rich in natural resources exhibit negative residuals, indicating
that spatial fragmentation or human disturbance has weakened ecological advantages.
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This result underscores the necessity and sensitivity of incorporating spatial difference
value indicators into urban ecological assessments.

(2)  Urban spatial form variables exert a significant nonlinear influence on the habitat qual-
ity spatial difference value. Among these, density type (BD, PD, RD) and landscape
type (SHEIL LPI, Al NP, SI) are the most important variables, collectively explaining
over 66% of the variance. In particular, BD and PD exhibit the strongest effects on
the spatial difference value, demonstrating that urban construction activities and
human activities interfere with habitats, which is even more pronounced in local areas.
Additionally, the marginal effects between the habitat quality spatial difference value
and spatial form variables generally exhibit threshold characteristics and nonlinear
fluctuations. For example, when PD exceeds 1000, marginal ecological gains tend to
flatten out; however, when BD (building density) exceeds 0.05, it exerts a significant
inhibitory effect on ecology. This nonlinear response reveals the complex adaptive
mechanisms of urban ecosystems under different development intensities.

(3) The interactions between variables further reveal the multi-dimensional coupling
mechanisms underlying habitat quality performance. Interaction effect analysis found
that construction intensity BD exhibits significant synergistic effects with multiple
variables: when BD is at a low level (0-0.05), it synergistically enhances habitat quality
when combined with a low population density (0-1000), low road density(0-0.02), or
high NDVI (0.5-1.0), indicating a synergistic beneficial effect of ‘low development +
high green space’. Combinations such as WR with BD, WR with NDVI, and NDVI
with SHEI reflect the complex ecological feedback relationship between the blue-green
space configuration and landscape diversity, emphasising the important regulatory
role of the ecosystem-wide configuration in urban micro-scale ecological performance.

(4) Asa relative indicator’ of urban ecosystem performance, the habitat quality spatial
difference value effectively addresses the lack of analysis of local differences in tra-
ditional habitat quality evaluations, expands the spatial identification dimensions
of ecological planning, and aids in identifying priority protection areas, ecological
sensitive zones, and restoration priority areas, providing theoretical support and a
decision-making basis for ecologically oriented differentiated urban spatial optimisa-
tion strategies.

In summary, this study not only reveals the spatial differences characteristics of urban
habitats at the micro-scale but also clarifies the nonlinear, multi-dimensional driving mech-
anisms of urban spatial form on habitat quality, aiding in a deeper understanding of the
impact mechanisms of urban spatial form on ecosystems. The relevant results provide an
important quantitative basis and theoretical support for ecologically oriented urban spatial
optimisation and differentiated planning. Future research could further expand to multi-
city comparisons, dynamic evolutionary modelling, and empirical validation of ecological
processes to enhance the model’s applicability and ecological explanatory power, thereby
promoting the refined management and sustainable development of urban ecosystems.
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