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 A B S T R A C T

Understanding how social, demographic, environmental, and spatial factors jointly shape urban outcomes 
is essential for sustainable urban development and evidence-based policy. Traditional statistical approaches 
often struggle to capture complex non-linear relationships, while many machine learning methods overlook 
the joint roles of spatial autocorrelation and network topology in urban systems. Recent advances in GeoAI 
have addressed these challenges only partially, often treating spatial effects, graph structure, evaluation, 
and interpretability separately. We present UST-GNN, a unified spatial–topological graph neural network 
framework that integrates neighbourhood connectivity, heterogeneous urban features, and positional/lo-
cational embeddings into a single representation. Using the MedSAT dataset, which contains over 150 
environmental and socio-demographic variables and six prescription outcomes across 4835 neighbourhoods 
in Greater London, UST-GNN outperforms strong statistical, geographically enhanced, and graph Machine 
Learning baselines, improving out-of-sample 𝑅2 by 8.4–13.2% under strict spatial cross-validation. We further 
introduce a lightweight principal-component module to interpret learned node embeddings geographically 
and relate them to policy-relevant covariates. The resulting analyses recover established patterns, offer new 
perspectives on debated associations, and reveal novel predictors warranting further causal investigation. 
Together, these findings demonstrate the value of graph-based spatial machine learning for urban health 
analytics, environmental inequality assessment, and evidence-based urban policy. Beyond predictive gains, 
UST-GNN provides a unified GeoAI analytical pipeline that can be embedded into urban digital twin workflows 
for scenario testing, monitoring, and data-informed decision-making for healthier, more sustainable cities.
1. Introduction

Urban outcomes, including health, are shaped by the complex inter-
play of socio-demographic, environmental, and infrastructural factors, 
making their systematic study essential for sustainable urban devel-
opment and informed public policy. Recent global trends—such as 
rapid urbanisation (Vlahov & Galea, 2002), the increasing frequency 
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and severity of extreme weather events (Bell et al., 2018), and pan-
demics such as COVID-19 (Capolongo et al., 2020) have heightened 
the urgency of understanding how urban characteristics influenced 
population health and contributed to existing inequalities (Cole et al., 
2021; Fiscella & Williams, 2004). As cities worldwide strove to meet 
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the United Nations Sustainable Development Goals (SDGs), particu-
larly those related to good health and wellbeing (SDG 3) and sus-
tainable cities and communities (SDG 11), policymakers and plan-
ners increasingly required systematic, spatially explicit, and evidence-
based insights to guide equitable urban planning and targeted interven-
tions (Batty, 2018; Corburn, 2004; Obradovich et al., 2018).

Urban and public health studies have traditionally employed sta-
tistical methodologies (Alegría et al., 2018; Cousens et al., 2011; 
Hayat et al., 2017) and, more recently, machine learning (ML) ap-
proaches (dos Santos et al., 2019; Maitra et al., 2025; Šćepanović et al., 
2023b) to explore relationships between the urban environment and 
health outcomes. Recent advances in Artificial Intelligence (AI) and 
Digital Twin technologies are increasingly transforming urban analytics 
by coupling data-driven models with dynamic, real-time city represen-
tations. This convergence enables continuous simulation and feedback 
between physical and virtual urban systems, supporting proactive re-
sponses to health, mobility, and environmental challenges (Birks et al., 
2020; Malleson et al., 2024). Integrating GeoAI models into digital-twin 
frameworks offers new opportunities for evidence-based planning and 
scenario evaluation towards healthy and sustainable cities.

Despite these advances, important methodological limitations re-
main. First, conventional statistical models often assumed linear re-
lationships for interpretability, limiting their ability to capture com-
plex non-linear interactions among environmental exposures, socio-
economic conditions, and other urban factors (Kihal-Talantikite et al., 
2013; Lalloué et al., 2013; Pineo et al., 2018; Song et al., 2004). Sec-
ond, many machine learning approaches overlooked the simultaneous 
spatial dependencies and network topology inherent in urban systems, 
failing to account for neighbourhood severance and structural linkages 
such as transport or social networks that may propagate risks (Arcaya 
et al., 2016; Sarkar & Webster, 2017). These omissions can reduce 
predictive accuracy and hinder understanding of spatial disparities (Ijeh 
et al., 2024). Third, although location encoder has improved the 
representation of spatial context in machine learning by embedding 
geographic information directly into feature space (Klemmer et al., 
2025; Mai et al., 2020), such methods remain rarely integrated with 
architectures that jointly model spatial proximity and topological con-
nectivity in urban health analytics. Graph Neural Networks (GNNs) 
offer a promising avenue for this challenge because they are well suited 
to graph-structured data and can capture complex spatial–topological 
relationships, with demonstrated success in domains including social 
networks, molecular chemistry, recommender systems, and, more re-
cently, urban informatics tasks such as traffic prediction and urban 
function classification (Gao et al., 2024; Li et al., 2023; Liu & Liu, 
2024; Sun et al., 2022; Wu et al., 2022; Zhang et al., 2023). However, 
their application to urban health remains limited, partly because their 
black-box nature constrains uptake among public health researchers 
and policymakers (Kjellstrom, 2016; Liu et al., 2024). This is es-
pecially important as urban and public health research increasingly 
calls for machine learning and AI methods with strong predictive 
performance (Gilardi et al., 2021; Kong et al., 2023; Mhasawade et al., 
2021). Existing post hoc explainability methods, such as GNNExplainer 
and gradient-based attribution, can identify influential nodes, edges, 
and features, but they typically provide instance-specific explanations 
rather than global, policy-relevant concepts for urban analytics.

In summary, recent GeoAI advances have largely addressed these 
geospatial challenges in isolation, modelling spatial effects through lo-
cation encoders, topological dependencies through graph-based learn-
ing, spatial leakage through spatial cross-validation, and interpretabil-
ity through post hoc explanation frameworks such as GNNExplainer. 
Few studies have unified or systematically ablated these components 
within a single spatially explicit GeoAI pipeline designed to gener-
ate health-policy-relevant insights. To address this gap, we propose
UST-GNN, a unified spatially and topologically explicit graph neural 
network framework for urban analytics, demonstrated here through 
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a case study on health outcomes. UST-GNN combines position/loca-
tion encoders, neighbourhood connectivity, and diverse urban features 
within a unified graph representation to model interactions among 
population, environmental, and spatial variables. Using a spatial graph 
constructed from neighbourhood-level data, it integrates heterogeneous 
features, including air quality, greenness, climate, and population mea-
sures, together with positional and locational embeddings, to predict 
neighbourhood-level prescription outcomes within an ecological study 
design. UST-GNN also introduces a lightweight interpretability module 
that summarises the principal components of the learned representa-
tion, identifies spatial patterns, and links these components back to 
policy-relevant input features. We show that UST-GNN outperforms 
state-of-the-art baselines under strict spatial cross-validation while gen-
erating interpretable insights that align with, challenge, and extend 
current urban health knowledge. Our contributions are threefold:

1. We developed UST-GNN, a unified spatial–topological graph 
neural network pipeline that explicitly captured geographic de-
pendencies and neighbourhood topology for urban analytics. 
Through systematic spatial ablation analyses, we rigorously eval-
uated alternative graph construction strategies (e.g., 𝐾-hop adja-
cency, 𝐾-nearest neighbours), diverse positional and locational 
encoding techniques (e.g., Laplacian, random-walk positional 
encodings, and SatCLIP locational encodings (Klemmer et al., 
2025)), multiple GNN architectures (GCN, GIN, GraphSAGE, 
GATv2) and multiple spatial cross validation strategies. This 
established a spatially-explicit methodological pipeline for inte-
grating graph machine learning into urban analytics research, 
including but not limited to health applications (Section 4.1).

2. We applied UST-GNN to the MedSAT dataset (Šćepanović et al., 
2023b), a recently released urban health resource compiling 
over 150 high-resolution environmental and socio-demographic 
indicators, together with six health outcome measures (per-
capita prescription rates for depression, anxiety, diabetes, hyper-
tension, asthma, and opioid use) across 4835 neighbourhoods in 
Greater London. UST-GNN achieved an average error reduction 
exceeding 10% compared to competitive baselines, outperform-
ing gradient-boosted trees, Spatial Lag Models, Geographically 
Weighted Regression, and geo-informed machine learning meth-
ods (Grekousis, 2025; Maitra et al., 2025; Šćepanović et al., 
2023b). These results confirmed UST-GNN’s ability to capture 
complex non-linear effects and spatial–topological effects that 
were often overlooked by conventional spatial statistical models 
and standard ML approaches (Section 4.2).

3. Using antidepressant prescription rates as a representative case 
study, we developed a novel lightweight module that inte-
grates principal component analysis (PCA) with spatial and 
socio-economic correlation analysis. The module compresses 
the learned graph representations into two intrinsic compo-
nents, maps them geographically to reveal spatial structure, 
and relates each component back to health-policy-relevant input 
features. Antidepressants were selected because they have been 
extensively studied in prior work, enabling comparison with 
the existing literature. Unlike commonly used interpretability 
techniques, such as feature permutation, gradient based attri-
bution, or GNNExplainer (see Appendix  B), which primarily 
operate at the input or node level, our approach interprets the 
dominant component and its global associations with policy-
relevant input features, which are often overlooked by local 
perturbation or feature-wise methods. By relating the intrinsic 
components back to the original input features, our framework 
recovered socio-economic and demographic relationships consis-
tent with findings from more interpretable models in health re-
search (e.g., lower prescriptions among individuals aged 20–39, 
commuters, and those in professional employment), provided 
new perspectives on debated associations (e.g., the paradoxical 
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relationship between increased urban greenery and higher an-
tidepressant use), and identified novel spatial predictors (e.g., a 
negative correlation between canopy evaporation and depres-
sion prescriptions) that may warrant further causal investigation 
(Section 4.3). Discovering such health-policy-relevant insights 
from a complex GeoAI model represents a key contribution of 
this study, demonstrating how advanced spatial deep learning 
architectures can be linked to actionable evidence for urban 
health decision-making.

2. Literature review

2.1. Urban socio-demographic and environmental correlates of outcomes

A substantial body of research has examined how urban socio-
demographic and environmental characteristics are linked to a range 
of outcomes, particularly public health and related inequalities. In 
the health domain, Kihal-Talantikite et al. (2013) demonstrated that 
low-income populations residing in environmentally disadvantaged 
neighbourhoods faced compounded risks, especially in contexts of 
pronounced social inequities. Similarly, access to urban green and 
blue spaces has been consistently associated with improved health 
outcomes; for example, Zhou et al. (2023) found that increased avail-
ability of green spaces and waterways significantly mitigated hyper-
tension risks. Other studies identified strong associations between 
urban environmental conditions and chronic health outcomes (Hunter 
et al., 2023), including depression and diabetes (Mazumdar et al., 
2021; Van Draanen et al., 2020; White et al., 2021). Beyond health, 
socio-demographic and environmental factors have also been linked 
to variations in mobility, environmental quality, and social wellbe-
ing (Gao et al., 2022; Yue et al., 2024). Collectively, these findings 
underscored the critical role that environmental exposures and socio-
economic contexts played in shaping urban disparities. However, many 
existing studies tended to adopt a relatively narrow analytical scope, 
often investigating single factors in isolation rather than addressing 
the broader, multifaceted urban context. As a result, the complex 
interactions and potential non-linear effects among multiple urban 
characteristics remained insufficiently explored, limiting comprehen-
sive understanding of both urban health and other spatially distributed 
outcomes.

2.2. Machine learning applications in urban analytics and health research

The advent of extensive, high-dimensional urban datasets, including 
those derived from remote sensing, wearable technology, crowdsourced 
platforms, and administrative records, has accelerated the adoption 
of machine learning (ML) techniques in urban analytics, with public 
health emerging as a key application domain (Ohanyan et al., 2022). 
Traditional statistical models, while valuable, are often constrained 
by assumptions of linearity and independence among variables, which 
limits their ability to capture the complex, non-linear interactions 
common in urban health contexts (Pineo et al., 2018; Rothenberg et al., 
2014; Shane & Graedel, 2000; Song et al., 2004). For instance, Lal-
loué et al. (2013) illustrated that linear models struggled to account 
for intricate urban health patterns arising from interdependent vari-
ables. In contrast, contemporary ML methods including random forests, 
gradient boosting, and neural networks offered enhanced flexibility, au-
tomatically capturing complex interactions and non-linearities inherent 
to diverse urban datasets (Jordan & Mitchell, 2015). Recent studies 
have successfully employed such algorithms to predict diverse health 
outcomes, including depression incidence, diabetes prevalence, and 
hypertension risks, based on multifaceted urban data sources (Bhakta 
& Sau, 2016; Su et al., 2021; Thotad et al., 2023).

Nevertheless, conventional ML approaches typically neglected the 
geographic context essential for accurately modelling community-level 
phenomena (Arcaya et al., 2016; Sarkar & Webster, 2017). Standard 
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ML treated spatial units, such as neighbourhoods, as independent enti-
ties, overlooking spatial heterogeneity and dependencies. Factors such 
as the influence of adjacent areas, the presence of spatial barriers 
(e.g., rivers or highways), and spatially structured socio-economic gra-
dients could significantly impact health and other urban outcomes, 
yet were frequently ignored (Comber et al., 2011; Shrestha et al., 
2016). While spatial statistical methods, including spatial lag models 
and geographically weighted regression (GWR), explicitly accounted 
for spatial interactions, they often exhibited limitations in scalability 
and in capturing non-linear spatial relationships in high-dimensional 
contexts (Cheng et al., 2021; Zhao & Pu, 2025). Moreover, the limited 
interpretability of many ML models remained an ongoing challenge. 
In urban health applications, understanding why particular regions ex-
hibited elevated risks was as critical as achieving accurate predictions, 
in order to inform targeted and effective interventions (Caruana et al., 
2015; Rudin, 2019). The lack of transparency inherent in many ‘‘black 
box’’ models thus constrained their acceptance and broader use in both 
public health and other urban policy domains (Wirtz et al., 2021).

2.3. GeoAI and graph neural networks in urban analytics and health 
research

Recognising the significance of spatial context in urban studies, 
the emerging field of Geographic Artificial Intelligence (GeoAI) has 
integrated geographical information science (GIScience) with advanced 
machine learning and AI methodologies (Klemmer et al., 2025; Mai 
et al., 2020; Scheider & Richter, 2023; VoPham et al., 2018; Wang et al., 
2025). GeoAI approaches have shown considerable potential in mod-
elling location-based factors and spatial relationships, with applications 
spanning public health, environmental monitoring, and mobility anal-
ysis. In the health domain, research has underscored how urban spatial 
heterogeneity — including variations in built and social environments 
— contributed to disparities in health outcomes (Tung et al., 2017). 
The COVID-19 pandemic further highlighted the critical role of spatial 
context, prompting greater attention to neighbourhood characteristics 
and mobility patterns in analysing disease transmission and health 
impacts (Krenz et al., 2023; Li et al., 2023).

Within the GeoAI landscape, Graph Neural Networks (GNNs) have 
emerged as a particularly promising approach, capable of naturally cap-
turing network topology and spatial relationships. In such frameworks, 
urban areas can be explicitly represented as interconnected nodes, 
with edges encoding spatial proximity, infrastructure connectivity, or 
socio-economic interactions (Klemmer et al., 2023; Li et al., 2021; 
Wu et al., 2021). GNN-based methods have been successfully applied 
to complex phenomena such as human mobility modelling and infec-
tious disease dynamics, both of which involve pronounced network 
effects (Choi et al., 2020). Helbich (2018) highlighted the value of 
integrating diverse spatial datasets (e.g., environmental, infrastructural, 
socio-economic) to explain disparities in urban outcomes, a task well 
suited to graph-based approaches given their ability to model hetero-
geneous, relational data structures (De Sabbata & Liu, 2023; Mai et al., 
2020).

Despite this promise, the use of GNNs in urban health research 
remained limited, in large part due to challenges of interpretability. The 
complexity of GNN architectures often obscured intuitive understand-
ing, posing a barrier for domain experts who require model reasoning 
to align with established theoretical and empirical knowledge. Existing 
applications of GNNs to health contexts, such as those by Lu and 
Uddin (2021) and Fritz et al. (2022), have largely emphasised pre-
dictive accuracy or epidemiological modelling, rather than describing 
the underlying socio-environmental drivers of health disparities. As a 
result, the potential of GNNs to combine predictive performance with 
domain-relevant interpretability in urban health analytics has remained 
underexplored. Recent post hoc explainability techniques, including 
GNNExplainer and gradient-based attribution, seek to isolate the min-
imal set of nodes, edges, and features that most influence a model’s 
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Fig. 1. UST-GNN methodology overview (Steps A–E).
prediction. However, these approaches largely explain the black box 
after training via saliency masks that are instance-specific rather than 
interpreting global policy-relevant concepts for health urban analytics.

To address this gap, we proposed UST-GNN, a unified spatial and 
topologically explicit GNN framework designed for urban analytics, 
demonstrated here through a case study on health outcomes (per 
capita medical prescription distribution). UST-GNN combines robust 
predictive capabilities with interpretable spatial insights, enabling the 
identification of neighbourhood-level patterns and feature associations 
relevant in health policies. This approach aligns with core GeoAI objec-
tives, providing a pathway to jointly address the intertwined challenges 
of modelling non-linear relationships, capturing spatial dependencies, 
and delivering interpretable outputs to support sustainable urban re-
search and policy holistically. Moreover, such graph-based GeoAI ap-
proaches can form the analytical backbone of emerging urban digital 
twins, integrated virtual representations of cities, that enable con-
tinuous monitoring, simulation, and policy testing (Malleson et al., 
2024). Embedding models like UST-GNN could facilitate dynamic as-
sessment of urban health and sustainability scenarios, supporting real-
time, data-informed decision-making for healthier and more sustainable 
cities.

3. Methodology

Our methodology comprised five steps (Fig.  1): (A) spatial graph 
construction, (B) data integration and positional/locational encoding, 
(C) GNN architecture development and ablation, (D) model evaluation, 
and (E) interpretability analysis. We describe each step below.

3.1. Study area

Our study focused on Greater London in the United Kingdom, 
comprising 32 London boroughs and the City of London (Fig.  2). The 
analysis was conducted at the Lower Layer Super Output Area (LSOA) 
level, a small-area statistical geography in England, with each LSOA 
typically containing 1000–3000 residents and covering 1–4 km2. Fig. 
2 provides a geographic overview of the study area, the spatial distri-
bution of total per-capita prescription counts (TPC), and example socio-
demographic and environmental predictors from the MedSAT dataset, 
highlighting substantial spatial variation across Greater London.
4 
3.2. Step A: Constructing the graph

To cast the prediction of prescription outcomes in geographical 
neighbourhoods as a node-level learning task, we represented the study 
area as a graph 𝐺 = (𝑉 ,𝐸). Each LSOA corresponded to a node 𝑣𝑖 ∈ 𝑉 , 
positioned at its geographic centroid. An edge 𝑒𝑖𝑗 ∈ 𝐸 connected two 
nodes if the corresponding LSOAs are considered spatial neighbours. 
The adjacency relationships are encoded in a binary spatial proximity 
matrix 𝐴 ∈ R𝑛×𝑛, where 𝐴𝑖𝑗 = 1 if LSOA 𝑖 and 𝑗 are adjacent (and 
0 otherwise). Each node 𝑣𝑖 was associated with a feature vector 𝐱𝑖, 
comprising its socio-environmental attributes, and a target value 𝑦𝑖, 
indicating the per capita prescription outcome of interest.

As shown in Part A of Fig.  1, multiple definitions of spatial ad-
jacency, such as 𝑘-hop contiguity (Chen et al., 2020) and 𝑘-nearest 
neighbours (Feng et al., 2022), were evaluated to determine the most 
informative graph topology. We addressed this selection process in 
Section 3.4, where an ablation study empirically evaluated the impact 
of adjacency construction methods.

3.3. Step B: Preprocessing data and embedding graph

Having established the spatial graph structure in Step A, the next 
step was to associate each node with a set of attributes represent-
ing the socio-environmental context of its corresponding geographic 
unit. This involved selecting, processing, and embedding multi-source 
urban indicators into the graph structure, ensuring that the feature 
representation was both comprehensive and robust. While our case 
study focused on neighbourhood-level health outcomes, the procedure 
described here is generalisable to other urban analytics tasks involving 
spatially structured data.

3.3.1. MedSAT dataset
We utilised the MedSAT dataset (Šćepanović et al., 2023b), which 

integrates detailed socio-demographic and environmental indicators at 
the LSOA level. They are the smallest geographic units in England 
for which social and health indicators can be publicly released due to 
privacy constraints. MedSAT compiled data from multiple authoritative 
sources, including the Office for National Statistics (ONS) (2025), the 
National Health Service (NHS) (2025), and remote sensing platforms 
such as Copernicus and Google Earth Engine (GEE) (2025), ensuring 
consistency and accuracy across variables.
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Fig. 2. Study area (Greater London) and example spatial variables. Left: location within England. Centre: borough boundaries, LSOAs, and total per-capita 
prescription counts (TPC). Right: example socio-demographic and environmental predictors from the MedSAT dataset.
The dataset covered 111 socio-demographic indicators — such as 
gender ratio, age distribution, and measures of deprivation — and 
55 environmental variables, including air quality metrics (e.g., NO2, 
PM2.5), greenness, land cover, and climate characteristics. All vari-
ables were aligned with the 2020 statistical and geographic bound-
aries of Greater London. In addition, MedSAT provided six per-capita 
medical prescription outcomes (anxiety, depression, diabetes, hyper-
tension, asthma, and opioid use) derived from NHS administrative 
records. Although these outcomes are health-specific, the underlying 
multi-modal indicator set is structurally similar to datasets used in 
other domains such as environmental monitoring, mobility analysis, 
and socio-economic modelling, enabling broader applicability of the 
proposed framework.

3.3.2. Feature selection and preprocessing
Given the dataset’s high dimensionality and potential

multicollinearity, we performed systematic feature selection to en-
hance model stability, interpretability, and the attribution clarity of 
subsequent GNN analyses. The MedSAT dataset initially contained 166 
variables (111 socio-demographic and 55 environmental indicators).

Our feature selection process proceeded in two stages. First, we 
conducted pairwise correlation analysis to identify and remove highly 
redundant features (|𝑟| > 0.90), retaining within each correlated set 
the most representative variable informed by domain knowledge (Apter 
et al., 1999; Chen & Kan, 2008; Kjellstrom et al., 2007; Lantz et al., 
1998; Marmot, 2005; Nutsford et al., 2013). Second, we applied ad-
ditional dimensionality reduction techniques to further streamline the 
feature set while preserving theoretically essential predictors com-
monly used as key confounders in public health and socio-spatial 
research (Bor et al., 2014; Compton & Shim, 2015; Harvey et al., 2017; 
Hossain et al., 2020; Hynie, 2018).

This process resulted in a refined feature set of 67 variables: 13 envi-
ronmental indicators and 54 socio-demographic variables. The selected 
features encompass key demographic characteristics (age distribution, 
gender, ethnicity), socioeconomic indicators (occupation, housing, de-
privation), and environmental exposures (air quality, greenness, land 
cover). Table  1 lists the key control and environmental variables re-
tained across all configurations. Detailed information about the com-
plete feature selection methodology and variable statistics is provided 
in the supplementary materials (Appendix  A).

After filtering, all retained variables were normalised and embedded 
as node attributes 𝐱  for each LSOA in the graph.
𝑖
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3.3.3. Positional and locational encoding
To supplement the socio-demographic and environmental attributes 

derived from MedSAT, we enriched each node with additional lo-
cational (spatial) and positional (topological) encodings. This design 
enabled the model to better capture both relative topological positions 
within the graph and absolute spatial context in the urban environ-
ment. Specifically, we incorporated three distinct encoding strategies 
— Laplacian positional encoding (Dwivedi et al., 2021), random walk 
encoding (Schaub et al., 2020), and SatCLIP locational encoding (Klem-
mer et al., 2025) — to enhance spatial expressiveness. The locational 
encoder is implemented as a modular component that maps geographic 
context to a fixed-dimensional embedding. Alternative locational en-
coders, including other compatible geospatial foundation models, can 
therefore be substituted without requiring changes to the downstream 
UST-GNN pipeline. These were systematically evaluated in our ablation 
study (see Fig.  1, Part C), and implementation details are as follows:
Laplacian positional encoding. Laplacian encoding computes node-level 
position features from the eigenvectors of the graph Laplacian matrix. 
This spectral technique captures the connectivity and smoothness of lo-
cal graph neighbourhoods, assigning similar embeddings to structurally 
proximate nodes (Dwivedi et al., 2021). Let the graph Laplacian be 
defined as
𝐋 = 𝐃 − 𝐀,

𝐀 is the adjacency matrix and 𝐃 is the degree matrix. We then extracted 
the first three non-trivial eigenvectors of 𝐋 to represent each node’s 
relative position within the graph topology:
𝐋𝐮𝑘 = 𝜆𝑘𝐮𝑘, 𝐩𝑖 =

[

𝑢1(𝑖), 𝑢2(𝑖), 𝑢3(𝑖)
]

.

where 𝜆𝑘 and 𝐮𝑘 are the 𝑘th eigenvalue and eigenvector of 𝐋, re-
spectively, and 𝐩𝑖 is the 3-dimensional Laplacian positional encoding 
of node 𝑖, obtained from the entries of the first three non-trivial 
eigenvectors evaluated at node 𝑖.
Random walk positional encoding. Random walk encoding represents 
each node by its probability distribution over a one-step traversal to 
its 1-hop neighbours (Dwivedi et al., 2021; Yeh et al., 2023). This 
approach reflects localised relational structures by modelling how in-
formation could propagate across directly connected areas. Given the 
moderate size and shallow depth of our spatial graph, a single-step walk 
was sufficient to capture local adjacency without overcomplicating the 
feature space:

𝑃 (𝑣𝑖, 𝑡) =
1
𝑍

∑ 𝐴𝑖𝑗

𝑑
𝑃 (𝑣𝑗 , 𝑡 − 1)
𝑗∈ (𝑣𝑖) 𝑖
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Table 1
Key control and environmental variables retained across all model configurations.
 Variable name Description  
 Demographics (Age) Population proportion across age groups (e.g., Aged 10–14, 

15–19, 20–24, . . . , 85+); age structure is a known 
determinant of chronic disease prevalence and healthcare 
utilisation (Lantz et al., 1998; Marmot, 2005).

 

 Sex and ethnicity Male share, Mixed-race share, White population share; 
demographic composition influences disease risk profiles and 
access to care (Apter et al., 1999; Marmot, 2005).

 

 Socioeconomic status Proportion in professional occupations, population density; 
socio-economic indicators are established predictors of health 
inequalities (Bixby et al., 2015; Lantz et al., 1998; Marmot, 
2005).

 

 Environment NDVI (greenness), NO2 concentration, water body, tree, 
grassland, and bare land coverage ratios; environmental 
exposures such as air quality and access to green space have 
demonstrated impacts on respiratory, cardiovascular, and 
mental health (Chen & Kan, 2008; Fecht et al., 2015; 
Kjellstrom et al., 2007; Twohig-Bennett & Jones, 2018).

 

, 
where 𝑃 (𝑣𝑖, 𝑡) is the probability distribution of node 𝑣𝑖 at time 𝑡, 𝑑𝑖 is 
the degree of 𝑣𝑖, and 𝑍 is a normalisation factor.

Geo-foundation-model-based locational encoding. SatCLIP (Klemmer et al.
2025) provides absolute spatial descriptors by combining
Sentinel-2 satellite imagery and geospatial coordinates into a uni-
fied 256-dimensional embedding, generated by a pretrained earth-
observation (EO) contrastive learning GeoAI model. These embeddings 
encode physical and environmental characteristics from satellite images 
of each LSOA, such as vegetation, surface materials, and land use. To 
reduce dimensionality and ensure comparability with other node fea-
tures, we applied PCA and retained the top principal components as the 
final locational encoding vector. To assess the modularity of this com-
ponent, we also considered Google’s AlphaEarth (Brown et al., 2025) as 
an alternative geo-foundation-model GeoFM locational encoder in the 
ablation analysis.

By appending these position and location embeddings to each node’s 
attribute vector 𝐱𝑖, UST-GNN was equipped to learn from both relative 
topological patterns and absolute geographic contexts. This dual per-
spective is particularly valuable in urban health applications, where 
both network position (e.g., connectedness to high-risk areas) and 
absolute location (e.g., proximity to green space or pollution sources) 
can link to health outcomes. Section 3.4.2 evaluates the individual 
and combined contributions of these encoding methods, including dif-
ferent position and GeoFM locational encoders, through comparative 
experiments.

3.4. Step C: Building UST-GNN via component ablation

With the spatial graph structure and enriched node attributes pre-
pared in Steps A and B, we next designed a graph neural network archi-
tecture capable of leveraging both socio-environmental attribute and 
spatial–topological information to predict neighbourhood-level out-
comes. Our aim was to identify an architecture that could effectively 
capture the socio-environmental and spatial patterns most relevant to 
the case study on health outcomes, while remaining robust to alterna-
tive data contexts. To this end, we conducted an extensive component-
wise evaluation, systematically varying graph definitions, feature en-
codings, and GNN architectures to determine the combination yielding 
the best predictive performance (Fig.  1, Part C).

3.4.1. UST-GNN model architecture
UST-GNN is a graph neural network that predicts the outcome for 

each LSOA node using socio-environmental attributes together with 
the spatial–topological relationships encoded in the graph. In the case 
study, the target outcome was the per-capita prescription rate. The 
6 
model takes as input the MedSAT-derived socio-demographic and en-
vironmental features, augmented with positional and locational en-
codings, and propagates them through multiple graph neural network 
layers. At each layer, a node aggregates information from its neighbours 
(as defined by the adjacency 𝐴) and combines it with its current 
representation, enabling iterative propagation of relevant signals across 
the urban network.

Through these stacked message-passing operations, node embed-
dings progressively integrate both local context and broader neighbour-
hood influences. After 𝐿 such layers, the resulting node embeddings 
encapsulate multi-scale structural patterns relevant to the prediction 
task. A final fully connected layer maps each node embedding to the 
target value, producing predictions for all LSOAs (Figure 1E). Formally, 
the model learns a function 𝑓 ∶ 𝐱𝑖 ↦ 𝑦̂𝑖 that minimises the mean 
squared error (MSE) between predicted and observed values: 

 = 1
𝑁

𝑁
∑

𝑖=1

(

𝑦𝑖 − 𝑦̂𝑖
)2 , (1)

where 𝑁 is the number of nodes, 𝑦𝑖 is the ground-truth outcome for 
node 𝑖, and 𝑦̂𝑖 = 𝑓 (𝐱𝑖) is the model prediction.

3.4.2. Spatial component ablation study
To determine the most effective design that considers spatial effects, 

we conducted a comprehensive sequential ablation study assessing the 
influence of key model components. All experiments were performed 
on the training set using 3-fold internal cross-validation to ensure 
stable validation performance. In addition, within each training fold, 
the data were further divided into a 70:20:10 ratio, where 10% of 
the validation subset was reserved as a held-out early-stopping set 
to prevent overfitting and ensure convergence stability (Kedzie et al., 
2018; Meyes et al., 2019). The specific data splitting strategy for 
cross-validation, including how spatial adjacency relationships were 
preserved in train–validation partitions, is detailed later in Step D:
Spatial Cross-Validation and Baseline Comparison. Hyperparameters were 
tuned via 10 rounds of random search within a commonly used GNN 
hyperparameter range (Adnan et al., 2022; Zhou et al., 2022), covering 
learning rate, hidden dimension, dropout rate, number of layers, and 
aggregation functions.

We systematically tested multiple options across three core compo-
nents of the model. First, different definitions of the spatial adjacency 
graph were assessed (as described in Section 3.2) to capture meaningful 
spatial dependencies among neighbourhoods. Second, the contribu-
tion of positional and locational encodings was evaluated by testing 
the inclusion of no encoding, single encodings, and combined encod-
ings (detailed in Section 3.3.3). Third, we compared four widely used 
GNN architectures under different layer configurations: Graph Convo-
lutional Network (GCN) (Kipf & Welling, 2016), Graph Isomorphism 
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Table 2
GNN hyperparameter search space for random search.
 Hyperparameter Search range  
 Learning rate {1×10−4 , 5×10−4 , 1×10−3 , 5×10−3}  
 Hidden dimension {16, 32, 64, 128, 256}  
 Dropout rate {0.0, 0.2, 0.3}  
 Aggregation function {mean, sum, max}  
 Activation function {ReLU, ELU, LeakyReLU}  
 Weight decay {0, 1×10−5 , 5×10−5 , 1×10−4 , 5×10−4} 
 Batch size {32, 64, 128}  
 Optimiser {Adam, AdamW}  

Network (GIN) (Xu et al., 2018), GraphSAGE (Hamilton et al., 2017), 
and Graph Attention Network v2 (GATv2) (Bhatti et al., 2023; Brody 
et al., 2021; Zhang et al., 2019). These architectures span a range of 
message-passing strategies, including linear aggregation (GCN), MLP-
based transformations (GIN), neighbourhood sampling (GraphSAGE), 
and attention-based mechanisms (GATv2).

For each configuration, we recorded validation performance using 
mean squared error (MSE) and coefficient of determination (𝑅2) to 
identify the most effective combination of components and hyperpa-
rameter settings. Table  2 summarises the hyperparameter ranges used 
in our random search, based on commonly adopted configurations in 
prior work (Adnan et al., 2022; Hamilton et al., 2017; Kipf & Welling, 
2016; Velivcković et al., 2018; Xu et al., 2018; Zhou et al., 2022).

3.5. Step D: Spatial cross-validation and baseline comparison

To rigorously evaluate UST-GNN’s performance, we compared its 
predictive accuracy against several baseline models under consistent 
spatial cross-validation settings. Following recent urban health mod-
elling studies (Maitra et al., 2025; Šćepanović et al., 2023b), we 
selected a diverse set of baselines covering statistical, machine learning, 
geographically-enhanced, and graph-based approaches. The statisti-
cal baselines included the Spatial Lag Model (SLM) (Anselin, 2009) 
and Geographically Weighted Regression (GWR) (Fotheringham et al., 
2009), which explicitly incorporated spatial effects within global and 
local linear frameworks, respectively. The machine learning base-
lines consisted of Random Forest and LightGBM (Ke et al., 2017), 
representing non-spatial, non-linear ensemble learners. To further ex-
amine the benefit of spatial feature augmentation, we implemented 
geographically-enhanced variants of tree-based models: Geo-LightGBM 
and Geo-XGBOOST using two strategies: (i) directly providing geo-
graphic coordinates as additional input features, and (ii) incorporating 
a spatial weight matrix to encode neighbourhood structure (Li, 2022; 
Nikparvar & Thill, 2021).

Finally, representative GNN baselines (GCN, GraphSAGE, and GIN) 
were also evaluated in the ablation study for comparison with UST-
GNN’s spatial–topological architecture. For a fair comparison, all base-
line models were trained and evaluated using the same 3-fold data 
splits and identical feature sets as UST-GNN. In practice, the statistical 
models (SLM and GWR) were fit on the training portion of each fold 
and applied directly to the test fold, whereas the machine learning 
and geographically-enhanced models were tuned within the training 
folds using internal validation splits to ensure optimal hyperparameter 
selection and stable performance.
Splitting strategies and spatial considerations. Random node-level splits 
can severely fragment the spatial graph, often producing isolated test 
nodes or very small disconnected components. Spatial continuity is 
therefore critical for meaningful cross-validation. Fig.  3 compares a 
naïve random split (Panel A) with our spatially continuous, buffer-
based strategy (Panel B). In the main evaluation setting, this strategy 
uses a fixed 2-hop buffer, while in the topology ablation study the 
exclusion region is scaled with the tested adjacency definition to ensure 
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a fairer comparison across graph constructions with different receptive 
fields.

In our approach, subgraphs for cross-validation were randomly 
selected but constrained to contain at least 30 nodes, ensuring that each 
test region had sufficient spatial extent and internal connectivity. We 
further adopted a community-based graph partitioning scheme (using 
Louvain or METIS clustering, depending on graph size (Shao et al., 
2015)) to generate spatially coherent folds, thereby preserving spatial 
coherence and graph connectivity across folds.

To mitigate spatial information leakage, we introduced a 𝑘-hop 
buffer around the test subgraph. In the main evaluation setting, we 
used a fixed 2-hop buffer, excluding this region from both training 
and testing so that no node used for prediction had seen direct or 
second-order neighbours during training. For the topology ablation 
study, however, we further adapted this protocol so that the exclusion 
region scales with the tested adjacency definition: for an 𝑛-hop graph, 
the held-out centre nodes are separated from training visibility by an 
𝑛+2-hop invisible neighbourhood. This topology-aware exclusion rule is 
intended to reduce boundary-effect asymmetry when comparing graph 
constructions with different effective receptive fields. Conceptually, this 
corresponds to an inductive evaluation setting: model parameters are 
learned from one part of the city (training subgraphs) and tested on spa-
tially disjoint regions, rather than reusing the same adjacency structure 
as in a transductive setup. This design better approximates real-world 
deployment scenarios, such as predicting health outcomes in unseen 
districts while preserving the contextual dependencies necessary for 
spatial reasoning.

3.5.1. Ten-fold spatial cross-validation
In the first strategy, we applied standard 𝑘-fold cross-validation with 

𝑘 = 10 (Fushiki, 2011), incorporating the buffered splitting procedure 
described above. In each fold, the test set and its immediate 2-hop 
neighbours were withheld from training, minimising border effects and 
preserving spatial structure. Performance was averaged over the 10 
folds, providing a robust estimate of out-of-sample accuracy across the 
city while utilising 90% of the data in each training round.

3.5.2. Leave-one-borough-out spatial cross-validation
The second strategy was a geographically structured leave-one-

out cross-validation (Wong, 2015). In contrast to ten-fold CV, which 
partitions the data into multiple smaller folds, this approach held out an 
entire London borough during each evaluation. Six diverse boroughs: 
Camden, Barking and Dagenham, Barnet, Southwark, Croydon, and 
Ealing, these were selected to represent various geographic locations 
and socio-demographic profiles (Raco et al., 2014). The splitting pro-
cedure followed the same 2-hop buffered approach as in ten-fold CV to 
maintain spatial continuity.

This strategy served as a stringent test of spatial generalisabil-
ity, revealing how well UST-GNN performed in unseen regions. Both 
cross-validation setups were evaluated using root mean squared error 
(RMSE), mean absolute error (MAE), and coefficient of determination 
(𝑅2). Hyperparameters were fixed across all folds, based on prior tuning 
through random search on each of the specific training sets.

3.6. Step E: Interpretability analysis

To complement UST-GNN’s predictive capacity with meaningful 
interpretation, we introduced a light-weight principal component inter-
pretation framework that globally interpret the input features through 
geographical mapping and correlational analysis as shown in Fig.  4. The 
approach first applies PCA (Cohen et al., 2013; Greenacre et al., 2022) 
to the final-layer node embeddings to extract two intrinsic components 
that summarises the latent spatial structures and attributes learned by 
the model.

The top two principal components (explaining over 80% of vari-
ance) were then mapped back to neighbourhoods, enabling interpre-
tation of embeddings as coherent spatial patterns rather than abstract 
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Fig. 3. Comparison of splitting strategies for spatial graph cross-validation: (A) naïve random split; (B) spatially continuous split with a 𝑘-hop buffer.
Fig. 4. Principal-component-based interpretability framework and comparison with existing explainability methods.
features. The two principal components were then correlated with 
the original socio-demographic and environmental variables, thereby 
anchoring the intrinsic representation space back to real-world policy-
relevant urban characteristics and revealing how the model internally 
organises outcome-relevant information. This approach provides a sim-
plified association between the learned latent space and its policy-
relevant input variables.

Unlike input-level explainers such as GNNExplainer or gradient-
based methods, this global approach offers a holistic and distilled 
view of how message passing encodes spatial and socio-environmental 
dependencies. PCA provides a light-weight and interpretable means 
of identifying the dominant and intrinsic spatial hierarchies captured 
during learning, without relying on model-specific assumptions or task 
labels.
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To further contextualise this design, we established a compar-
ative protocol (Appendix  B) against established explanation meth-
ods, Permutation-based attribution, Integrated Gradients, and GNNEx-
plainer, under identical data splits and hyperparameters. We evaluated 
(i) consistency of variable importance, (ii) ability to produce spa-
tially continuous gradients, and (iii) interpretability across local and 
global levels. This positions our PCA-based framework within a unified 
methodological benchmark for spatial model interpretation.

4. Results

In this section, we evaluate the UST-GNN framework through a 
series of experiments designed to: (1) identify optimal model com-
ponents via systematic ablation (Section 4.1), (2) assess predictive 
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performance in a health-related case study using the MEDSAT dataset 
(Section 4.2), and (3) illustrate interpretability insights from a domain-
specific analysis of antidepressant prescriptions (Section 4.3). While 
the case study focuses on health outcomes, the experimental design 
and evaluation procedures are general to other urban analytics tasks 
involving spatially structured data.

4.1. Component ablation

To determine the optimal design of the UST-GNN framework, we 
performed a sequential ablation study covering four core components: 
message passing architecture, spatial adjacency definition, network 
depth, and location/positional encoding strategy.

Fig.  5 illustrates the spatial adjacency construction strategies con-
sidered in the ablation study. KNN graphs generate relatively sparse 
and distance-based connections, whereas ℎ-hop contiguity graphs pro-
duce progressively denser and more interconnected neighbourhood 
networks, directly affecting information flow, spatial scale, and com-
putational cost in graph learning.

Table  3 summarises the sequential ablation procedure, in which the 
best-performing component at each stage is retained and fixed for the 
next stage. The selected backbone inherited by the later stages is 2-head 
GATv2 with 1-HOP adjacency and 2 layers; the subsequent position-
and-location-encoding blocks further refine this backbone, including 
comparisons across alternative encoders.

Among the adjacency configurations, the 1-HOP contiguity graph 
achieved the strongest cross-validated performance (𝑅2 = 0.860±0.008), 
outperforming both KNN alternatives and denser multi-hop graphs. In 
particular, extending the graph to 2-HOP and 3-HOP reduced perfor-
mance to 0.821±0.027 and 0.799±0.011, respectively. This suggests that, 
for neighbourhood-level prescription prediction in Greater London, 
immediate contiguity captures the most relevant local spatial context, 
whereas denser topologies may introduce less informative meso-scale 
structure and increase the risk of over-smoothing. We therefore retain 
1-HOP adjacency as the default spatial representation for UST-GNN.

The Graph Attention Network v2 (GATv2) emerged as the most 
effective architecture. Two graph convolutional layers provided the 
best balance between expressiveness and stability, with three lay-
ers remaining competitive but slightly less robust, and the additional 
head ablation showed that two attention heads performed best overall. 
For position encoding, the combination of SatCLIP and Random Walk 
yielded the highest performance, suggesting that both absolute geo-
graphic positioning and local structural context contribute to stronger 
spatial representations. The additional AlphaEarth comparison further 
shows that different GeoFM -based representation enhancements pro-
vide broadly similar improvements within the same UST-GNN pipeline, 
indicating that the framework can benefit from multiple interchange-
able locational encoding modules. Together, these design choices define 
the final UST-GNN configuration used in the subsequent experiments.

4.2. Model performance

Addressing our second contribution, we evaluated UST-GNN in a 
10-fold as well as leave-one-out cross-validation.

4.2.1. Ten-fold spatial cross-validation
We evaluated UST-GNN against a comprehensive suite of base-

line models, including statistical methods (Spatial Lag Model, SLM; 
Geographically Weighted Regression, GWR), machine learning ap-
proaches (Random Forest, LightGBM), geographically-enhanced mod-
els (Geo-XGBOOST and Geo-LightGBM incorporating either coordi-
nate or spatial-weight features), and graph neural network baselines 
(GCN, GraphSAGE) that share the same adjacency structure as UST-
GNN. All models were trained and tested under an identical 10-fold 
cross-validation protocol to ensure comparability.
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Table  4 summarises predictive performance across all six prescrip-
tion outcomes, while Fig.  6 provides a detailed view of fold-wise 
performance and prediction stability for the representative depression 
task. UST-GNN consistently outperformed all baselines across diabetes, 
hypertension, asthma, depression, anxiety, and opioid prescriptions. 
Best and second-best results are highlighted in bold and underline, 
respectively. While geographically enhanced models achieved notable 
gains over traditional machine learning baselines, confirming the value 
of incorporating spatial context, UST-GNN further improved predic-
tive accuracy by explicitly modelling graph-based spatial dependencies 
and nonlinear socio-environmental interactions. Across outcomes, it 
improves upon the strongest baseline by 8.4%–13.2% in out-of-sample 
𝑅2. Fig.  6 further shows that these gains are accompanied by accurate 
and stable out-of-fold predictions with limited variation across spatial 
folds.

To further illustrate predictive performance, we visualised observed 
versus predicted per-capita prescription rates across three represen-
tative health outcomes: depression (mental health), diabetes (chronic 
disease), and opioids (pain management) in Fig.  7. For each outcome, 
the UST-GNN configuration was individually fine-tuned. Across out-
comes, the model successfully reproduced major spatial trends — such 
as high depression prescription rates in South East London, elevated 
diabetes prescriptions in eastern boroughs, and opioid hotspots in 
outer boroughs — while capturing low-prescription clusters in Central 
London. Residual maps indicate generally small errors, with localised 
discrepancies in parts of Central and East London, suggesting potential 
effects of unobserved socio-environmental factors or limitations in 
current graph connectivity definitions.

4.2.2. Leave-one-out spatial cross-validation (LOOSCV)
To further test spatial generalisability under a more stringent set-

ting, We conducted LOOSCV using six Boroughs in London—Camden, 
Barking, Barnet, Southwark, Croydon, and Ealing, which were selected 
for their diverse geographic, socio-demographic, and environmental 
characteristics (Kearns & Ron, 1997; Ng, 1997). Table  5 summarised 
the results across six health outcomes.

Compared with the 10-fold cross-validation, UST-GNN experienced 
a slight performance decline under LOOSCV for most outcomes, with 
𝑅2 scores generally reduced by less than 0.1. A more pronounced 
drop was observed for diabetes in Camden and Ealing, which likely 
reflects greater generalisation difficulty under borough-level hold-out. 
Plausible explanations include distribution shift between held-out and 
training boroughs, variation in feature–outcome relationships across 
boroughs, and higher intra-borough heterogeneity. Similarly, asthma 
prediction in Camden, Southwark, and Ealing showed reduced 𝑅2, 
suggesting that neighbourhood-level patterns in these boroughs were 
more heterogeneous or less well represented by the current graph 
attributes.

Despite these expected reductions, UST-GNN still maintained an 
average 𝑅2 above 0.80 across all outcomes and boroughs. Notably, 
prediction in Croydon consistently achieved the highest scores, indicat-
ing that certain boroughs may have more regular socio-environmental 
patterns that the model can capture more effectively under spatial 
hold-out.

Overall, even under this more stringent validation regime, where 
entire unseen Borough subgraphs were held out, UST-GNN continued 
to outperform traditional baselines (SLM, GWR, LightGBM) evaluated 
under the less challenging 10-fold setting (Table  5). This suggests 
that UST-GNN remains robust under heterogeneous spatial configu-
rations, although borough-specific generalisation difficulty is clearly 
non-uniform.
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Fig. 5. Comparison of spatial adjacency construction strategies for London LSOAs: KNN graphs (𝑘 = 3, 5) and ℎ-hop graphs (ℎ = 1, 2).
Table 3
Component-wise ablation results for depression prediction. The ablation study was conducted sequentially starting 
from a preset backbone configuration (GCN; 1-hop adjacency; 2 layers; 2 attention heads; no positional/location 
embeddings). At each step, one component was varied across candidate settings, previously selected components were 
fixed to their selected values, and all remaining untested components retained their preset settings. The final selected 
model is reported in the last row.
Tested Pluggable Module Setting / Candidate 3-fold 𝑅2

Architecture

GCN 0.805 ± 0.013
GIN 0.811 ± 0.006

GraphSAGE 0.828 ± 0.009
GAT 0.829 ± 0.013

GATv2∗ 0.860 ± 0.008
Best architecture updated to GATv2.

Adjacency

3-NN 0.837 ± 0.009
5-NN 0.854 ± 0.006
1-hop∗ 0.860 ± 0.008
2-hop 0.821 ± 0.027
3-hop 0.799 ± 0.011

Best adjacency = 1-hop.

Convolution Depth
1 layer 0.767 ± 0.014
2 layers∗ 0.860 ± 0.008
3 layers 0.858 ± 0.011
4 layers 0.833 ± 0.009

Best depth = 2 layers.

Attention Head
1 head 0.840 ± 0.011
2 heads∗ 0.860 ± 0.008
4 heads 0.853 ± 0.004
8 heads 0.853 ± 0.013

Best number of attention heads = 2.

Position/Location

None 0.860 ± 0.008
Random Walk (1-D)∗ 0.861 ± 0.008

Laplace (3-D) 0.854 ± 0.011
SatCLIP (2-D) 0.855 ± 0.008

AlphaEarth (2-D) 0.861 ± 0.008
AlphaEarth + Laplace (2+3-D) 0.857 ± 0.018

AlphaEarth + Random Walk (2+2-D) 0.863 ± 0.011
SatCLIP + Laplace (2+3-D) 0.859 ± 0.006

SatCLIP + Random Walk (2+2-D)∗ 0.868 ± 0.008
Best positional/location encoding updated to SatCLIP + Random Walk.

Final model UST-GNN = GATv2; 1-hop; 2 layers; 2 heads; SatCLIP + Random Walk 0.868 ± 0.008
4.3. Interpretability analysis

Aligned with our third contribution, we applied our proposed Prin-
cipal Component Interpretation framework to the learned node embed-
dings from the depression prescription task. As shown in Fig.  8, the 
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first two components (PCA1 and PCA2) explained 61.26% and 23.83% 
of the total variance, respectively, capturing the dominant spatial and 
socio-environmental structures embedded by UST-GNN.

The spatial maps of PCA1 and PCA2 revealed distinct but comple-
mentary patterns. PCA1 expressed a pronounced urban–rural gradient, 
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Table 4
Ten-fold cross-validation results across six prescription outcomes. Best results are in bold, second-best are underlined.
Model Diabetes Hypertension Asthma Depression Anxiety Opioids
Statistical Baselines
SLM 0.711 0.725 0.684 0.714 0.678 0.677
GWR 0.726 0.752 0.710 0.734 0.705 0.691
Machine Learning Baselines
Random Forest 0.637 ± 0.021 0.671 ± 0.016 0.621 ± 0.021 0.633 ± 0.023 0.599 ± 0.023 0.555 ± 0.022
LightGBM 0.632 ± 0.029 0.649 ± 0.017 0.589 ± 0.024 0.628 ± 0.020 0.586 ± 0.021 0.535 ± 0.032
Geographically-Enhanced Models
Geo-XGBOOST(Coordinates) 0.691 ± 0.023 0.725 ± 0.013 0.678 ± 0.016 0.699 ± 0.019 0.662 ± 0.017 0.6546 ± 0.021
Geo-LightGBM (Coordinates) 0.684 ± 0.022 0.720 ± 0.016 0.670 ± 0.021 0.689 ±0.017 0.655 ± 0.021 0.627 ± 0.020
Geo-XGBOOST(Spatial weight matrix) 0.781 ± 0.023 0.801 ± 0.017 0.764 ± 0.022 0.767 ± 0.022 0.762 ± 0.021 0.751 ± 0.015
Geo-LightGBM (Spatial weight matrix) 0.772 ± 0.026 0.790 ± 0.019 0.754 ± 0.023 0.779 ± 0.015 0.750 ± 0.020 0.735 ± 0.013
Graph Neural Network Baselines Evaluated (GCN, GraphSAGE, GIN) in ablation; see Table  3
Proposed Method
UST-GNN (Ours) 0.864 ± 0.024 0.869 ± 0.020 0.849 ± 0.018 0.868 ± 0.018 0.853 ± 0.021 0.850 ± 0.025
Relative gain over the best baseline (Rš) 10.6% 8.4% 11.1% 11.4% 11.9% 13.2%
Fig. 6. Predictive performance and cross-validation stability of UST-GNN for depression prescriptions: predicted vs. observed values, fold-wise metrics, and metric 
distributions across folds.
Table 5
Performance of UST-GNN under Leave-One-Out Spatial Cross-Validation (LOOSCV) across six London boroughs 
and six prescription outcomes. Best 𝑅2 values per medical outcome are shown in bold.
 Outcome Metric Camden Barking Barnet Southwark Croydon Ealing 
 
Diabetes

RMSE 3.93 7.03 6.83 5.61 4.60 10.43  
 MAE 2.80 5.28 4.84 4.11 3.34 6.80  
 𝑅2 0.78 0.88 0.83 0.80 0.90 0.79  
 
Hypertension

RMSE 6.70 12.34 9.88 8.51 7.12 11.64  
 MAE 4.55 7.86 6.81 5.69 5.17 7.31  
 𝑅2 0.83 0.81 0.87 0.84 0.93 0.73  
 
Asthma

RMSE 1.14 1.55 1.41 1.49 1.25 1.62  
 MAE 0.87 1.03 0.93 1.13 0.89 1.11  
 𝑅2 0.76 0.82 0.84 0.76 0.88 0.74  
 
Depression

RMSE 1.98 2.53 2.54 2.63 2.82 2.68  
 MAE 1.37 1.89 1.65 1.90 1.74 1.84  
 𝑅2 0.89 0.90 0.88 0.87 0.88 0.77  
 
Anxiety

RMSE 3.81 3.70 4.27 3.83 3.49 4.49  
 MAE 2.39 2.70 2.87 2.83 2.32 2.82  
 𝑅2 0.81 0.89 0.84 0.87 0.90 0.75  
 
Opioids

RMSE 1.44 2.28 1.62 1.99 1.98 1.63  
 MAE 0.94 1.50 1.09 1.37 1.45 1.13  
 𝑅2 0.83 0.84 0.85 0.77 0.89 0.76  
with low values in central boroughs (e.g., Region A) and higher val-
ues in outer boroughs (e.g., Region B), aligning with known socio-
demographic centrality. PCA2, in contrast, reflected intra-urban het-
erogeneity (e.g., Regions C and D), capturing finer distinctions among 
neighbourhoods that traditional spatial regression models often fail to 
represent.
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The correlation heatmap between embedding components and Med-
SAT features (Fig.  8) indicated that PCA1 was negatively correlated 
with population density (−0.54), air pollution (−0.79), and income lev-
els (−0.23), and positively correlated with housing deprivation (0.53). 
Together, these associations suggest that PCA1 captures a latent gra-
dient related to urban inequality and environmental stress. PCA2 was 
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Fig. 7.  Spatial distribution of real values, predicted values, and absolute residuals for three representative prescription categories in London: (left) Depression 
(mental health), (middle) Diabetes (chronic disease), and (right) Opioids (pain management). Rows correspond to: (top) real number of prescriptions per capita, 
(middle) predicted number of prescriptions per capita by the UST-GNN framework, and (bottom) absolute residuals between predictions and real values. Blue-to-red 
gradients indicate relative prescription intensity, while greyscale in the bottom row shows residual magnitude (darker = larger error). Black polygons mark LSOAs 
with missing target values; histograms in the residual maps show the residual distribution with mean and standard deviation.
 

associated with cultural and demographic variation, showing positive 
correlations with the proportion of White residents (0.34) and Christian 
beliefs (0.24), and negative correlations with Asian residents (−0.32) 
and Muslim beliefs (−0.22). It further captured built-environment at-
tributes, such as housing quality and commuting modes, indicative of 
contextual differences in access and exposure.

Compared with established interpretability techniques such as
Permutation-based attribution, Integrated Gradients, and GNNExplainer
(see Appendix  B), our PCA-embedding approach yielded more consis-
tent and spatially continuous interpretations. It effectively summarised 
global structure–function relationships, offering a stable, transferable 
understanding of how the model internalises spatial context—thereby 
advancing interpretability in spatial graph learning beyond purely local 
attribution methods. Together, these findings demonstrate that UST-
GNN embeddings encode interpretable, spatially coherent dimensions 
linking socio-environmental structure to health outcomes.

5. Discussion

5.1. UST-GNN: Model insights and general implications

The proposed UST-GNN framework consistently outperformed all 
baseline models across six distinct prescription outcomes, demonstrat-
ing its ability to capture spatial dependencies, topological structures, 
and feature heterogeneity in complex urban systems. By combining 
expressive graph-based aggregation with complementary positional and 
location encodings, UST-GNN generated neighbourhood representa-
tions that were both more accurate and more spatially coherent than 
those produced by traditional spatial regression or tree-based machine 
learning approaches. Consistent with the view that ‘‘if a model ap-
proximates the data-generating process well, its interpretation should 
yield better insights into that process’’ (Molnar et al., 2020), our results 
showed that UST-GNN not only improved predictive accuracy but 
also uncovered interpretable latent structures that aligned with known 
spatial inequalities.
12 
A key contribution of this study lies in the design of a transferable 
feature engineering pipeline for high-dimensional urban datasets. Exist-
ing studies often mitigate multicollinearity through simple VIF filtering 
or single-metric ranking (Cheng et al., 2022), yet such approaches over-
look the compounded dependencies among socio-demographic and en-
vironmental variables (Trushna et al., 2021; Wu et al., 2023). Our com-
prehensive multi-dimensional feature selection framework (Appendix 
A) integrates four complementary evaluation metrics, mutual informa-
tion, F-statistics, random forest importance, and Lasso regularisation, 
within an adaptive cross-validation procedure and correlation-based 
redundancy control (|𝑟| > 0.8). The approach balances theoretical rele-
vance with statistical robustness by mandatorily retaining core control 
variables (e.g., demographics, deprivation, environmental exposure) 
while optimising the remaining feature set in a data-driven manner. 
The resulting subset achieves near-saturated explanatory capacity with 
substantially reduced dimensionality, providing a stable, interpretable, 
and generalisable representation of urban socio-environmental systems. 
This integrated pipeline is broadly applicable to other spatial prediction 
and health geography tasks, supporting reproducible, domain-grounded 
feature learning across diverse urban contexts.

Beyond performance gains, the systematic spatial component abla-
tion (covering graph architecture, spatial adjacency definitions, neigh-
bourhood depth, and positional encoding) reinforced that spatially 
explicit GNN effectiveness depends as much on how spatial relation-
ships are encoded as on the neural architecture itself. While automated 
methods such as Neural Architecture Search (NAS) (Zhou et al., 2022) 
may further refine configurations, their computational demands often 
limit applicability in high-resolution urban datasets. Our sequential 
ablation procedure offers a more tractable yet still rigorous pathway 
for spatial model optimisation.

More broadly, our findings highlight a methodological point for 
GeoAI-based urban analytics: spatial effects, network topology, leakage-
aware evaluation, and interpretability are often treated as separate 
modelling concerns, even though they jointly shape the reliability 
and usefulness of urban prediction systems. In policy-facing settings 
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Fig. 8. Principal Component Interpretation of learned embeddings and their explanatory links to antidepressant spatial patterns. (Top left) Spatial distributions 
of PCA1 and PCA2 across London LSOAs. (Top right) Correlation heatmap between embedding components and original socio-environmental features. (Bottom 
A–D) Representative street-view samples from annotated neighbourhoods.
such as urban health, predictive performance alone is rarely sufficient; 
models must also generate explanations that are spatially meaningful 
and interpretable at a level relevant to intervention and planning. 
By integrating these elements within a single spatially explicit uni-
fied framework, UST-GNN moves beyond prediction towards insight 
generation, showing that graph-based urban models can support both 
robust forecasting and policy-relevant interpretation. In this sense, the 
framework also provides a useful foundation for future urban digital 
twin workflows, where heterogeneous urban data, scenario testing, 
monitoring, and transparent analytical outputs must be combined to 
support evidence-based decision-making.

Finally, although evaluated here in the context of health out-
comes, UST-GNN is outcome-agnostic and readily transferable to other 
neighbourhood-level prediction tasks, ranging from housing prices and 
energy demand to accessibility, environmental risk, and socio-economic 
deprivation. This flexibility underscores the potential of the framework 
as a reusable GeoAI pipeline for diverse urban analytics applications 
and for broader evidence-based planning in sustainable and equitable 
cities.

5.2. Interpretation through PCA-embedding method

To interpret the deep representation learned by UST-GNN, we ap-
plied PCA to the final-layer node embeddings (Fig.  8). The first two 
components (PCA1 and PCA2) explained 61.3% and 23.8% of the 
total variance, respectively, capturing the dominant spatial and struc-
tural gradients encoded by the network. PCA1 exhibited a pronounced 
centre–periphery gradient consistent with established urban form and 
demographic structures in Greater London (Aiello et al., 2019; Hatch 
et al., 2011), with high scores linked to denser, younger, and less green 
areas, and low scores characterising suburban and greener neighbour-
hoods. PCA2 captured finer-scale socio-cultural variations, identifying 
clusters of inner-London communities with elevated antidepressant 
prescription rates and strong associations with ethnicity and religion.

Regression of the observed antidepressant prescription rates on 
PCA1 and PCA2 yielded 𝑅2 > 0.80, indicating that these components 
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collectively explained the majority of spatial variation captured by 
UST-GNN. Together, PCA1 and PCA2 revealed complementary con-
cepts: the first represented macro-level structural–environmental gra-
dients, while the second seemed to exhibit localised socio-cultural 
contrasts underlying heterogeneous mental health outcomes.

Unlike conventional attribution-based explainers such as SHAP, 
Integrated Gradients, or GNNExplainer (see Appendix  B), our Principal 
Component Interpretation analysis does not attempt to assign impor-
tance to individual input features, nor does it seek to disentangled 
neurons like mechanistic interpretability. Instead, it focuses on iden-
tifying and interpreting the most informative and intrinsic component 
of the model’s learned representation. This inductive, correlation-
oriented approach trades off granular instance-level precision for global 
interpretability and computational efficiency, an advantage in high-
dimensional, spatially dependent systems where strict feature-level 
causality is often ill-posed. While acknowledging limitations with
analysing these entangled, concept-level components, this method re-
veals spatial gradients linking raw features, learned embeddings, and 
target outcomes, a level of structural insight that most local attribution 
methods cannot provide.

In this sense, the Principal Component Interpretation framework 
serves as a scalable and domain-grounded interpretability strategy: it 
transforms complex GNN representations into policy-relevant axes of 
socio-environmental variation, facilitating cross-model comparison and 
rapid exploration of structure–function relationships in urban systems. 
This approach, though deliberately simplified, provides a transfer-
able and analytically transparent pathway to understanding how deep 
spatial models generalise across diverse geographic contexts.

5.2.1. Alignment with existing literature
Our results affirm prior findings regarding age, ethnicity, and hous-

ing conditions in relation to mental health outcomes. Antidepressant 
prescription rates were highest among elderly populations (Cahoon, 
2012) and adolescents aged 10–19 (Armitage, 2021; Lalji et al., 2021), 
and lower among adults aged 20–39. This younger adult group tends to 
exhibit health-protective behaviours such as active commuting (Berrie 
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et al., 2024; Soini et al., 2024), professional employment (Remes et al., 
2021), and remote work—an arrangement shown to buffer mental 
distress, especially during the COVID-19 pandemic (Bonacini et al., 
2021).

Notably, PCA1 showed strong correlation with under-occupied
housing (correlation coefficient: 0.53), a potential proxy for social isola-
tion and loneliness (Erzen & Çikrikci, 2018). Both PCA1 and PCA2 also 
exhibited positive associations with the proportion of White residents, 
consistent with prior evidence suggesting higher antidepressant usage 
in this demographic (Sclar et al., 2008).

Conversely, lower prescription rates were observed in areas with 
high proportions of Muslim residents, recent immigrants, and individu-
als with limited English proficiency. These trends may reflect not only 
cultural stigma or differing health beliefs (Assari, 2017; Loewenthal 
et al., 2002), but also structural barriers to care. For instance, language 
limitations have been identified as a barrier to receiving appropriate 
depression treatment (Lesser et al., 2008). This suggests that observed 
disparities may arise from inequities in access rather than differences 
in need. Figs.  8 A–D illustrate representative neighbourhood typologies 
from these areas.

5.2.2. Adding to ongoing debates
Our findings contribute to several ongoing debates within the urban 

health literature by challenging commonly accepted associations and 
highlighting context-specific dynamics.

First, we observe a positive correlation between green land cover 
(e.g., crops, shrubland) and antidepressant prescriptions. While most 
research links exposure to green spaces with lower depression in-
cidence (Browning et al., 2019), some recent studies have reported 
similar counterintuitive trends (Astell-Burt et al., 2022; Hyam, 2020). 
These discrepancies may reflect heterogeneity in green space accessi-
bility, usage patterns, or the socio-demographic composition of green 
areas. For example, peripheral neighbourhoods rich in vegetation may 
coincide with older or more isolated populations, partially explaining 
the observed increase in prescriptions.

Second, working more than 49 h per week (exceeding the UK 
Working Time Directive2) is negatively correlated with antidepressant 
prescriptions (𝑟 = −0.29 with PCA1). This pattern differs from prior 
literature associating long working hours with elevated depression 
risk (Melchior et al., 2007). One possible interpretation is that this 
variable may proxy for correlated factors such as stable employment 
and income, both of which are often associated with better mental 
health outcomes. This aligns with newer perspectives suggesting that 
certain types of work-related stress may be positively associated with 
purpose and psychological resilience (Šćepanović et al., 2023a).

Third, we find a negative correlation between NO2 levels and an-
tidepressant use, a result that diverges from the prevailing consensus 
linking air pollution to adverse mental health outcomes (Lim et al., 
2012). Similar trends were observed in other geospatial studies (Fleury 
et al., 2021) and within the MedSAT dataset itself (Maitra et al., 2025; 
Šćepanović et al., 2023b). A possible explanation lies in urban policy 
interventions: London’s Ultra Low Emission Zone (ULEZ), introduced in 
stages since 2019,3 may have spatially decoupled pollution levels from 
mental health burdens by redistributing high-emission zones away from 
vulnerable populations.

5.2.3. Insights warranting future research
UST-GNN’s pipeline, coupled with the comprehensive MedSAT

dataset, enables a comprehensive exploration of urban-environment-
health interrelations beyond the scope of conventional public health 
analyses. This modelling approach surfaced several previously under-
explored associations that merit further investigation.

2 UK Government guidance on maximum weekly working hours.
3 Transport for London Ultra Low Emission Zone policy.
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Among them, we find a positive correlation between antidepressant 
prescriptions and both train commuting rates and employment in caring 
and leisure occupations. While public transport and caregiving roles 
are typically viewed as health-supportive due to increased accessibility 
and social engagement, their observed links with higher prescription 
rates may reflect context-dependent stressors such as emotional labour, 
shift work, or pandemic-related occupational burnout. These findings 
suggest that presumed protective urban or occupational features may 
carry hidden mental health burdens depending on exposure intensity 
and socio-environmental context.

Furthermore, environmental hydrological features, specifically-total 
surface runoff and canopy evaporation—show consistent negative cor-
relations with antidepressant prescriptions. Total runoff, which quanti-
fies the volume of precipitation-induced surface water flow, may serve 
as a proxy for effective stormwater infrastructure and urban green 
design, often characteristic of walkable, eco-resilient neighbourhoods. 
Similarly, higher canopy evaporation, primarily driven by extensive 
tree cover, contributes to urban cooling and microclimatic regulation, 
mitigating thermal stress and promoting psychological comfort. These 
environmental buffers may form indirect yet impactful pathways for 
mental well-being in dense urban settings.

Together, these associations highlight the ability of graph-based 
spatial machine learning to reveal hidden structural and environmen-
tal drivers of urban health. Advancing this work requires transdisci-
plinary collaboration between urban science, causal inference, and pub-
lic health to connect model-derived hypotheses with individual-level 
data, qualitative interviews and targeted interventions. Integrating such 
insights into policy can help shape more equitable and responsive urban 
health environments.

6. Conclusion

This study demonstrates the effectiveness of a unified spatio-
topological graph neural network (UST-GNN) for neighbourhood-level 
health outcome prediction from rich socio-demographic and envi-
ronmental datasets. In a London case study on health prescriptions, 
UST-GNN consistently outperformed statistical, machine learning and 
geographically enriched baselines by jointly modelling nonlinear spa-
tial dependencies, network topology, with heterogeneous features in 
strict spatial cross validation settings. Principal component interpreta-
tion analysis further demonstrated that the model not only achieved 
high predictive accuracy but also produced interpretable and meaning-
ful links to real-world urban patterns that validated established drivers, 
contributed to ongoing debates, and revealed novel associations war-
ranting further causal investigation.

While demonstrated here in an urban health context, UST-GNN is 
inherently outcome-agnostic and can be readily applied to a wide range 
of spatial prediction tasks, such as modelling energy demand, housing 
prices, or environmental risk indices, offering a reproduceable GeoAI 
pipeline for urban analytics, spatial epidemiology, and equitable city 
planning. Beyond these applications, the proposed framework can serve 
as an analytical pipeline within emerging urban digital twin systems, that 
continuously integrate real-time data for monitoring, simulation, and 
policy experimentation (Malleson et al., 2024). Embedding UST-GNN 
into digital-twin workflows (e.g. agent-based-models) would enable 
data-driven equitable urban planning to foster healthier and more 
sustainable cities.
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Fig. A.9. Comprehensive evaluation of feature selection strategies. Panels summarise: (top-left) total mutual information (MI) of retained features; (top-middle) 
mean MI; (top-right) radar plot comparing four normalised dimensions (information, correlation control, performance, diversity); (top-far-right) overall composite 
score. Bottom row: (left) explained variance ratio (EVR) of the top 10 principal components; (middle-left) diversity score measuring category coverage; (middle-
right) trade-off between number of features and performance; (right) per-dimension normalised scores. The ‘‘Comprehensive Method’’ balances information content 
and diversity while maintaining high performance with a compact feature set, improving over the naive ‘‘All Features’’ and the minimal ‘‘Original Control’’ set.
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Appendix A. Feature selection methodology

This appendix provides detailed information about the feature selec-
tion process used to reduce the dimensionality of the MedSAT dataset 
from 155 variables to 67 variables.

Fig.  A.9 compares three strategies evaluated in this study: using all 
variables (All Features), a minimal confounder set (Original Control), 
and our multi-criteria pipeline (Comprehensive Method). The latter max-
imises information (total/mean MI) under explicit correlation control 
and achieves near-saturated EVR with markedly fewer variables, yield-
ing higher composite scores and a more diverse, policy-relevant feature 
portfolio. This selection underpins the stability of UST-GNN and the 
clarity of subsequent interpretability analyses.
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A.1. Comprehensive multi-dimensional feature selection strategy

Our feature selection strategy prioritised theoretical relevance and 
causal inference robustness while leveraging data-driven insights to 
optimise predictive performance. We selected 67 variables from 155 
available features through a systematic multi-dimensional evaluation 
framework that integrates domain knowledge with statistical learning 
approaches, ensuring comprehensive coverage of socio-demographic, 
environmental, and behavioural determinants of health outcomes.

The selection process comprised four key stages:
(i) Multi-dimensional feature scoring: We computed feature im-

portance scores using four complementary evaluation metrics: mutual 
information (MI) regression, F-statistics from univariate linear regres-
sion, random forest feature importances, and Lasso regularisation co-
efficients. Each metric captured different aspects of feature–outcome 
relationships: MI quantified non-linear associations, F-statistics assessed 
linear dependencies, random forest importances captured interactive 
effects, and Lasso coefficients reflected sparsity-regularised contribu-
tions. Individual scores were normalised to [0, 1] and combined using 
weighted averaging (weights: 0.3 for MI, 0.2 for F-statistics, 0.3 for 
random forest, and 0.2 for Lasso), producing a unified combined score
that balanced multiple statistical perspectives.

(ii) Adaptive feature number determination: Rather than fix-
ing a predefined feature count, we applied cross-validation (5-fold) 
over candidate feature set sizes (𝑘 ∈ [30, 80]) to identify the optimal 
dimensionality that maximised predictive performance while main-
taining model stability. For each candidate 𝑘, we selected the top-𝑘
features ranked by combined scores and evaluated their collective 
performance using Random Forest regression with cross-validation 𝑅2

as the selection criterion.
(iii) Mandatory control variable inclusion: Core control vari-

ables commonly used as key confounders in public health and broader 
socio-spatial research, including age distributions, gender, ethnicity, 
occupation types, population density, and key environmental exposures 
(NDVI, NO2, land cover types)—were automatically retained regardless 
of their combined scores. This ensured that theoretically essential pre-
dictors remained represented across all model configurations. Because 
a small set of theory-driven control variables was mandatorily retained, 
some residual collinearity may remain in the final feature set. This 
reflects a deliberate trade-off between strict redundancy removal and 
the preservation of substantively important controls.

(iv) Redundancy elimination: To address multicollinearity while 
preserving feature diversity, we computed pairwise correlation matrices 
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Fig. A.10.  Pairwise correlation matrix (lower triangle) of the 67 variables retained by the comprehensive feature selection method. Each cell represents 
the Pearson correlation coefficient between two features (red: positive; blue: negative). The pattern illustrates that strong pairwise dependencies (|𝑟| > 0.8) 
were effectively minimised through the redundancy elimination step, resulting in a feature set that maintains informational diversity across socio-demographic, 
environmental, and behavioural dimensions.
for selected features and identified highly correlated pairs (|𝑟| > 0.8). 
For each pair, we retained the feature with the higher combined score 
(or prioritised control variables when one feature was a mandatory con-
trol), removing redundant predictors without substantial information 
loss.

This multi-stage approach balances dimensionality reduction with 
the retention of sufficient feature diversity to capture complex de-
pendencies, thereby supporting both model stability and interpretable 
embedding–feature associations. The final feature set comprised 67 
variables (54 socio-demographic and 13 environmental), represent-
ing an optimal balance between comprehensiveness and parsimony. 
Fig.  A.10 visualises the pairwise correlation structure among the 67 
variables selected by our comprehensive multi-dimensional feature 
selection framework. The lower-triangular correlation map demon-
strates that the retained variables exhibit a balanced mix of moderate 
associations without strong linear redundancy. Clusters of moderate 
correlations (notably within age-related or occupation-related vari-
ables) indicate internally coherent thematic groups, yet the overall 
absence of dense high-correlation blocks (|𝑟| > 0.8).

A.2. Selected variables summary

Table  A.6 presents the complete list of 67 selected variables, organ-
ised by category. The selection encompasses key demographic charac-
teristics (age distribution, gender, ethnicity), socioeconomic indicators 
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(occupation, housing, deprivation), and environmental exposures (air 
quality, greenness, land cover).

Appendix B. Interpretability

See Figs.  B.11 and B.12.

B.1. Motivation and evaluation criteria

Interpreting spatial graph models requires balancing methodologi-
cal faithfulness and practical communicability. In the context of urban 
analytics, meaningful explanations should (i) remain faithful to the 
trained model, (ii) exhibit stability under random seeds and data per-
turbations, (iii) incorporate spatial topology rather than treating nodes 
independently, and (iv) provide outputs interpretable to domain ex-
perts such as planners or epidemiologists. Guided by these principles, 
we evaluate and compare four complementary interpretability families 
— embedding PCA (ours), gradient-based saliency, permutation im-
portance, and GNNExplainer — each representing a different trade-off 
between global generality and local fidelity.

B.2. PCA-embedding (ours)

Our PCA-embedding interpretation departs from traditional attri-
bution frameworks by focusing on the structure of the learned rep-
resentation rather than direct input–output gradients. Applying PCA 
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Table A.6
Complete list of 67 selected variables organised by category.
 Category Selected variables  
 Demographics Age groups (10-14, 15-19, 20-24, 25-29, 30-34, 35-39, 40-44, 

45-49, 50-54, 55-59, 60-64, 65-69, 70-74, 75-79, 80-84, 85+), 
Male proportion

 

 Ethnicity Mixed race, White, Asian, Black populations  
 Socioeconomic Professional occupations, Population density, Household 

deprivation
 

 Environment NO2, NDVI, Water bodies, Trees, Grass, Bare land  
 Housing Central heating availability, Communal heating, Occupancy 

ratings
 

 Transport Commute modes (foot, metro rail, bus, bicycle, train), Distance 
to work

 

 Employment Working hours, Part-time work, Work from home, Student 
population

 

 Residential Length of residence, Marital status, English proficiency  
 Religion Christian, Buddhist, Muslim populations  
 Climate Lake depth, Snow cover, Surface runoff, Snow/ice, Crops, 

Canopy evaporation, Shrub cover
 

Fig. B.11. Permutation-based global feature importance. Bars show performance degradation after shuffling each feature, summarising city-wide contribution. 
Labels are wrapped for readability.
Fig. B.12. GNNExplainer-based summaries over five representative nodes (10th–90th percentiles). Left: bar chart with uncertainty; Right: range of importance 
across nodes. Stochastic optimisation and sparse sampling can yield local deviations from global rankings.
17 
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to the final-layer node embeddings enables us to identify dominant 
axes of variation that capture the macro-scale organisation of urban 
socio-environmental patterns. The approach is architecture-agnostic, 
computationally efficient, and stable across folds, producing inter-
pretable spatial gradients that link raw covariates, learned embeddings, 
and observed outcomes within a single analytic space.

Although PCA does not assign additive feature importances and 
may blend correlated influences, its inductive and correlation-oriented 
nature makes it particularly suited to complex urban systems where 
strict causal decomposition is rarely identifiable. By summarising high-
dimensional latent spaces into continuous spatial surfaces, the PCA 
method transforms model internal representations into city-scale
narratives—revealing coherent gradients and clusters that conventional 
attribution methods fail to convey.

B.3. Gradient-based and integrated gradients methods

Gradient-based saliency and Integrated Gradients (IG) provide node-
level sensitivity analyses that are directly faithful to model derivatives. 
They excel at highlighting how small input perturbations influence 
predictions and are theoretically grounded (IG satisfies axioms such 
as completeness). However, in graph contexts these gradients entangle 
self-node and neighbour effects, complicating their aggregation into 
global or spatially coherent interpretations. In our experiments, IG 
maps yielded consistent but spatially fragmented patterns, confirming 
their strength in local attribution but limited communicability at city 
scale.

B.4. Permutation-based importance

Permutation-based importance evaluates how shuffling each fea-
ture affects model performance, offering a model-agnostic and intu-
itively ‘‘what-if’’ assessment of feature relevance. The method pro-
duced stable global rankings aligned with known socio-environmental 
correlates (e.g., population density, greenery, occupation type), cor-
roborating PCA-derived associations. Yet, because it ignores graph 
topology and can inflate correlated variables’ importance, permutation 
analysis complements but cannot substitute embedding-level structure 
discovery.

B.5. GNNExplainer

GNNExplainer directly optimises a sparse subgraph and feature 
mask that most strongly influence a node’s prediction. This yields 
rich local explanations incorporating topology, suitable for case-level 
insights or motif discovery. Nevertheless, its stochastic optimisation 
introduces variability across runs, and aggregating multiple local ex-
planations into a consistent global interpretation is computationally 
intensive. As shown in Fig.  B.12, feature rankings fluctuate across 
nodes, illustrating the challenge of scaling local explainers to city-wide 
contexts.

B.6. Cross-method comparison and discussion

Figs.  B.11 and B.12 summarise the three feature-level explanation 
methods, while Fig.  8 (main text) presents the embedding-level PCA 
interpretation. Across methods, key socio-demographic and environ-
mental variables — such as age structure, occupation type, commuting 
mode, greenness, and ethnic composition — consistently emerge as 
explanatory factors, affirming the substantive coherence of the learned 
spatial patterns.

In essence, PCA-embedding interpretation reframes interpretability 
from an attribution problem to a structural one—seeking to understand 
how the model organises information across space rather than merely 
how it responds to feature perturbations. This paradigm aligns more 
naturally with the goals of urban science, where understanding spatial 
heterogeneity and systemic dependencies often outweighs pinpointing 
individual variable causality.
18 
Summary. PCA offers a transparent, stable, and computationally light 
interpretability pathway, revealing global structure–function relation-
ships that complement the local precision of gradient and GNNEx-
plainer methods. Together, these complementary techniques form a 
triangulated interpretability framework: PCA provides macro-scale co-
herence, gradients ensure model faithfulness, permutation tests assess 
robustness, and GNNExplainer yields local topology awareness. Their 
convergence substantiates that UST-GNN captures genuine, spatially 
embedded mechanisms rather than artefacts of data correlation or 
model leakage.
Takeaway. Our PCA-embedding method excels at revealing fold-stable, 
spatially coherent gradients and relating them to socio–environmental 
variables, offering a compact, communicable narrative. Gradient/IG 
and permutation importance provide faithful, feature-level corrobora-
tion; GNNExplainer offers case-level, topology-aware insight.

Appendix C. Robustness and reliability tests

C.1. Fast permutation test (OOF-based)

We conducted a fast permutation test using out-of-fold (OOF) pre-
dictions to assess whether the observed performance could arise by 
chance. Holding the OOF predictions fixed and randomly permuting 
the ground-truth labels 1000 times produced a null distribution of 𝑅2

centred at −0.8819 with standard deviation 0.0093. The observed OOF 
𝑅2 was 0.926, yielding a permutation 𝑝-value of < 0.001 (resolution-
limited by 1000 permutations). The complete separation between the 
observed value and the null confirms that the model captures genuine 
structure rather than accidental fit.

C.2. Lightweight learning curve

To verify generalisation with reduced runtime, we computed a 
lightweight learning curve using five training sizes (20%–100%),
capped epochs, and a fixed test fold. Test 𝑅2 increased monotonically 
with training size (approx. 0.39 → 0.83), while train 𝑅2 decreased to-
wards the test curve, indicating reduced variance and healthy capacity 
control. Together with the permutation test, these results support the 
reliability and robustness of UST-GNN.

Data availability

I have shared a figshare link to my data/code in the response to 
reviewer documents as part of the reviewing process.
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