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A B S T R A C T

Graph neural networks (GNNs) have been introduced to spatial statistical tasks due to their 
mechanisms of simulating spatial interactions and processes among geographical neighbours 
using graph structures. However, previous methods ignore quantifying differences in attributes 
among adjacent spatial characteristics. Considering this spatial characteristic by fitting the spatial 
statistic trinity (SST) framework may help improve models’ accuracy and robustness. Thus, we 
introduce the geographically informed graph neural network (GIGNN) by considering the addi
tional geospatial feature: closer geographical entities may interact less when spatial disparities 
are captured. When setting up the model, GIGNN leverages differences of attributes by spatial 
stratified heterogeneity, quantifies connections between geographical entities, and inherits k- 
order neighbour attribute aggregation and message-passing mechanisms from GNNs. GIGNN is 
applied to an urbanization analysis study in the Greater Perth Area, Australia, showing higher 
accuracy than the existing machine learning models and other GNNs in simulation and prediction 
accuracy. GIGNN achieved an accuracy of 84.1% for simulation and an accuracy of 81% for 
prediction. Incorporating spatial characteristics into GNNs enhances simulation and prediction 
accuracy in geoscientific applications, highlighting the importance of spatially aware models in 
solving complex problems by capturing geographical data dependencies.

1. Introduction

Geospatial artificial intelligence (GeoAI) has been introduced into human geography fields with solid methodological and theo
retical development in recent years (Hu et al., 2023; Reichstein et al., 2019; Wang and Biljecki., 2022). These methods have been 
applied to practical human geography studies in built environment and infrastructure management (Swietek and Zumwald, 2023), 
land use analysis (Gevaert and Belgiu, 2022; Wang and Brenning, 2023), and human activity monitoring (Jin et al., 2023) due to the 
capability of big data processing and high accuracy (Song et al., 2023). Deep learning approaches using neural network structures, one 
of the most essential branches of AI methods, support geospatial analysis tasks, such as classification, simulation, and prediction (Liu 
et al., 2022; Xu et al., 2023). These statistical machine learning models include different forms of artificial neural network (ANN) 
structures with multiple layers and many nodes representing neurons trained from raw inputs after capturing features of targets (Zhu 
et al., 2020). Current AI methods require additional interpretability (Barredo Arrieta et al., 2020) and transparency (Iyer et al., 2018; 
Xing and Sieber, 2023), while the capability and performance of these methods for spatial data analytics can also be enhanced by 
simulating spatial processes, structures, and other geographical data characteristics.
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GNNs as deep learning methods in GeoAI have been introduced to quantitative studies of geography, including but not limited to 
Earth Observations (Ding et al., 2021), urban built environment analysis (Liu et al., 2023), and urban prediction (Zhu et al., 2020), due 
to their simulations on spatial processes using graph-based representations for spatial entities. The graph-based structures in GNNs can 
well represent spatial interactions and connections from each spatial unit to its associated neighbors and the geography law of spatial 
autocorrelation (Zhu et al., 2022). However, GNNs also face challenges in spatial modeling. These include mapping geographical 
entities or phenomena to graph topology while preserving the multidimensional spatial data characteristics, selecting effective GNN 
architectures and operating mechanisms for spatial scenario modeling, and maintaining good performance in spatial prediction and 
mapping tasks. (Jiang, 2020; Wu et al., 2020).

It is also believed that better simulation results from the modelling process guided by domain knowledge can lead to better results 
(Dikmen and Burns, 2022). In spatial data science, apart from the first law of geography, other characteristics of spatial data can also be 
implemented in AI-based methods for better model performance (Zhang et al., 2023). The conventional approach of conceptualizing 
spatial connectivity relationships using single-dimensional features applied to global modeling significantly loses local spatial rela
tionship details. Such limitations directly impede the accuracy and stability of spatial predictions in these models. Recent studies, such 
as those by Islam et al. (2022) and Samek et al. (2021), emphasize the need for advanced methodologies in spatial analysis with 
machine learning and deep neural networks.

Spatial stratified heterogeneity (SSH), as a form of spatial non-stationarity, measures how features differ regarding associations 
within spatial zones and associations among the whole study area (Goodchild, M.F. 2004; Zhang et al., 2022). The characteristic of SSH 
and factors’ interactions can be measured by geographical detector (GD), which is a statistical measure by discretizing factors (Wang 
et al., 2022; Zhang et al., 2024b). The method of GD and the feature of SSH have the potential to be integrated into GNNs to show 
spatial heterogeneity. Significant differences in variables across the space may be caused by the variance of spatial dependence level 
from place to place, and GD-based methods can capture this phenomenon (Zhang et al., 2024a).

On the other hand, the trial of integrating GD into GNN by showing a discrete change of heterogeneity among geographical 
neighbors into a graph structure may fit the SST framework and improve the spatial model. Estimation error in spatial statistics 
originates from three interconnected components (Wang et al., 2020). First, population characteristics include the overall spatial 
attributes of the study area, such as spatial autocorrelation (SAC), spatial heterogeneity, and global and local spatial patterns (Fischer 
and Wang, 2011; Wang et al., 2020), we quantify SSH in the response variable Y using GD, while preserving SAC through graph nodes 
and edges that enforce spatial connectivity and feature-based autocorrelation. Second, sample conditions involve data selection, 
representativeness, quality, and spatial distribution (Kent et al., 2006). Our training data covers all strata of Y, avoiding stratified 
sampling, and oversampling for rare categories shall be employed to prevent class imbalance. Third, estimation method characteristics 
pertain to the properties of the statistical methods used, including their assumptions, model structures, and handling of spatial de
pendencies (Li et al., 2015), we dynamically adjust neighbor influences (spatial interactions) via feature similarity between adjacent 
spatial units facing mixed SAC-SSH regimes, where neighbors within the same feature stratum exert more substantial impact, it is 
stratified-like estimation.

Thus, this research presents the Geographically Informed Graph Neural Networks (GIGNN) as a variant of the GNNs method, 
further considering spatial relations on connectivity. Besides working as a method for factor selection, the GD-based method is also 
applied to demonstrate differences among geographic neighbours by spatial zones when setting GNNs. We prove that GIGNN, with 
updates on further integration with spatial concepts, has better model performance in supporting intelligent urban decision-making. 
The rest of the article is organized as follows: Section 2 demonstrates the concept and design of GIGNN, followed by a simulation 
experiment in Section 3 and a case study of urbanization factor analysis in Western Australia in Section 4. Section 5 shows the model 
results and comparison, and a further discussion is arranged in Section 6.

2. Geographically informed graph neural networks

2.1. Design principles

The GIGNN framework integrates geospatial principles with adaptive graph learning to model non-stationary spatial interactions. 
Grounded in the SST framework (Wang et al., 2020) and the laws of geography (Tobler et al., 2004; Miller et al., 2004), it addresses two 
inherent properties of spatial systems: attribute correlations decay with topological distance but may persist across distant regions 
sharing similar features; abrupt spatial heterogeneity occurs when adjacent units exhibit significant feature divergence. These prin
ciples guide the model’s architecture, which operates on predefined spatial units stratified by features such as urbanization levels. 
Instead of static spatial weight matrices, GIGNN employs feature-sensitive graph convolutions to dynamically adjust neighbor impacts 
on itself. This process mimics heterogeneous kernel density estimation, where edge weights are determined by both topological 
proximity and feature similarity. Physically adjacent nodes with dissimilar features receive suppressed weights to reflect spatial 
heterogeneity, while higher-order neighbors with matching attributes retain weak connections to capture long-range dependencies. 
Such dual adaptation resolves edge effects at stratum boundaries and enables selective information propagation across heterogeneous 
regions. The framework thus unifies distance-decay patterns, feature-mediated correlations, and discontinuity handling within a single 
optimization process, making it well-suited for simulating complex spatial interactions in diverse geographical phenomena.

2.2. Architecture of GIGNN

GIGNN’s architecture consists of a geographically informed process and a GNN framework. This integration is designed to 
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capitalize on the strengths of additional spatial features and GNNs to improve spatial prediction accuracy and elucidate local variable 
influences within spatial scenarios.

2.2.1. Geographically informed process
The initial phase of GIGNN involves spatial influence hypotheses, which are validated using spatial or statistical measures to 

identify significant factors influencing the dependent variable (Miller et al., 2007; Wang et al., 2022). Unlike using a single factor 
detector for attribute selection, we apply the interaction detector using geographical detector methods. Given the architecture of GNN, 
factors with more strength on interactive forces when determining the dependent variable can be more capable of spatial prediction 
than others.

2.2.2. Graph construction
In the GIGNN model, we also consider additional spatial characteristics that some adjacent spatial neighbors can be very different, 

as shown in the featured attributes, and this feature is quantified by spatial stratified heterogeneity before training GNNs. 
Geographically informed processes are translated into a graph-based representation using a graph G = (N,E). The set N represents 
geographic entities, such as regions or locations, with each node embedded with spatially discretized feature values derived from 
initial analysis. These attributes are re-quantified and stratified using the GD (Wang et al., 2022), a statistical tool designed to 

Fig. 1. Architecture of GIGNN for spatial modelling. Note: Inspired by Sanchez-Lengeling et al. (2021).
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determine the explanatory power of various factors influencing the dependent variable and to discretize continuous variables by 
spatial zones (1). The set E denotes spatial interactions between adjacent nodes. The attributes on edges are determined by the feature 
differences between two nodes, using a Gaussian Kernel function (2) to reflect homogeneity and heterogeneity (Burke et al., 2021). 

Q = 1 −

∑L
h=1nhσ2

h
Nσ2 (1) 

where Q measures the explanatory power of a variable, L is the number of strata that are classified by Jenks natural break method, nh is 
the count in each stratum, σ2

h is the stratum variance, N is the total observations, and σ2 is the overall variance. 

K
(
xi, xj

)
= exp

(

−
‖ xi − xj‖

2

2σ2

)

(2) 

where K
(
xi, xj

)
represents the Gaussian Kernel function between node i and node j, with xi and xj being their respective feature vectors. 

The term ‖ xi − xj‖
2 denotes the Euclidean distance squared between the feature vectors, and σ = 2 is a predefined parameter con

trolling the spread of the kernel.
GeoDetector (GD), as a measure of spatial stratified heterogeneity, is also applied to categorize spatial zones for selected variables 

and re-quantify continuous variables to highlight and signify features’ differences among geographical neighbors. Continuous variable 
values for spatial units are re-quantified according to statistical levels quantified by GD. For each continuous variable, spatial units are 
relabeled according to the ascending order of their group-level overall statistic, with labels ranging from 1 (assigned to units in the 
group with the minimum statistic) to n (for those in the group with the maximum statistic). This relabeling and re-quantification 
process will signify spatial neighbors’ differences in features. Then, the Gaussian Kernel function is applied to measure the distance 
between nodes according to the new feature vector.

2.2.3. Graph neural network processing
The GIGNN model, grounded in the GraphSAGE architecture (Ding et al., 2021; Hamilton et al., 2017), as shown in Fig. 1, benefits 

from the message-passing operation to handle geographical entities’ attributes and spatial effects. It integrates the Neighbor Aggre
gator (NA) module and Graph Convolutional Network (GCN) Layer components into a comprehensive system for spatial data pro
cessing. The NA module captures the local spatial structure and context by aggregating information from k-order neighbors (4), which 
aligns with the laws of geography that emphasize the importance of spatial proximity and interaction. The GCN Layer integrates and 
transforms node features by combining the aggregated features from neighbors with the node’s features (5), further enhancing the 
model’s ability to capture spatial heterogeneity. The forward propagation process sequentially employs GCN layers to update node 
features by aggregating and transforming the information within the graph structure. This design allows GIGNN to effectively simulate 
spatial interactions and heterogeneity, following both the SST framework and the laws of geography. 

H(L) = GIGNN
(
H(0),G

)
(3) 

where H(0) is the initial node features matrix, G is the graph, and H(L) is the output node features matrix after L layers of graph 
convolution. The final output is then passed through a classifier for node classification or other downstream tasks. 

h(l+1)
v = σ

(
W(l) ⋅ Ak

({
h(l)

u : u ∈ Nk(v)
})

+ b(l)
)

(4) 

where: h(l+1)
v is the updated feature vector of node v at layer l+ 1. Nk(v) represents the set of k-order neighbors of node v. h(l)

u is the 
feature vector of a k-order neighbor u of node v at layer l. Ak is the aggregation function (sum, mean, concat) applied to the features of 
k-order neighbors. W(l) and b(l) are the weight matrix and bias vector for layer l, respectively. σ is a non-linear activation function. 

h(l+1)
v = ACT

(
A
({

h(l)
u : u ∈ N(v)

})
, h(l)

v

)
(5) 

where h(l+1)
v is the updated feature vector of node v at layer l + 1, h(l)

v is the feature vector of node v at layer l, and ACT is an activation 
function. The A is the aggregation function (sum, mean, concat) used to combine the features of node v and its neighbors, and N(v) to 
produce a new feature representation

3. Spatial data simulation experiment

3.1. Scenarios

A synthetic dataset was generated with explicit spatial dependency and heterogeneity to evaluate the performance of GIGNN. The 
simulation framework was designed as follows:

A 10 × 10 hexagonal lattice grid scenario containing 100 regularly spaced spatial units was constructed. Adjacency between units 
was defined by the Queen contiguity rule, where two hexagons sharing a common edge or vertex were considered neighbors.

Spatially autocorrelated explanatory variables Xk (k = 1,2,…,K) were generated through an iterative spatial autoregressive process 
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(6), followed by min-max normalization (7). This procedure ensured spatial dependency with Moran’s I greater than 0.8. 

X(t+1)
k = 10 ⋅ X(t)

k + 0.8 ⋅
∑n

j=1
wijX(t)

k (j), (6) 

Xk =
Xk − min(Xk)

max(Xk) − min(Xk)
. (7) 

The response variable Y was formulated as a linear combination of the explanatory variables Xkwith fixed regression coefficients βk 
sampled from a uniform distribution (8). The spatially autocorrelated error term was generated through a spatial filtering process with 
Gaussian white noise (9). 

Y =
∑K

k=1
βkXk + ϵ, (8) 

where regression coefficients βk are fixed values sampled from βk ∼ U (0.4,0.8). The spatially autocorrelated error term ϵ is generated 
through a spatial filtering process: 

ϵ(t+1) = 0.5 ⋅ ϵ(t) + 0.6 ⋅
∑n

j=1
wijϵ(t)(j) + η, (9) 

with η ∼ N
(
0, 0.052) representing Gaussian white noise.

The study area was partitioned into four disjoint regions using k-means clustering based on hexagon centroids. Region-specific 
variations were introduced to simulate localized spatial effects by scaling the error term within each cluster. The dataset was 
generated following a spatial scenario of global spatial autocorrelation with heterogeneity in some local areas.

3.2. Experiment

The synthetic dataset was designed to show both global spatial autocorrelation of variables and local heterogeneity of the different 
effects of Xs on Y within various zones (Fig. 2). GD was employed to detect spatial factors and interactions to evaluate the performance 
of GIGNN in capturing these spatial characteristics.

As shown in Table 1, the independent variables x1, x2, and x3 exhibit significant influences on dependent variable Y, with x1 
having the highest spatial explanatory power. Interaction detection reveals that the combined effect of x1 and x3 has the strongest 
spatial interaction. This indicates that the GD effectively captures the spatial dependency among the variables. GIGNN is expected to 
model this complex spatial relationship accurately based on correct explainable spatial hypotheses and stratification of spatial 
features.

To evaluate GIGNN’s predictive performance, diagnostic metrics were calculated for both training and testing subsets. As shown in 
Table 2, the training subset achieved an accuracy of 0.969, demonstrating GIGNN’s ability to learn spatial patterns effectively. For the 
testing subset, the F1 score, precision, and recall were 0.783, 0.825, and 0.789, respectively, indicating a balanced performance and 
accurate prediction of the response variable despite spatial heterogeneity and autocorrelation.

In summary, GIGNN demonstrated the ability to capture spatial dependency and features’ heterogeneity in the synthetic dataset. 
High training accuracy and balanced testing metrics indicated effective spatial pattern modeling and accurate predictions. The random 
spatial distribution of prediction bias further confirmed GIGNN’s robustness in handling complex spatial dependencies.

4. Case study - urbanization factor analysis of Western Australia

This research applies GIGNN to a case study to demonstrate how this new GeoAI method can help support decision-making in 
human geography and broader fields. In this study, we used GIGNN to investigate the urbanization level of the Greater Perth Area and 
its associated factor analysis, considering Perth’s unneglected socio-economic role statewide and nationwide.

Perth is the capital city of Western Australia (WA) and the fourth largest city in Australia in terms of population. According to the 
national census, WA has a population of over 2.5 million, around 11 % of the national population (Australian Bureau of Statistics, 

Fig. 2. Map of simulation dataset for assessing GIGNN modelling.
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2023c). WA also provides a significant economic contribution and employment to the nation, with 12.6 % of the total wages and 
salaries, 16 % of sales and service income, and 11 % of full employment (Australian Bureau of Statistics, 2023a). The Greater Perth 
Area has around 80 % of the WA population, which is the core of WA. Furthermore, the Greater Perth Area has had steady annual 
population growth and urbanization development over the decades (Australian Bureau of Statistics, 2023c). Thus, investigating the 
urbanization level and its associated factor analysis could help policymakers and research experts understand how human activity 
factors are associated with the greater urbanization area and provide insights for intelligent decision-making for urbanization and 
socio-economic benefits.

4.1. Data

4.1.1. Independent variables
In this study, we selected candidate independent variables from the Australian national census data. The Australian Bureau of 

Statistics (ABS) conducts a federal census every five years, covering various socioeconomic information for residents and communities. 
From the perspective of individuals, the census data collects detailed information on residents, including but not limited to occupation, 
salary, income level, transport preference, education level, and family structures. From the aspect of surveys on communities, ABS 
integrated the national census data and concluded further information, such as income distribution and socio-economic development 

Fig. 3. Comparison between the observed and the predicted by GIGNN.

Table 1 
Results of simulation data analysis using GD.

Factor detection Interaction detection

Variable Q Factor A Factor B Q for interaction

x1 0.383* x1 x3 0.748*
x3 0.309* x2 x3 0.585*
x2 0.191* x1 x2 0.547*
Note: * indicates significance at the 0.01 level.

Table 2 
Diagnostic metrics for training and testing.

Subset Metrics Global High Low Median

Training Accuracy 0.969 0.968 0.97 0.969
Testing F1 0.783 0.667 0.857 0.783

Precession 0.825 0.600 0.833 0.857
Recall 0.789 0.75 1 0.750

Notes: Global metrics are calculated using weighted average.
The spatial distribution of prediction bias was further examined to determine if there were spatial clusters of residuals. Fig. 3 compares observed and 
predicted values by GIGNN, with an accuracy of 0.9. The Moran’s I value of the bias is 0.111, with a Z-score of 0.657 and a p-value of 0.302, indicating 
a random spatial distribution pattern. This suggested that GIGNN did not systematically overestimate or underestimate the response variable in any 
specific spatial region, which is consistent with the dataset’s design. GIGNN effectively modeled complex spatial dependencies and produced un
biased predictions across the study area.
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index, on the local community performance (Australian Bureau of Statistics, 2023d).
Statistical Area Level 2 (SA2) is a medium-sized spatial boundary proposed by ABS. The Australian continent can be divided into 

around 2500 non-overlapping SA2 areas, and each SA2 area generally has a population of 3000 to 25,000. The SA2 spatial boundaries 
can reflect social and economic interaction among communities by considering functional areas, suburban and locality structures, and 
local government structures (Australian Bureau of Statistics, 2021). Furthermore, SA2 is also the finest ABS-defined spatial boundaries, 
compatible with datasets within the ‘Data by Region Methodology,’ which includes various aspects of socio-economic survey infor
mation from economy and industry to family and community (Australian Bureau of Statistics, 2023b). Thus, in this research, we 
investigated how human activity factors are associated with the urbanization level at the SA2 level and provided model computation at 
this finest possible spatial scale.

Fig. 4 shows the spatial boundaries of SA2 areas in the Greater Perth Area and the statistical distribution of a dozen candidate 
factors associated with the urbanization level, summarized at the SA2 level. These datasets representing features of each SA2 area can 
be categorized into ‘economy,’ ‘education,’ ‘employment,’ ‘family and household structure,’ and ‘transport.’ This information was 
accessed from ABS and integrated by GIS. Further details of the census data are summarized in Table 3.

4.1.2. Dependent variable
To assess the urbanization levels of Statistical Area Level 2 (SA2) regions in Perth for 2016, the Average Nighttime Light Index 

(ANLI) was employed. ANLI indicates urbanization, economic activity, and energy consumption, derived from remotely sensed 
nighttime light data. This index provides a normalized measure of nighttime brightness, facilitating comparative analysis of urbani
zation levels across different SA2 regions. The intensity of artificial lighting, as quantified by ANLI, reflects the extent of urban 
development and offers insights into the spatial distribution of urban areas within Perth in 2016 (Fig. 5). The ANLI was computed using 
the following formula: 

ANLI =
∑n

i=1Li

A
(10) 

where Li represents the luminance value of each pixel within the specified SA2 region, n is the total number of pixels in the region, and 
A denotes the total area of the region in square kilometers. The luminance values were extracted from the VIIRS Day/Night Band 
nighttime light data set (https://eogdata.mines.edu/products/vnl/), a satellite imagery source known for its high resolution and 
accuracy in reflecting the intensity of ground lighting.

Fig. 4. Statistical Area Level 2 (SA2) and data distribution. (a). SA2 spatial boundaries and population in the Greater Perth Area. Statistical dis
tribution of factors at SA2 level, (b). Percentage of high-income residents, (c). Mean investment income, (d). Mean employee income, (e). Gini 
coefficient of total income, (f). Tertiary education percentage at postgraduate level, (g). Tertiary education percentage at bachelor’s level, (h). Total 
jobs, (i). Number of residents working for high technology development, (j). Number of residents working in the financial industry, (k). Number of 
residents work by public transport, (l). Average family size, (m). Average household size, (n). Percentage of married residents, (o). House ownership.
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4.2. Methodology

This study presents the GIGNN model’s architecture (Fig. 6) and research workflow (Fig. 7). The research framework consists of 
four steps and provides the model for urbanization analysis in the Great Perth Area.

The first step is dataset construction. Data processing at the SA2 level forms the foundational spatial dataset. According to the 
topological relationship, the geometric structure of the spatial dataset was transformed into a graph structure.

The second step is factor selection and quantification. GD (for target group) or Spearman’s rank correlation (for other groups) 
identified factors significantly correlated with urbanization levels in 2016. The target group included the top three key factors from the 
interaction detection network with high centrality degree and Q value, integrating spatially discerned factors from SSH spatial zones as 
node feature inputs. The control and benchmark groups used all significant relevant factors with raw value as features. For GNN 
models, edge features were calculated using the Gaussian kernel function based on characteristics of connected node pairs.

The third step is model grouping. Three modeling groups were established for comparative analysis. The target group used the 
GIGNN model. The control group included GNNs such as GAT, GIN, ChebNet, and MPNN. The benchmark group used a machine 
learning model, Random Forest.

The fourth step is performance comparison. During the modeling stage, the models were evaluated using k-fold cross-validation for 
training and testing. Additionally, their simulation and prediction performances were validated. The performance metrics used to 
assess model efficacy included accuracy, F1 score, precision, and recall. A generalized spatial prediction for 2021 was conducted to 
ensure spatial accuracy and reliability.

5. Results

5.1. Factor selection

Interaction detection using the GD method identified factor pairs with q-values exceeding the maximum single-factor threshold, 
indicating that the urbanization level is influenced by the nonlinear enhancement of multiple strong interacting educational-economic 
feedback, housing market stratification, and household-driven demographic pressures, providing theoretical grounding for target 
group (GIGNN model) internal learning patterns in urbanization levels.

In the interaction network analysis depicted in Fig. 8, three central features marked with "★" were prioritized: tertiary education at 
the master’s level, house ownership, and average family size. These features encapsulate the nonlinear enhancement among education 
hierarchies, housing accessibility, and demographic constraints. Following factor selection, the factors (Xs) were categorized into five 
groups, coded from 1 to 5. The urbanization level (Y) was divided into three groups, coded from 1 to 3.

5.2. Modelling

5.2.1. Performances on training sets
Model performance was assessed using k-fold cross-validation with five rounds and 1000 epochs for each round. This method 

evaluated training stability and predictive accuracy across three levels of urbanization. The results provide insights into the model’s 

Table 3 
Candidate influential factors from census data summary.

Independent factor censused at SA2 Data name shown in the national census Unit Factor category

Percentage of high-income residents $3000 or more per week % Economy
Mean investment income Mean investment income AUD$ Economy
Mean employee income Mean employee income AUD$ Economy
Gini coefficient of total income Total income (excluding government pensions and allowances) – 

Gini coefficient
– Economy

Tertiary education percentage at bachelor’s level Bachelor’s degree % Education
Tertiary education percentage at master’s or PhD 

level
Postgraduate degree % Education

Total jobs Number of jobs Count Employment
Number of residents working for high technology 

development
Number of employee jobs - professional, scientific, and technical 
services

Count Employment

Number of residents working in the finance 
industry

Number of employee jobs - finance and insurance services Count Employment

Average family size Average family size Number of 
people

Family and 
household

Average household size Average household size Number of 
people

Family and 
household

Percentage of married residents Married % Family and 
household

House ownership Owned Outright % Family and 
household

Number of residents work by public transport Used at least one form of public transport Count Transport

X. Ma et al.                                                                                                                                                                                                             Spatial Statistics 69 (2025) 100920 

8 



capabilities in classifying diverse urban contexts (Fig. 9).
GIGNN demonstrated superior performance, achieving the highest global accuracy of 0.957 and consistently dominating across all 

urbanization levels. Its F1-score in low urbanization areas reached 0.974, indicating high precision in classifying less developed re
gions. Even in high urbanization areas, GIGNN maintained a robust F1-score of 0.923. ChebNet ranked second with a global accuracy 
of 0.776 and F1-scores ranging from 0.728 to 0.812 across different urbanization levels. ChebNet exhibited a 15.7 % accuracy gap 
when compared to GIGNN, particularly in high urbanization areas where GIGNN’s F1-score was 0.625 higher than that of ChebNet’s.

Other models demonstrated less consistent performance. RF achieved a global accuracy of 0.533, showing some competence but 
facing significant challenges in highly urbanized areas (F1-score: 0.333). GAT and GIN displayed considerable fluctuations in F1-scores 
across different levels of urbanization, with accuracies of 0.566 and 0.493, respectively. MPNN recorded the weakest overall per
formance with a global accuracy of 0.48.

Overall, GIGNN surpassed other models in accuracy and stability. Its lowest F1 Score in highly urbanized areas (0.923) was higher 
than the best scores of most competitors, emphasizing its robustness and suitability for urbanization-level prediction tasks.

5.2.2. Performances on test sets
The k-fold cross-validation results demonstrate the superior performance of the GIGNN model across various levels of urbanization 

(Table 4). GIGNN surpassed the benchmark RF model and control groups (GAT, GIN, ChebNet, MPNN) with global metrics of F1 =
0.644, precision = 0.696, and recall = 0.649. This superiority is attributed to its hybrid architecture, which combines hierarchical 
graph pooling and adaptive attention mechanisms, effectively preserving multi-scale spatial features and mitigating overfitting.

In contrast, the benchmark RF model has limitations in modeling spatial dependencies, resulting in lower precision (0.557) and 
insufficient discrimination of urbanization levels. Control models exhibited category-specific deficiencies: GAT and GIN struggled with 

Fig. 5. Map of urbanization level measured by ANLI in Perth (2016).
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high urbanization predictions due to fixed aggregation mechanisms, while ChebNet displayed a spectral bias with a recall-precision 
trade-off. MPNN’s instability in heterogeneous urban graphs leads to a significant performance drop. GIGNN was globally preferred 
for comprehensive urbanization analysis, while control models may offer niche applications, such as ChebNet for low-urbanization 
recall or GAT for moderate urbanization detection.

5.3. Spatial simulation and model training for the year 2016

The GIGNN model was assessed for its performance in simulating urbanization levels within the study area for 2016, achieving an 
accuracy of 84.1 % (Fig. 10). Bias analysis was conducted by comparing prediction and observation codes, which revealed that 155 
areas were correctly identified among the simulated results, 25 regions were overestimated, and 9 areas were underestimated 
(including 7 instances of minor underestimation and 2 instances of major underestimation). This pattern indicated a potential bias in 
the model towards overestimating urbanization levels.

Fig. 11
Validation results highlighted challenges in distinguishing transitions between urbanization levels (Table 5). Performance metrics 

revealed reduced recall for median urbanization and lower precision for high urbanization, indicating difficulties in accurately 
classifying intermediate and high-level urban development. Spatial autocorrelation analysis (Moran’s I = 0.089, p = 0.282) confirmed 
no significant spatial clustering in residuals, suggesting that the model’s errors were random distributed.

The GIGNN model successfully addressed the heterogeneity in the spatial distribution of urbanization levels and the imbalanced 
statistical distribution of data across categories. This emphasized its capability for urban spatial analysis in 2016, although targeted 
refinements are still needed to enhance classification consistency, particularly for transitional and high-density urban areas zones.

5.4. Spatial prediction for the year 2021 using trained models from 2016

The GIGNN model, trained on 2016 geospatial data, demonstrated strong performance when applied to 2021 urbanization 

Fig. 6. The procedure for GIGNN structural and feature configuration.
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predictions. Comparative evaluations against RF were performed, as other graph-based models (GAT, GIN, ChebNet, MPNN) showed 
poor performance in preliminary tests.

Quantitatively, GIGNN achieved impressive temporal adaptability, with an accuracy of 81.0 %, significantly outperforming RF 
(65.6 %) by 15.4 %, confirming its ability to retain learned spatiotemporal patterns. Error distribution analysis indicated that GIGNN 
correctly classified 153 spatial units with minimal overestimation and controlled underestimation. In contrast, RF displayed systematic 
biases, particularly in transitional zones where 68 % of errors clustered, reflecting its inability to model urban evolution structurally. 
Spatial autocorrelation diagnostics further distinguished the two approaches. GIGNN’s residuals showed no significant spatial clus
tering (Moran’s I = 0.014, p = 0.309), confirming effective learning of spatial dependency. Conversely, RF’s errors exhibited strong 
autocorrelation (Moran’s I = 0.208, p = 0.003), revealing a lack of spatial pattern learning, especially in low-to-moderate urbanization 
cross areas where overlapping features challenged non-structural models.

Fig. 7. Workflow of case study for finding optimal model.
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6. Discussions

6.1. Inspirations from simulation tests and case studies

Simulation tests and case studies indicate that our model performs better in scenarios with significant spatial interactions. It can 
capture complex spatial cases involving multiple independent variables and their spatial interactions with the dependent variable. 
While spatial attribution analysis can quantify spatial stratified heterogeneity to assess the explanatory power of factors shaping the 
spatial patterns of observed objects, our model incorporates these driving mechanisms into the internal operations of GNNs to enhance 
spatial relational modeling. This approach allows for a more nuanced understanding of spatial patterns and improves spatial modeling 
performance.

Fig. 8. The interaction network was generated by the top 10 interaction results of GD.

Fig. 9. Performance comparison at training sets.
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Specifically, spatial discretization enables the convergence of variables into distinct partitions, thereby enhancing the local feature 
representation of spatial units. Meanwhile, the graph structure quantitatively characterizes spatial homogeneity and heterogeneity 
across multiple features. First, each spatial unit holds its features and integrates the similarities and differences between its own and 
neighboring features, broadening the scope of spatial attributes. Second, between graph convolution layers, the attribute updates of 
each spatial unit are influenced by its k-order neighbors, simulating the mechanism of spatial influence decay not only by distance but 
also by features. Within the local range of a spatial unit, its feature updates are constrained by the feature differences among neighbors: 
if the difference in a particular feature between two spatial units is significant, the increment of that feature will be limited; if the 
features are similar, the increment will be more pronounced. Finally, while the graph’s structure remains unchanged after graph 
convolution processing, this process simulates the spatial interactions between features and considers spatial effects. Therefore, when 
the updated high-dimensional attribute vectors of each spatial unit are mapped to the classification of observed objects, they can retain 
their spatial distribution characteristics and address the challenges of imbalanced categories among observed objects.

Table 4 
Comparison of median performance metrics across models at test sets using K-fold cross-validation.

Metrics Classification GIGNN GAT GIN ChebNet MPNN RF Best model

F1 Global 0.644 0.577 0.438 0.496 0.369 0.553 GIGNN
High urbanization 0.400 0 0 0 0 0 GIGNN
Low urbanization 0.718 0.667 0.514 0.615 0.524 0.667 GIGNN
Median urbanization 0.600 0.600 0.438 0.485 0.286 0.545 GIGNN

Precision Global 0.696 0.622 0.446 0.553 0.418 0.557 GIGNN
High urbanization 0.286 0 0 0 0 0 GIGNN
Low urbanization 0.765 0.588 0.500 0.609 0.459 0.625 GIGNN
Median urbanization 0.619 0.571 0.444 0.474 0.321 0.6 GIGNN

Recall Global 0.649 0.595 0.459 0.541 0.459 0.579 GIGNN
High urbanization 0.500 0 0 0 0 0 GIGNN
Low urbanization 0.696 0.609 0.522 0.706 0.600 0.650 ChebNet
Median urbanization 0.615 0.632 0.444 0.526 0.308 0.500 GAT

Fig. 10. Comparison between observations and predictions. Notes: The levels of urbanization were encoded as numeric categories, ranging from low to 
high. The bias refers to the difference in numeric coding between the predicted and observed categories. A bias of 0 indicates that the predicted category 
matches the observed category exactly. A positive value signifies that the model overestimated the urbanization level by n categories in the current region, and 
vice versa.
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Fig. 11. Temporal generalization performance of GIGNN and RF for 2021 spatial predictions.

Table 5 
GIGNN simulation performance metrics.

Low urbanization Median urbanization High urbanization Accuracy

Precision 0.845 0.867 0.692 0.841
Recall 0.933 0.712 0.818
F1-score 0.887 0.782 0.750
Support 105 73 11 189
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6.2. Contributions

Categorical representations (e.g., 1, 2, 3) maintain SSH within the graph structure, establishing edges that denote feature-driven 
proximity. In contrast to standard spatial statistics models that depend on geometric distance, GIGNN constructs a multi- 
dimensional spatial weights matrix based on feature dissimilarity. This approach allows adjacent units with similar features to 
display stronger spatial interactions, whereas units with differing features interact less during feature updates. Furthermore, GIGNN 
improves GraphSAGE’s feature aggregation by adding SSH-aware constraints. When updating nodes, feature propagation is dynam
ically adjusted according to the categorical differences among neighboring units. This strategy reflects real-world spatial processes, 
where interactions decrease with distance and greater feature divergence. Consequently, GIGNN effectively captures complex spatial 
dependencies, especially in situations characterized by significant stratified heterogeneity, surpassing both traditional non-graph and 
graph-based models in both accuracy and interpretability.

6.3. Limitations

Our model’s performance is advantageous in scenarios with complex spatial dependencies (such as hexagonal grid structures). 
However, it faces limitations in simpler topological configurations or when spatial lag effects are diminished. Specifically, the model 
relies on the spatial heterogeneity of dependent and independent variables to construct the graph and quantify node and edge features. 
Model’s k-order neighborhood aggregation mechanism (default 2nd order) may mismatch the spatial lag order of geographic units, 
leading to over-aggregation of multi-scale neighbor attributes and increased errors. This issue is exacerbated when the number of 
geographic units is high, resulting in reduced spatial effects and suboptimal performance compared to machine learning models like 
Random Forest. These limitations highlight the need for a more adaptive aggregation strategy to enhance model robustness and 
applicability across diverse spatial contexts. To address these limitations, we propose developing a dynamic aggregation mechanism 
that can adjust to varying spatial lag orders and unit densities, thereby improving the model’s generalizability and performance across 
different spatial configurations.

7. Conclusions

This study proposes GIGNN, which integrates spatial stratified heterogeneity (SSH) through spatial discretization and feature- 
driven graph construction. By combining the SST framework with GraphSAGE, GIGNN advances spatial modeling by encoding SSH 
into graph structures via categorical feature dissimilarity, dynamically weighting neighbor aggregation based on feature divergence, 
and simulating real-world spatial decay effects. Simulation and case studies (e.g., Western Australia) demonstrate GIGNN’s better 
performance, achieving 84.1 % accuracy (2016) and 81.0 % generalization accuracy (2021), while reducing spatial clustering of error. 
The model outperforms efficient machine learning and graph-based methods by 16.5–42.7 %, attributed to its ability to capture spatial 
dependencies and mitigate class imbalance. Future work will focus on developing adaptive spatial-lag aggregation mechanisms to 
enhance GIGNN’s flexibility across diverse spatial patterns and geographical applications. Extending the framework to broader 
geographic contexts will enable its role in modeling complex spatial interactions for urban and environmental systems.
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