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ABSTRACT

Recently, the increased use of sensor and location technologies has facilitated the collection of multi-modal
mobility data, offering valuable insights into daily activity patterns. Many studies have adopted advanced data-
driven techniques to explore the potential of these multi-modal mobility data in land use inference. However,
existing studies often process samples independently, ignoring the spatial correlations among neighbouring
objects and heterogeneity among different services. Furthermore, the inherently low interpretability of complex
deep learning methods poses a significant barrier in urban planning, where transparency and extrapolability
are crucial for making long-term policy decisions. To overcome these challenges, we introduce an explainable
framework for inferring land use that synergises heterogeneous graph neural networks (HGNs) with Explainable
Al techniques, enhancing both accuracy and explainability. We evaluate the proposed approach on three
cities with different urban layout and mobility combinations: London (with tube, bus and bike sharing
data sources), San Francisco (parking and bike sharing), and New York City (metro and bike sharing). The
empirical experiments demonstrate that the proposed HGNs significantly outperform baseline graph neural
networks for all six land use indicators, especially in terms of ‘office’ and ‘sustenance’. We then deploy
feature attribution (at both temporal and spacial levels) and counterfactual explanations, which shed light
on several important findings. The node-based feature attribution explanations show that the symmetrical
nature of the ‘residence’ and ‘work’ categories predicted by the framework aligns well with the commuters’
‘work’ and ‘recreation’ activities. Meanwhile, the spatial feature attribution explanations indicates that the
heightened central importance of commercial categories and the dominance of residential influences in outer
zones align closely with typical urban structures. Finally, the counterfactual explanations reveal that variations
in node features and types are primarily responsible for the differences observed between the predicted land
use distribution and the ideal mixed state. These analyses demonstrate that the proposed HGNs can suitably
support urban stakeholders in their urban planning and policy-making. The source code is available at https:
//github.com/xuehao0806,/GNN-land-use.

1. Introduction

Land use is a term used by urban planners to describe the function of

because of population growth and changes in housing demands. As the
cities dynamically evolve, this deviation between land use planning
and actual usage may widen, leading to inefficient use of resources,

human-made spaces in which people live, work, and recreate on a day-
to-day basis. Typically, city planners are responsible for determining
land use plans, shaping a city’s layout by dictating what types of
buildings can be located in a given space. However, due to the complex
and dynamic nature of the urban environment, the actual function —
both activity pattern and intensity — may deviate from the intentions
of land use planning [1-3]. For instance, an area initially planned as
a commercial zone might gradually transition into a mixed-use area
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congestion, community dissatisfaction and social inequality [4,5]. To
support sustainable urban planning and related policies, stakeholders
need accurate and effective tools to detect the spatial distribution of
human activities.

Urban land use inference has been a challenging task for decades.
Early studies primarily used simple statistical methods (e.g., Linear
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Fig. 1. This figure depicts a heterogeneous mobility network featuring meta-relations that highlight various connection types. The left panel displays a central London area with
nodes coloured by different types of mobility services, representing tube stations (blue), bus stops (green), and bike stations (orange). The middle panel presents a legend for road
routes (solid black lines), tube routes (dashed blue lines), and bus routes (dashed green lines), accompanied by daily ridership graphs for each mode of transport. The right panel
outlines meta-relations with nodes and their connections, illustrating the complexity of information in a multi-modal mobility network.

Regressions) [6,7] and simulation-based methods (e.g., Cellular Au-
tomata) [8,9] with survey data to explore urban growth patterns
and dynamics with rule-based interactions. However, these traditional
methods rely on over-simplified assumptions, struggling to accurately
reflect complex real-world scenarios, especially for large metropolitan
areas. In recent years, the advent of the era of big data has provided a
new paradigm for this problem. Emergent sensor and location technolo-
gies have facilitated the collection of human activity-based data, such
as mobile phone and mobility records. These passive data sources offer
alternative ways for monitoring people’s daily activities, facilitating
the description of the urban space function. Furthermore, advanced Al
models have shown significant promise in handling multi-modal and
non-linear data in urban systems [10,11]. These opportunities provide
a strong foundation for quantitatively detecting urban land use. In the
past decade, 23% (38 out of 165) of ML-based research papers in urban
spatial studies focused on inferring land use and urban form [12],
which shows that this problem has gradually become one of the main
branches of Al applications in the field of urban studies.

Despite these recent advances, inferring land use in an accurate,
explainable and thus trustworthy manner remains difficult in practice.
The challenges in existing research can be summarised from three
perspectives: data selection, methodology and post-hoc analysis.

A primary challenge lies in determining what type of activity-
based data is efficient and how to fuse multi-modal data reasonably.
Many activity-based datasets [1,13] have been used in urban land use
inference. However, inherent bias exists in many types of data when
used for the representation of human activity. For instance, the number
of mobile calls or messages occurring in an area could be affected by
factors such as user occupation types and user communication prefer-
ences, potentially skewing observed usage intensity. Similar problems
exist with social media data, which is strongly related to the user’s
age. Moreover, data involves user privacy, which is highly restricted
for commercial use in many countries, making these types of data un-
available to many practical projects. Mobility data, on the other hand,
offers low-cost, real-time, and objective insights into people’s daily
movements. Meanwhile, travel demand has been systemically proven
to be closely related to land use patterns [14,15]. For example, a higher
volume of bus passengers recorded during weekday peak hours suggests
that the land use surrounding this station is work-related or residential.
While mobility data can provide insights into daily human movements
and associated land use patterns, a few questions remain about (a)
which modes of transportation data are most indicative of land use;
(b) how to aggregate this data across time and space effectively; and
(c) how to integrate data from various transportation modes to form a
comprehensive analysis.

Another challenge lies in determining how to address the spatial
dependency inherent in urban activities and the heterogeneity among

different mobility services. Urban activities tend to cluster, exhibiting
continuity along road networks and potential disruptions by physical
barriers like rivers, railways and highways [16]. Moreover, different
types of mobility data contribute to different degrees of understanding
surrounding land uses. Large transit hubs primarily facilitate transfers
and are closely tied to adjacent transport services. In contrast, smaller
transit facilities are crucial for serving ‘first or last mile’ travel and are
strongly linked to local residential and work activities [3]. Most deep
learning models process samples independently, overlooking the spatial
dependency between samples and their surrounding objects. Although
recent studies [17,18] try to solve this problem by employing homo-
geneous graph networks, these methods often fail to encapsulate the
multi-level nodes (e.g., bike stops, bus stations) and edges (e.g., road
networks, tube networks) in complex urban areas.

A third challenge lies in the fact that establishing explainability is
also essential in policy and land use studies in order to build trust
among government planners and policymakers. Effective land use mod-
els must be accurate, reliable, accountable for anomalies, and capable
of extrapolation [19]. However, the black-box nature of deep learning
models often hampers their trustworthiness in real-world applications.
Therefore, a (black-box) model’s credibility with planners needs to be
established by systematically proving these properties through post-
hoc analysis, thus reinforcing their utility in practical urban planning
contexts.

Motivated by these challenges, this paper makes contributions in
three key aspects: integrating mobility data, fusing multiple sources of
mobility data from different travel modes using heterogeneous graph
neural networks, and enhancing model explainability by using post-hoc
explainable AI methods. Specifically, we make the following contribu-
tions:

» We have developed a novel data pre-processing pipeline to con-
vert multi-modal mobility data sources into a heterogeneous
graph structure, including bus, tube (i.e. London underground)
and bike sharing, as well as topology network data and road
types, as shown in Fig. 1. These rich information sources enable
deep learning models to learn spatial representations that capture
the heterogeneity of objects within the urban transport system.
Readers can refer to the workflow shown in Fig. A.13, along with
the accompanying open-source code, to construct a similar graph
dataset structure for their regions of interest.

We pioneer the application of Heterogeneous Graph Networks
(HGNs) for data fusion and land use inference tasks, addressing
the spatial dependency of land use features and the heterogeneity
among different types of nodes and edges (Fig. 2). Our findings
indicate that the proposed method markedly enhances predictive
performance over traditional neural networks and homogeneous
graph neural networks.
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Fig. 2. Overview of our framework for land use inference based on multi-mobility systems.

» We pioneer the usage of feature attribution explanations in land
use inference to empower explainability, addressing stakeholders’
concerns as to how mobility distribution in a day could affect
land use predictions. By highlighting the importance of differ-
ent segments of the temporal patterns of human activity, we
demonstrate that our model’s behaviour aligns with a common
understanding of commuters’ daily movement patterns. We then
extend the explainability analysis to spatial (subgraph-level) fea-
ture attribution, enabling policymakers to capture broader spatial
patterns beyond individual nodes and identify localised anomalies
that inform targeted urban interventions.

We also define a new counterfactual explanation notion specif-
ically suitable for explaining HGNs in land use inference tasks.
We demonstrate through example analysis that our counterfactual
explanations can be used to reveal changes required for the
input to achieve the ideal mixed land use prediction. Through
experiments, we also use such explanations to investigate the con-
tributions of different elements in the input data to the differences
between the model’s predictions and the ideal mixed land use
states.

This paper presents a pipeline for processing mobility data into het-
erogeneous graph data and utilises HGNs and explainability techniques
to achieve explainable land use inference. Our research used mobility
datasets from three cities: London, San Francisco, and New York City.
While we focus our analysis of explanations on London, the proposed
pipeline has significant potential for application to mobility data from
other cities.

The remainder of this paper is organised as follows: Section 2
presents a literature review of relevant research on land use analysis,
graph deep learning, and explainable AI; Section 3 describes the data
collection and pre-processing steps; Section 4 outlines the methodology
for Heterogeneous Graph Modelling framework and post-hoc explana-
tions methods; Section 5 reports the results and explainability analysis;
Section 6 discusses the implications of our findings, limitations, and
recommendations for future research.

2. Literature review

In this section, we first overview related work in land use inference
and identify key research gaps—namely, the lack of methods for urban
multi-modal data fusion, insufficient consideration of spatial hetero-
geneity, and the absence of explainability analysis. Recognising these
gaps, we examine methodologies in multi-modal data fusion — which
enable the integration of diverse mobility and infrastructure data —
and explainable artificial intelligence (XAI) from other domains, which
enhance the explainability of complex models. Building upon insights
from this comprehensive review, we lay the groundwork for a novel
pipeline that fully utilises these multimodal data in an accurate and
explainable manner.

2.1. Background and gaps for land use inference

Land use inference (also known as region function identification) is
the process of determining the actual function and intensity of use of
urban spaces [4,20]. This paper focuses on the problem of land use in-
ference in urban areas based on people’s activity data. It is an important
research topic because it helps identify gaps between planned land use
and how people actually use city spaces, which can lead to challenges
like traffic congestion and inadequate infrastructure. By inferring land
use based on current human activity, governments can make better
policy decisions, optimise facilities, and help businesses distribute more
effectively, thereby improving the urban economy [1,3].

In the literature on land use, early research used simple statisti-
cal approaches (e.g., linear regressions) or simulation-based models
(e.g., cellular automata) to understand urban growth patterns. Due to
the development of sensor and location technologies, land use mod-
elling has evolved from relying on survey data to incorporating activity-
based big data (e.g., social media data, mobile data and transport
data), enhancing understanding of urban dynamics in a fine-grained
manner. In line with this change, there has been a significant shift from
traditional model-driven to advanced data-driven methods [1,17,21].
For example, Toole et al. [1] applied call frequency data and correlation
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Summary of papers on data-driven land use inference.
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Paper Scenario Data Method Land use types
[1] Boston, USA Mobile phone data Random forests Residential, commercial,
industrial, parks
[23] Harbin, China Call frequencies Correlation analysis Work, residential
[22] Wuhan, China Mobile phone calls Deep Convolutional Residential, commercial,
Autoencoder business, industrial, mixed
[2] Beijing, China GPS Trajectory Topic-based model Education, residential,
entertainment, mixed, tourist
interest
[24] Shenzhen, China Ridership of metro, bus, and Spectral clustering framework Residential, Commercial,
cab Transport
[3] San Francisco, USA Shared cycling ridership Neural network Residential, work,
consumption, transport
[25] Hangzhou, China Public bike ridership, Taxi Latent semantic classification Residential, business,
GPS industrial, administration
[26] Beijing, China GIS information Graph Convolutional Neural Business, Transport,
Network Residence, Recreation
[17] Beijing, China Vehicle GPS and vehicle Graph Convolutional Neural Commercial, public, traffic
trajectory Network
[27] Beijing, China Taxi trajectory and bus Latent clustering; Noise Residential, commercial,
ridership reduction mixed
[28] Chengdu, China Online Car-Hailing; POI Ensemble empirical modal Business, office, residential,
decomposition tourist interest
[18] Seoul, Korea Taxi ridership Statistical methods Residential, industrial,
commercial, green
[29] Shanghai, China Metro ridership Spatiotemporal similarity Residential, employment,
transport, mixed
[30] Calgary, Canada GTFS and APC data Statistical methods Residential, commercial,
recreational, industrial,
institutional
[31] Shenzhen, China Surround buildings and Transformer Residential, commercial,

activities data

recreational, industrial,
institutional

analysis to infer land use types in Boston, USA. The latest trend in
urban land use inference incorporates big data and machine learning
techniques to provide highly accurate insights and dynamic forecasts of
land use. Hu et al. [17] employed vehicle GPS and trajectory data, using
Graph Convolutional Neural Networks, to categorise road network
patterns in Beijing into commercial, public, and traffic types. Similarly,
Sun et al. [22] applied mobile phone data and deep convolutional au-
toencoders to deduce various land use types — residential, commercial,
business, and industrial — in Wuhan, China. A specific summary of
activity data-based research in this domain is given in Table 1 below,
where the first three studies use mobile data, and the subsequent ones
use mobility data.

A recent review paper found that 23% (38 out of 165) of Al-based
research papers in urban spatial studies focused on inferring land use
and urban form [12], which showed that inferring land use has become
one of the main branches of Al application in the field of city planning
and the urban geoscience domain [32].

While the field of land use inference has made progress, it still faces
significant research gaps that hinder its development. First, despite
the availability of diverse mobility datasets, there is a notable lack of
methods for effectively fusing multi-modal data in land use inference.
As summarised in Table 1, existing studies often rely on a single type of
data, such as trajectory data or ridership data, each with inherent limi-
tations. Trajectory data is a good source for capturing road-level usage
intensity but may not accurately represent the land use functions of
surrounding areas [2,33]. Conversely, ridership data, which measures
the flow of passengers into and out of stations, provides a more intuitive
reflection of travel related to human activities. However, relying on a
single type of transit facility does not provide comprehensive coverage
of the entire urban area. Data fusion can be an effective way to address
the lack of spatial coverage and potential biases. Yet, only a few stud-
ies [27,33] have performed data fusion (e.g., ensemble methods at the
output level) to merge different datasets, which limits the exploration
of complementary relationships within the mobility system.

Another critical research gap is the insufficient consideration of
spatial heterogeneity inherent in urban environments. While recent
research has begun utilising Graph Neural Networks (GNNs) [17,22,24,
26] to model spatial relationships, these studies predominantly employ
homogeneous graphs that do not distinguish between different types of
nodes and edges. This simplification overlooks the diverse interactions
of various mobility services and infrastructural elements within cities.
Different nodes — such as bike stations, bus stops, and transit hubs — and
edges like road networks and subway lines have unique characteristics
and contribute differently to land use patterns. For instance, large
transit hubs are primarily associated with transfers and connectivity
to other transport services, while smaller facilities are integral for first-
and last-mile connectivity, closely tied to local residential and work
activities [3]. The reliance on homogeneous graphs fails to capture
these nuances, underscoring the need for methodologies that incorpo-
rate heterogeneous graphs to more accurately represent the multi-level
interactions in complex urban areas.

The final research gap lies in the absence of explainability anal-
ysis in land use inference models. The successful application of Al
in critical domains like urban planning and policy-making hinges on
models being explainable and trustworthy. The black-box nature of
complex data-driven models often hampers their adoption, as stake-
holders demand transparency and accountability [34]. Besides, stake-
holders anticipate that the model can go beyond the prediction of the
outcome; they also expect it to be able to respond to hypothetical
or “what-if” scenarios, like “what efforts can be made to achieve
sustainable land use planning”. However, few land use inference studies
have provided explainable modelling or post-hoc explanations for their
proposed models.

2.2. Opportunities from related domains
To address the above-mentioned research gaps, we conduct a liter-

ature investigation on multi-modal data fusion methodologies, graph
modelling techniques, and XAI approaches from related domains to
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identify feasible solutions. These are discussed in detail in the following
Sections 2.2.1 and 2.2.2.

2.2.1. Multi-modal data fusion and graph modelling

The need for fusion of multi-modal data for better accuracy and us-
ability is not unique to land use inference but also exists in many efforts
for the development of smart and sustainable cities, such as traffic pre-
diction [35,36], energy management [37,38], and healthcare [39]. In
urban studies, commonly used fusion strategies can be divided into the
following categories: fuzzy logic-based [11,40], Bayesian-based [41,
42], ensemble-based [43,44], and graph-based [11,45,46]. For the
mobility data discussed in this paper, graph-based methods like Graph-
Sages [47] and Graph Attention Networks [48] are particularly effec-
tive due to the strong ability to process spatial dependency among the
facilities in a large-scale graph form. For example, Hu et al. [17] intro-
duced a Graph Convolutional Network (GCN) to understand the social
function of road segments, showing significant accuracy compared with
traditional machine learning.

Building upon the effectiveness of graph-based methods, advanced
techniques such as Heterogeneous Graph Networks (HGNs) have emerged
to better capture the complexity of mobility systems. As an extension
of Graph Neural Networks (GNNs), HGNs are designed to handle graph
structures with multiple types of nodes and edges, allowing for a more
nuanced representation of spatial heterogeneity and hierarchical rela-
tionships. Studies have shown that HGNs excel in fusing multi-modal
data and modelling complex graph structures in various domains,
including recommendation systems [49], biomedical research [50], and
social networks [51]. In urban environments, HGNs have been success-
fully applied to challenges like traffic prediction and signal control,
achieving notable performance improvements [36,52]. Despite these
successes, HGNs have not yet been explored for land use inference,
presenting a promising opportunity to address existing gaps in the field.

2.2.2. Explainable AI

In the field of Explainable AI (XAI), significant progress has been
made in explaining complex machine learning models. This is espe-
cially important in urban planning and land use inference, where
stakeholders require clear insights into model predictions. Since our
research involves Graph Neural Networks (GNNs) to model spatial
dependencies, it is essential to explore XAI methods specifically de-
signed for graph-based models. Recent advancements in graph-based
explanations provide promising tools for understanding the complex
relationships within heterogeneous mobility graphs. Specifically, we
focus on three types of analytic XAI methods: feature ablation analysis,
feature attribution methods, and counterfactual explanations.

+ Feature ablation analysis assesses the significance of individual
input features or components by systematically removing or al-
tering them and observing the impact on the model’s predictions.
This method is a straightforward explanation method that has
been commonly utilised to understand the function of elements
in models [53-55]. In graph neural networks, feature ablation
has been applied to interpret the roles of nodes and edges, aiding
in the comprehension of models in domains such as molecu-
lar chemistry [56], medical diagnosis [57] and social network
analysis [58,59].

Feature attribution methods quantify the approximate impor-
tance of individual input features on a particular model prediction
through an attribution value. These techniques, such as Integrated
Gradients [60] and SHapley Additive exPlanations (SHAP) [61],
clarify the roles of input features in the prediction of the outcome
and have been successfully used in understanding graph elements
in many critical domains, such as molecular science [62,63] and
Internet of Things [64].
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» Counterfactual explanations demonstrate which changes are
needed in the factual input to achieve a different output pre-
diction [65]. These methods have been used in domains like
molecular science [66] and recommendation systems [67] to
understand how potential changes in the graph might result in
desired outcomes.

While the above-mentioned methods are model-agnostic and the-
oretically can quantify the contributions of different node features in
graph models, practical limitations in current implementations (e.g., Cap-
tum) hinder their direct application to HGNs. Moreover, these tools
typically do not assess the influence of neighbours and edges or
perform localised reasoning for state-of-the-art models like the HGNs.
This underscores the need for developing specialised explainability
techniques that can handle the complexity of HGNs, thereby enhancing
the interpretability of land use inference models and facilitating their
adoption in urban planning.

2.3. Summary and proposed framework

In summary, to address the identified research gaps and leverage
opportunities from related domains, we propose a novel modelling
framework for land use inference. This framework integrates multi-
modal data fusion through the construction of heterogeneous graphs
that incorporate various urban network structures and mobility data. By
employing a Heterogeneous Graph Transformer for land use prediction,
we effectively capture spatial heterogeneity and complex interactions
within urban environments. Furthermore, we incorporate three post-
hoc explainability methods — ablation analysis (AA), feature attri-
bution (FA), and counterfactual explanations (CE) — to enhance the
interpretability and trustworthiness of our model.

Given that our approach utilises a heterogeneous graph model, we
set homogeneous graph models such as Graph Convolutional Network
(GCN), GraphSage, and Graph Attention Network (GAT) as baselines
for comparison. Although we validate our approach using London as
a case study due to its diverse transportation modes and varied land
use patterns, our framework is designed to be generalisable and can be
applied to any city with available mobility and infrastructure data. By
leveraging adaptable modelling techniques and widely accessible data
sources, our method provides a versatile tool for urban planners and
policymakers seeking to improve land use inference in various urban
contexts.

3. Preliminaries

This section introduces the research problem and the basic con-
cepts for building heterogeneous graph models. The notation used
throughout this paper is shown in Table 2.

We begin by defining heterogeneous graphs.

Definition 1 (Graph). A graph ¢ is represented as (V, £), where V is a
set of nodes (or vertices), i.e., V = {v,, Uy ks and £ denotes a set
of edges connecting nodes, i.e., £ = {e},...,e¢ ). Each edgee e £ is a
pair of nodes (v;,v;) iff v; and v; are connected.

In a heterogeneous graph nodes and/or edges belong to different
types, as follows:

Definition 2 (Heterogeneous Graph). Let A denote a set of node types
and R denote a set of edge types, such that |A| + |[R| > 2. Then
a heterogeneous graph G is (V,€) such that there exists a function
¢ : VYV — A that maps each node with its corresponding node type
and a function y : £ - R that maps each edge with its corresponding
edge type.

Definition 3 (Meta Relation). The meta relation for an edge ¢ =
(vg, v,) linked from source node v, to target node v, is denoted as

(@(s), w(e), p(1)).
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Table 2
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Notation and Descriptions. The table is divided into three sections: the first section includes general operations; the second
section includes components of the graph; and the third section includes elements related to the learning problem.

Notation Description

=) A concatenation operation

|| The cardinality of a set

4 A graph

v A set of nodes

& A set of edges

A A set of node types

R A set of edge types

v, €V A single node with subscript i (also referred to simply as i)

e, €E An edge representing a pair of nodes (v;,v;) iff v; and v; are connected
¢ A node-to-type mapping

73 An edge-to-type mapping

F A set of features of each node

T A set of land use targets

X The jth feature for node i

hf“) The initial node representation after the feature transformation
h" The updated representation of target node s at layer /

(2] The set of parameters for training

qu.) The initial projection matrix for node type ¢(i)

Wx,}(t) The multi-head matrix for source node type in head 7

we The message passing matrix for edge type w(e)

w2, wX wh The query, key and attention matrices for head =

WGQIG) The aggregation matrix for target node type ¢(r)

mB(s,e, 1) The message representation from v, to v, through edge e at layer /
al(s,e,1) The attention weights from v, to v, through edge e at layer /
& The scaling factor in the attention mechanism

0 The number of heads in the multi-head mechanism

Urban mobility systems can be conceptualised as heterogeneous
graph structures with multiple types of service facilities in the form of
nodes (e.g., tube and bus stations) and spatial connections among them
in the form of edges (e.g., transit routes). Specifically, we consider two
categories of edges: edges in the road network and edges in the transit
networks. When travellers transfer between different types of stations,
they usually need to walk. Therefore, as shown in Fig. 1, we regard the
connections across various types of nodes as the shortest path on the
road network (D, @, ®). For edges between nodes of the same type,
there may be shortest routes in a road network () or connecting paths
in a specific network, such as a tube network or a bus network (& and
®).

Given the complexities in the data, this paper aims to build an
explainable heterogeneous graph-based framework for the land use
inference problem. To begin with, the research is framed as a multi-task
regression problem. This setting stems from practical considerations:
compared with merely categorising land use types, it is more useful for
stakeholders to obtain the intensities of different land use because of
the need to analyse diversity [3].

Mathematically, we build a multivariate mapping function M that
regresses land use intensity based on daily mobility distribution and
urban heterogeneous graph structure, shown as follows:

Y = Mg (G X) €y

where the parameters set for training are ©, the nodes feature X
RIVXIZI (F is the set of features of each node') represents the mobility
inbound or outbound variables at different time intervals, such as ‘15-
min passengers inflow in a typical day’ for all nodes in G. Y € RIVXI7|
(T is the set of targets®) denotes the multi-regression targets. The goal

1 Concretely, we denote nodes features as the daily passenger inbound data
of each station (15-minute interval ridership from 6:00 to 22:00, forming 64
input features).

2 A ‘typical day’ refers to the mean values of data collected over
multiple statistical periods (weeks, months) under normal, non-exceptional
conditions [3].

3 Concretely, we use, as 7, the land use indicators in this task (e.g., office
and residence).

of land use inference is to find an optimised set of ©®* to minimise the
loss between the estimated land use indicators and land use labels:

n
OF = arg minl Z loss(Fg (G; X),Y) (2)
e i3

where ¥ € RVIXITI refers to the land use ground-truth labels and n
refers to the number of samples in the training dataset.

4. Methodology

Fig. 2 illustrates the framework of this methodology, divided into
three main parts: (a) Graph Building and Sampling: synthesising traf-
fic data into typical daily patterns, collecting edge information from
a hierarchical urban mobility network, and sampling heterogeneous
subgraphs; (b) Graph Neural Network Modelling: processing these sub-
graphs through a HGN with layer-wise and residual connections, em-
bedding the output into a feature vector, and using a fully connected
linear layer to predict land use targets; (c) Explanation Techniques:
using feature attribution explanations to determine the contribution
of input features to the predictions and counterfactual explanations
to explore the impact of changes in the graph structure on prediction
outcomes.

4.1. Heterogeneous attention embedding

Given the rich mobility information and road topology information,
our primary focus is on effectively embedding structural data and node-
level mobility features within urban mobility networks. Inspired by the
recent progress of HGNs in social network analysis [68], we propose a
Heterogeneous Graph Encoder based on HGNs. The HGN module aims
to learn node representations through predetermined meta-relations.
To model the influence of various node types, we utilise a multi-head
attention mechanism.

Firstly, we define a node feature transformation function that aligns
features x; of nodes v; to a unified feature space, based on their node
types ¢(i). This is formulated as:

©) _ /P
h = W¢(i) - X, 3
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where WP is a type-specific linear projection matrix. Through this, we
derive the initial node representation hEO) for node i.

Subsequently, we implement a multi-head mechanism to compute
the message representation m’)(s, e, ) at layer / > 0 from source nodes
v, to target nodes v,. This process accommodates the types of nodes
¢(s), p(r) and edges w(e) in the heterogeneous graph, as expressed:
mien= @ ((Wih)wk) @
Here, @ represents the concatenation operation, and 6 the total number
of heads, while leg({?) and WN(IS are matrices designated for processing
based on node and edge types.

Next, we apply a multi-head attention framework to derive attention
weights a(s, e, 1), facilitating the interaction between source v, and
target v, nodes via edges y(e), described as follows:

T
head(s,e,1) = ((WTth'-”)T wh (wknl=") ) L )

va

a¥(s, e, 1) = Softmax < ) head(rl)(s,e, t)> , (6)
re[1.0]

where I/VTQ, WTK, and WTA are the linear projection matrices per head 7,
tailored according to node and edge types, and ¢ is an adaptive scaling
factor for the attention mechanism.

Finally, the information is aggregated from the neighbours of the
target node with attention weights to update the representation of the
target node, expressed as:

h(l) Wdf(g 2 (a(’)(s, e,)-m(s, e, t)) + h;l_l), )
v EN (1))

with WAG as the aggregation-specific linear matrix considering the type
of the target node. Here, N'(v,) denotes the set of neighbour nodes of
the target node v,.

4.2. Explainable AI methods for post-hoc explanations

This section discusses the XAI methods proposed to enhance ex-
plainability in land use inference: feature attribution analysis and
counterfactual analysis. These methods are motivated by potential trust
issues among stakeholders, particularly in urban planning and devel-
opment, regarding predictive models, especially when dealing with
complex input-output relationships. Feature attribution explanations
help stakeholders better understand the importance of specific elements
within the models. Additionally, counterfactual explanations enable
stakeholders to explore minimal changes that could lead to desired
outcomes, such as balanced land use. We demonstrate how these XAI
methods can be applied in the land use inference context, which could
potentially be useful for improving decision-making and fostering trust
in model predictions.

4.2.1. Feature attribution methods

The first class of techniques we use to explain the predictions of
our model are feature attribution methods. These techniques quantify
the approximate importance of the individual input features on a
particular model prediction through linear feature attribution scores.
Such scores can provide invaluable insights regarding the reasoning of
deep learning models and uncover possible issues or biases [69,70].

In the context of explaining an HGN model M applied to a heteroge-
neous graph G = (V, £), we can formalise the feature attribution scores
as follows. Given a target node in the graph v; € ¥ and a target output
¥i,j» our goal is to compute the attribution scores S € RIVXI"! estimating
the importance of every node and feature combination for the model
output y, ;. Intuitively, the element S, of the attribution score matrix
provides an estimate of how much the /th feature of the kth node,
x> affected the jth output at the ith node, y, ;. To get a more holistic
view of the importance of the different features, we will also consider
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the aggregated attribution scores a € R"! where q, = le(l) S, ;- Each
element of the aggregated attribution scores vector estimates how much
a particular input feature affected the target output when considering
its combined effect from all the nodes in the graph.

In our work, we use two different feature attribution methods
for explaining our HGN model—Gradient - Input [71] and Integrated
Gradients [72]. Gradient - Input is a simple gradient-based attribution
method defined as follows, in our setting:

Definition 4 (Gradient - Input Explanation). Given an explained model
M, an input graph ¢ = (V, £), a target node v; € V and a target output
¥;j» the Gradient - Input feature attributions scores are defined as:

a0y, ; OM(), ;
G-I _ ij o _ .
Skp =X g =X

The advantage of Gradient - Input is its computational efficiency,
its conceptual simplicity as well as its good ability to faithfully capture
the behaviour of the model in the small region around the considered
input [73]. However, the attributions produced by Gradient - Input may
also be unreliable, particularly if the function of the considered model
is highly irregular (resulting in a problem known as shattered gradi-
ents [74]) or saturates for the given input (e.g., due to the predicted
output already being sufficiently high). These limitations are largely
addressed by Integrated Gradients explanations, which are defined as
follows, in our setting:

Definition 5 (Integrated Gradients Explanation). Given an explained
model M, an input heterogeneous graph ¢ = (V,£), a target node
v; € V, a target output y;; and a reference graph ¢ = (V,€), the
Integrated Gradients feature attributions scores are defined as:

OMG+a- (G-,
= Okt =) / Xy "

In contrast with Gradient - Input, which only considers the gradient
at the explained input instance, Integrated Gradients are based on an
aggregate gradient on the path from some suitable reference to the
currently considered input. This helps to naturally smooth out any
local irregularities in the gradient and to capture the influence of
the input features even if their effect already saturated close to the
currently considered input [72]. In our experiments, we will consider
the neutral reference graph G with the same structure as the input graph
G, but all the features on the nodes and edges set to zero. Using zero
feature values has been advocated as a reasonable default choice for
the reference input [72]. We must also note that Integrated Gradients
in the pure form defined above are typically intractable for complex
deep learning models. Thus, in practice, the integrated gradient scores
are computed, in our setting, via the following approximation:

Definition 6 (Approximate Integrated Gradients Explanation). Given an
explained model M, an input heterogeneous graph G = (¥, £), a target
node v; € V, a target output y, ;, a reference graph ¢ = (V.6 and
a number of steps n, the approximate Integrated Gradients feature
attributions scores are defined as:

IMGC+%-(G-0),;

Xy

n
SPTA = (X = %) - 2

Throughout this paper, when considering Integrated gradient expla-
nations, we will use the above approximation with n = 50 as the number
of steps.

In addition to the above gradient-based methods, we also initially
considered perturbation approaches based on Shapley Values [61].
However, given the large size of the considered input graph, we found
these to be highly computationally inefficient, taking several hours
to compute the explanation for a single output. We also note that
there are several bespoke methods specifically focused on explaining
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GNN models, such as GNN-Explainer [58]. Unfortunately, the avail-
able implementations for these methods were not compatible with
the library for HGNs that we used, which is why we opted to use
the above methods instead. Extending GNN-Explainer and other GNN-
specific explainability methods to our heterogeneous model poses an
interesting line of future work, but is outside the scope of this paper.

4.2.2. Counterfactual explanations

In contrast to attributing model output predictions to parts of input
features, Counterfactual Explanations (CEs) reveal the minimal changes
needed from the factual input to achieve a different and more desirable
output prediction [65]. In this section, we define CEs suitable for the
land use inference task with heterogeneous graphs. For graph data, CEs
often take the form of subgraphs or modified graph inputs [75] due to
the connectivity between the nodes, which is especially the case in land
use inference since our interest is always on an area [76]. We start by
defining the subgraph consisting of a target node and its neighbouring
nodes.

Definition 7 (1-Hop Complete Subgraph). Given an input heterogeneous
graph ¢ = (V,€) and a target node v; € V, the 1-hop complete subgraph
of v; is defined as G; = (V;, &), where ¥, = {v; | ¢;; € EVe;; € E}U{v;}
and & = {e;; | v;,v, €V, e;; € E}.

Another concept central to CEs for graph data is the dissimilarity
measure between two subgraphs, which allows comparisons of can-
didate CEs. Specifically, suppose we have two candidate subgraph
CEs; that which is more similar to the input is considered the better
candidate, because it would require less effort to change from the
input [65]. Given the multi-modal nature of our data, we design a
dissimilarity measure covering the differences in node features, node
types, edge types, and (sub)graph structure as follows:

Definition 8 (Local Subgraph Dissimilarity). Given an input heteroge-
neous graph G = (V, &), two 1-hop complete subgraphs G, = (V,, &)
and G; = (V;,€;) for nodes v;,v; € V, respectively, the local subgraph
dissimilarity between G, and G ; is:

d(g,', QJ) = dv(g,', g/) + dA(g,', g/) + dR(Q,-, gj) + dg(gi» gj)
where:

dy(G;, G;) = ﬁ Z %(LZ_dist(xi,xk)+cosine_dist(x[,xk))
J

VKEV;

is the node feature dissimilarity, L2 dist and cosine_dist are L2 (Euclidean)
distance and cosine distance respectively,

A min@(0),). $V),)
A max(@(V),). ¢00),)

is the node type dissimilarity, ¢ maps nodes to its corresponding type,
#(V,) is the node types of subgraph nodes V;, ¢(V;) € Rl represents
the counts of each node type in A,

dA(Q[,Qj) =1-

dR<g,.,cj>=abs(|L Y w(ek,,)—léf—_l Y wen)

E.
'l e |EE; J emy,,eé'/

is the edge type dissimilarity, w maps edges to its corresponding type,
dg(G,.C)) = 1E] = 1€

is the graph structure dissimilarity, abs(x) takes the absolute value of a
real number.

This score combines four sources of dissimilarities. Firstly, d,, de-
notes the node features differences where L2 captures the magnitude
differences, while cosine distance captures the traffic pattern differ-
ences. d 4 calculates the node type differences between the nodes in the
two subgraphs using the multiset Jaccard distance [77]. dj calculates
the absolute differences between the average road types, obtained by
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the edge types in both subgraphs. Finally, d,; represents the graph
structure differences expressed as the absolute difference between the
numbers of edges, which is often considered as sparsity in graph
CEs [75]. We now use Local subgraph dissimilarity as a core heuristic*
to guide the search for CEs:

Definition 9 (Counterfactual Explanation). Given an explained model
M, an input heterogeneous graph ¢ = (V,€), a target node v; € V
with predicted output y;, a desirable prediction result )’ # y,;, the
counterfactual explanation for v;’s prediction is G; = (V;,&;), the 1-hop
complete subgraph for node v;, which is:

argmin
v;EVy;=y

d(G,.G;)

Our definition finds a 1-hop complete subgraph from the given
heterogeneous graph data as the CE for a given target node. It is the
closest (measured by local subgraph dissimilarity) subgraph to the 1-
hop complete subgraph of the target node, among all the subgraphs of
nodes which are predicted with a pre-specified desirable prediction by
our explained model. Our method has the same spirit as the nearest-
neighbour CEs method for tabular data, which finds the closest point
in the training dataset as the CE for an input point [78]. Such CEs taken
from the dataset have the advantage of lying within the data manifold,
therefore they are realistic data and not algorithmic artefacts [79].
Additionally, they are more robust to perturbations that could occur
in the inference pipeline [80].

Practically, the CEs can be computed as the following. First, ini-
tialise the 1-hop complete subgraph for the target node. Then, filter out
the nodes predicted with the desirable label. In an iterative procedure,
for each of these nodes, take their 1-hop complete subgraph, and
compute the local subgraph dissimilarity between the subgraph and
the input node’s subgraph. The subgraph with the lowest dissimilarity
is returned as the CE. As will be seen in Section 5.7.3, we specify a
mixed prediction and use CEs to investigate what changes are needed
to achieve a community with balanced land use [81,82].

5. Empirical experiments
5.1. Dataset description

To achieve comprehensive coverage and enable fine-grained analy-
sis with varied urban layout and distinct mobility modes, we selected
four distinct areas for building datasets: Inner London, Outer London,
San Francisco, and New York City. The specific cities and the mobility
modes used (and the corresponding open source data) are listed in
Table 3.

Specifically, the spatial distributions of these datasets are illustrated
in Fig. 3—London (top row), San Francisco (middle row), and New York
City (bottom row).

Among the cities, Inner and Outer London were chosen as the study
areas for post-hoc explanation due to their complex and diverse land
use. The inner regions feature dense mobility networks, whereas the
outer regions exhibit contrasting patterns and structures. This dual-
dataset approach ensures that our analysis captures the full spectrum
of urban mobility characteristics across both densely populated and
suburban areas of the city.

As mentioned, this paper presents a pipeline that processes mobility
data into heterogeneous graph data and employs GNNs combined with
explainability techniques for land use inference. Although we primarily
focus on the four chosen regions, the pipeline is flexible, enabling the
construction of heterogeneous graph datasets for other area tailored to
specific needs and available mobility data.

4 Note that our dissimilarity notion is not a distance, e.g., it does not satisfy
symmetry, as d(G;,G;) # d(G;,G,).
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Table 3
Comparison of datasets across different urban areas.
Name Residents’ Travel Behaviour Mobility Modes
Inner London High population density with short commuting Bus, Tube, bike sharing

distances; extensive use of public transport and
bike-sharing

Outer London Primarily suburban environment with longer Bus, Tube, bike sharing
commute distances; multiple public transport
options

San Francisco Central areas rely on car travel supplemented by Parking, bike sharing
bike-sharing; peripheral districts are more
dispersed

New York Extensive public transport coverage; strong Metro, bike sharing
demand for both metro and bike-sharing

Englewood

(9

Fig. 3. Various urban infrastructure and POI distributions across three cities: (a) locations of London’s tube (blue), bus (green), and cycling (orange) stations; (b) London’s road
network; (c) distribution of five categories of POIs in London—office (green), sustenance (red), transport (purple), retail (orange), and leisure (pink); (d) locations of San Francisco’s
parking meters (purple) and cycling stations (green); (e) road network of San Francisco; (f) distribution of five categories of POIs in San Francisco with same colour set of the
London one; (g) locations of New York City’s metro stations (blue) and cycling stations (orange); (h) road network of New York City; and (i) distribution of five categories of POIs
in New York City with same colour set of the London one.

5.2. Dataset processing distance) to determine the spatial extent of the land use measurement
corresponding to each graph node. These elements are introduced on
The constructed graph datasets comprise three main parts: node below:
features, edge features, and labels. In addition, we set the catchment
area (the geographical zone surrounding each node that reflects its area * Node features. For any mobility station, we use its 15-minute-
of influence or service, typically defined by a specific radius or travel boarding distribution on a ‘typical weekday’ (as averaged over
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the weekdays) as the input nodes feature.” The daily passenger
inbound data of each station is processed into 15-minute interval
ridership from 6:00 to 22:00 (64 input features). The specific
pipeline for feature pre-processing is given in Appendix A.

Edge features. The edges are based on comprehensive urban road
networks, as shown in Fig. 3(b), (e), and (h). There are specifically
five classes of road edge categories involved: Primary, secondary,
tertiary, residential, and unclassified (a detailed introduction of
this information can be found at wiki of OSM). These types of
edge-level geography information are collected from the Open
Street Map and encoded into one-hot vectors to represent the
edge-level information. We do not use connectivity in the tran-
sit network because the available data does not distinguish the
direction of routes among the bus stops. Although including this
information would further enrich the information contained in
the heterogeneous graph, it is beyond the scope of this research.
Labels. In the land use inference problem, there is no estab-
lished paradigm for labelling. We adhere to the recommended
practices of the most cited foundational studies [1] — using the
density of Points of Interests (POIs, locations with specific signifi-
cance such as restaurants, landmarks, or hospitals) to characterise
the intensity of specific land use characteristics in a region. To
ensure comprehensiveness and objectivity, we selected six POI
categories from the OSM database: office, sustenance, transport,
retail, leisure and residence. Due to the restriction of OSM’s
API on the quantity of data collected, it is difficult to obtain
complete POI data. Consequently, we chose a few major tags to
represent each land use category, as detailed in Table 4. The
spatial distributions of these labels are displayed in Fig. 3(c), (f),
and (i).

Catchment area. We establish a criterion that assigns each node
a catchment area—a circular region centred on the node with
a predetermined radius. Each node is labelled by the land use
indicators within this catchment area. This process considers two
types of label tags:

— For point tags (e.g., locations of different services), count
the number of target types within the catchment area.

- For polygon tags (e.g., parks, buildings), calculate the pro-
portion of the catchment area that these tags cover.

We have used a 1 km radius for the catchment area in our anal-
ysis. As our focus is on demonstrating the use of heterogeneous
graph models, a comparison of different catchment radii and their
impacts is left to future work.

We further normalise the heterogeneous graph dataset as the final
step of preprocessing. We tested various normalisation methods and
selected the optimal combination of z-score normalisation for node
features, one-hot encoding for edge types and min-max normalisation
for labels. Since this aspect is not the primary focus of our paper, we
opt not to include a detailed discussion of this process. To assist readers
in applying our work to their own urban areas of interest, we have
provided a detailed workflow that includes the entire data acquisition
and processing pipeline (as shown in Fig. A.13).

5.3. Baseline models for comparison

Since the proposed model in this paper is designed to fuse multi-
modal mobility information within urban environments through het-
erogeneous graph modelling, our primary focus is on the significance
of heterogeneity for land use inference. In light of this, we selected

5 London’s bus service records only boarding numbers, not alighting, and
bike data for weekends is unavailable. Consequently, we used only weekday
boarding flow as input to ensure fair comparisons among three mobility modes.
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baseline models that include not only basic neural network models but
also a series of classical homogeneous graph models, as well as an early
heterogeneous graph model. These models are widely used as baseline
models in the fields of social network analysis [83], recommendation
systems [47], and traffic flow prediction [84].

» Neural Network (NN): A basic neural network model, serving
as a foundational benchmark against more complex graph-based
models.

Graph Convolutional Network (GCN): Utilises convolutional
processes directly on the graph structure to capture neighbour-
hood information [83].

Graph Attention Network (GAT): Incorporates attention mech-
anisms into graph neural networks, enabling nuanced weighting
of node contributions from neighbours [48].

GraphSage: A scalable graph neural network method that gen-
erates embeddings by sampling and aggregating features from a
node’s local neighbourhood [47].

Relational Graph Convolutional Network (RGCN): Extends
GCNs to manage graph heterogeneity by incorporating various
relational types among nodes during the learning process [85].

Each of these models represents a unique approach to incorporating
graph structure into the learning process, which makes them suitable
baselines for assessing the performance of our proposed HGT model.

5.4. Experiment setting

To ensure fair comparisons against multiple baseline models, we
used the same configuration to model, train, and test them, as detailed
in Table 5. The specific experimental details are given below:

System and python environment: The experiments were undertaken on
a Linux Ubuntu system, utilising CUDA Version 11.8 with NVIDIA
RTX A5000 GPU for deep learning model optimisation. Computations
were executed on Python 3.10 within a dedicated virtual environment
(Readers can check “requirement.txt” on the GitHub website of this
project).

Training setting: For comprehensive model evaluation and testing, we
randomly allocated 60% of the samples for training, with the remaining
20% for validation and 20% for testing. We choose the training epoch
number and batch size as 200 and 64, respectively.

General hyper-parameters: The depth of the model (Hidden layer num-
ber) is often a trade-off between model complexity and performance.
We take it as 2 to strike a balance by allowing the model to capture
sufficient graph information without introducing excessive complexity
or overfitting. For the activation function, ReLU was chosen for its
computational efficiency and ability to avoid the vanishing gradient
problem, enabling better training in deep networks. For hidden dimen-
sion, choice of optimiser and learning rate, we performed sensitivity
analysis and chose the combination of compatible accuracy and com-
putational efficiency as shown in Table 5 The detailed analysis can be
found in Appendix C.

Graph model’s hyper-parameters: As this paper focuses on processing a
large graph, small batch data loading at the graph level is a crucial
step for optimising performance and training speed. PyG offers several
small-batch data-loading methods for homogeneous graphs. After com-
parison, we selected the best-performing neighbour sampling method
for homogeneous graph models. For the HGT method, we used the
HGTLoader. As the method of dividing a graph into small batches has
been well studied [41,80] and is not the focus of this paper, we will not
analyse this part in detail. For the graph hop number, we opted for a
2-hop setting, ensuring the model remains efficient and feasible to run.
For the attention-head number in HGT, since this was not the focus of
the study, we only tested the case where the number of heads is 2.
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Table 4
POI categories and their specific tags for labelling land use.
Category Tags Data types
Office Government, Association, Company, Consulting, Financial, Coworking, Points
Lawyer, Estate, Insurance, Telecommunication
Sustenance Restaurant, Cafe, Bar, Pub, Fast Food Points
Transport Bicycle, Subway, Transport, Taxi, Parking, Ferry, Tram Points and Polygons
Retail Convenience, Supermarket, Mall, Department, Bakery, Butcher, Clothes, Points
Hardware, Furniture, Electronics
Leisure Park, Sports, Playground, Swimming, Pitch, Track, Fitness, Garden, Points and Polygons
Nature
Residence Residential, House, Detached, Apartments, Population Points and Polygons

Table 5

Summary of Hyper-Parameter Settings.
Parameter Value
Hidden Layer Numbers 2
Hidden Layer Dimension 128
Activation Function ReLU
Attention-Head Numbers 2
Optimiser AdamW [86]
Epoch Number 200
Batch-Size 64
Learning Rate 0.002

Sampling for Homo-Graph neighbour Loader [47]
Sampling for Hetero-Graph HGT Loader [87]
Graph Hop Number 2

5.5. Measurement metrics

To evaluate the performance of our regression models, we employ
three widely recognised metrics: Mean Absolute Error (MAE), Root
Mean Square Error (RMSE), and the Coefficient of Determination (R?).
These metrics are essential for assessing the accuracy and predictive
quality of the models. They are defined as follows, where n is the
number of observations in the test set, y; represents the actual values,
and j; are the predicted values.

» Mean Absolute Error (MAE): MAE quantifies the average ab-
solute difference between the predicted values and the actual
values, giving an insight into the overall error magnitude without
the influence of error direction. Lower MAE values indicate better
model performance, as they signify smaller errors.

n
1 -
MAE = ;Z,w,-—m

Root Mealn Square Error (RMSE): RMSE is a quadratic scoring
rule that calculates the square root of the average of squared
differences between the predicted and actual values. It empha-
sises larger errors, which can be particularly important in certain
contexts. Like MAE, lower RMSE values reflect better predictive
performance.

RMSE =

Coefficient of Determination (R-Squared): R’ is a statistical
measure that indicates the proportion of the variance in the
dependent variable that is predictable from the independent vari-
ables. It is used to measure how well the model captures the
variability of the dataset. Higher R? values indicate better model
performance, as they represent a greater proportion of explained
variance.

Z:'zl(y,» - )71)2
Z:;](yi - ;’)2

where y is the mean of the actual values y;.

R =1-
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5.6. Results

5.6.1. Overall accuracy

This section offers a comprehensive evaluation of various deep
learning methods using the four chosen datasets. The models evaluated
included the proposed HGT framework and were compared with the
baseline methods mentioned in Section 5.2. We first compare the
overall performance of our framework across the datasets in Table 6.
The indicator (Impr.) is measured by improvement percentage over the
baseline neural network (NN) model. Subsequently, in 7, we provide
a more detailed analysis of the model’s accuracy variations across six
land use reference tasks.

Table 6 indicate a consistent improvement in performance when
transitioning from general deep learning models to complex graph-
based models among four datasets. The HGT model consistently deliv-
ers the highest improvement percentages across all categories, showing
its capability to handle heterogeneous graph data. In addition, we
observe that the Outer London dataset achieves the best prediction
performance among the four, likely because its land use complexity
is lower than that of the other regions. Furthermore, the two London
datasets outperform those from San Francisco and New York City,
possibly because London data incorporate three distinct mobility types,
whereas the San Francisco and New York City datasets include only
two. This richer and more diverse set of mobility types seems to provide
the models with deeper insights into human activity patterns, thereby
enhancing overall prediction accuracy in both Inner and Outer London.

7 specifically compare the performance of the models in different
tasks in London. For the Inner London area, the ‘Sustenance’ indica-
tor has substantial benefits from graph-based models, with the HGT
achieving MAE improvements of 68.35%. The RGCN and HGT models
consistently outperform others, probably due to their ability to capture
heterogeneous relationships within the mobility and structure data.
The smallest improvement is noted in the ‘leisure’ land use indicator,
suggesting that there might be unobserved information exists to boost
predictive accuracy.

In Outer London, the HGT model performs better than the baseline
GNNs. A possible reason for this is that the sparser connectivity in Outer
London decreases the performance of conventional GNNs, but has less
impact on the HGT model because of the ability to comprehensively
fuse multi-mode mobility information like people’s movements and
traffic facilities.

Detailed performance of models in San Francisco and New York City
can be found in 8. It can be observed that, HGT demonstrates robust
predictive accuracy in most examples and offers a notable improvement
over the baseline models (NN and GCNs). Due to the relatively limited
number of nodes, the accuracies in this experiment are slightly lower
than those observed in London, yet significantly higher than the results
from another study [3] in San Francisco.

5.6.2. Model performance evaluation

For the validation of the proposed model, this subsection evaluates
the impact of the ratio of the training set, generalisation and Residual
distribution.
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Table 6
Comparison of overall performance across four datasets.
Dataset Metrics NN GCN GraphSage GAT RGCN HGT
MAE 0.099 0.051 0.048 0.046 0.042 0.036
Inner London Impr. - 48.48% 51.52% 53.54% 57.58% 63.64%
RMSE 0.135 0.069 0.066 0.063 0.059 0.054
Impr. - 48.89% 51.11% 53.33% 56.30% 60.00%
MAE 0.077 0.056 0.053 0.054 0.045 0.030
Outer London Impr. - 27.27% 31.17% 29.87% 41.56% 61.04%
RMSE 0.111 0.081 0.076 0.075 0.064 0.055
Impr. - 27.03% 31.53% 32.43% 42.34% 50.45%
MAE 0.109 0.067 0.063 0.064 0.057 0.045
San Francisco Impr. - 38.44% 42.20% 41.28% 47.71% 58.72%
RMSE 0.159 0.097 0.091 0.091 0.074 0.072
Impr. - 38.99% 42.77% 42.77% 53.46% 54.72%
MAE 0.118 0.072 0.067 0.067 0.060 0.051
New York Cit Impr. - 38.98% 43.22% 43.22% 49.15% 56.78%
¥ RMSE 0.166 0.100 0.094 0.094 0.082 0.077
Impr. - 39.76% 43.37% 43.37% 50.60% 53.61%
Table 7
Performance metrics and improvements across different land use targets in Inner London and Outer London.
Inner London Outer London
Indicators Metrics NN GCN GraphSage GAT RGCN HGT NN GCN GraphSage GAT RGCN HGT
MAE 0.086 0.043 0.043 0.039 0.035 0.031 0.071 0.051 0.047 0.046 0.039 0.026
Office Impr - 50.00% 50.00% 54.65% 59.30% 63.95% - 40.70% 45.35% 46.51% 54.65% 69.77 %
RMSE 0.124 0.060 0.058 0.054 0.051 0.047 0.112 0.080 0.072 0.069 0.058 0.052
Impr - 51.61% 53.23% 56.45% 58.87% 62.10% - 35.48% 41.94% 44.35% 53.23% 58.06%
MAE 0.079 0.033 0.032 0.034 0.031 0.025 0.065 0.046 0.043 0.042 0.038 0.024
Sustenance Impr - 58.23% 59.49% 56.96% 60.76% 68.35% - 41.77% 45.57% 46.84% 51.90% 69.62%
RMSE 0.116 0.046 0.045 0.049 0.044 0.039 0.099 0.066 0.061 0.058 0.054 0.046
Impr - 60.34% 61.21% 57.76% 62.07% 66.38% - 43.10% 47.41% 50.00% 53.45% 60.34%
MAE 0.097 0.046 0.043 0.039 0.039 0.033 0.078 0.056 0.055 0.053 0.046 0.031
Transport Impr - 52.58% 55.67% 59.79% 59.79% 65.98% - 42.27% 43.30% 45.36% 52.58% 68.04%
P RMSE 0.139 0.063 0.059 0.054 0.054 0.050 0.111 0.079 0.075 0.073 0.064 0.055
Impr - 54.68% 57.55% 61.15% 61.15% 64.03% - 43.17% 46.04% 47.48% 53.96% 60.43%
MAE 0.103 0.057 0.053 0.050 0.046 0.039 0.078 0.062 0.060 0.055 0.051 0.031
Retail Impr - 44.66% 48.54% 51.46% 55.34% 62.14% - 39.81% 41.75% 46.60% 50.49% 69.90%
RMSE 0.134 0.077 0.070 0.068 0.065 0.058 0.111 0.084 0.080 0.075 0.070 0.056
Impr - 42.54% 47.76% 49.25% 51.49% 56.72% - 37.31% 40.30% 44.03% 47.76% 58.21%
MAE 0.106 0.064 0.060 0.058 0.051 0.044 0.089 0.068 0.060 0.071 0.050 0.037
Leisure Impr - 39.62% 43.40% 45.28% 51.89% 58.49% - 35.85% 43.40% 33.02% 52.83% 65.09%
RMSE 0.141 0.086 0.083 0.080 0.069 0.067 0.131 0.102 0.092 0.098 0.073 0.074
Impr - 39.01% 41.13% 43.26% 51.06% 52.48% - 27.66% 34.75% 30.50% 48.23% 47.52%
MAE 0.123 0.062 0.058 0.054 0.051 0.042 0.078 0.055 0.055 0.059 0.048 0.030
Residence Impr - 49.59% 52.85% 56.10% 58.54% 65.85% - 55.28% 55.28% 52.03% 60.98% 75.61%
RMSE 0.158 0.083 0.078 0.074 0.070 0.062 0.104 0.075 0.073 0.076 0.064 0.048
Impr - 47.47% 50.63% 53.16% 55.70% 60.76% - 52.53% 53.80% 51.90% 59.49% 69.62%
0.14 0.14
—— GCN —— GCN
—e— GraphSAGE —e— GraphSage
0.12 T 0.12
RGCN
0.10 —e— HGT 0.10
w w
£0.08 £0.08
o o
0.06 0.06
0.04 0.04
0.0 0.02
10% 20% 30% 40% 50% 60% 70% 80% 90% 100% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
Sampling Ratio Sampling Ratio
(a) Analysis on Inner London. (b) Analysis on Outer London.
Fig. 4. Comparison of different ratios of the training dataset.
Impact of training set size We randomly sampled the training set at in terms of average RMSE, compared with various GNNs, is depicted in

ratios from 10% to 100%. The performance of the proposed HGT model, Fig. 4.
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Performance metrics and improvements across different land use targets in San Francisco and New York City.

San Francisco New York City
Indicators Metrics NN GCN GraphSage GAT RGCN HGT NN GCN GraphSage GAT RGCN HGT
MAE 0.108 0.061 0.057 0.057 0.049 0.041 0.120 0.065 0.060 0.058 0.050 0.045
Office Impr - 43.50% 46.91% 47.57% 54.29% 62.32% - 45.83% 50.00% 51.67% 58.33% 62.50%
RMSE 0.170 0.096 0.089 0.085 0.075 0.068 0.175 0.095 0.090 0.085 0.078 0.070
Impr - 43.45% 47.74% 50.23% 56.05% 59.75% - 45.71% 48.57% 51.43% 55.43% 60.00%
MAE 0.106 0.056 0.053 0.053 0.048 0.045 0.110 0.060 0.057 0.056 0.050 0.048
Sustenance Impr - 46.95% 49.69% 50.39% 54.75% 57.42% - 45.45% 48.18% 49.09% 54.55% 56.36%
RMSE 0.162 0.081 0.076 0.073 0.069 0.065 0.162 0.085 0.080 0.078 0.072 0.069
Impr - 49.69% 53.19% 54.67% 57.46% 59.84% - 47.53% 50.49% 51.23% 55.56% 57.41%
MAE 0.091 0.065 0.061 0.062 0.055 0.040 0.100 0.070 0.067 0.065 0.058 0.050
Transport Impr - 28.88% 33.15% 32.13% 39.68% 56.44% - 30.00% 33.00% 35.00% 42.00% 50.00%
RMSE 0.130 0.091 0.086 0.085 0.064 0.067 0.140 0.095 0.090 0.089 0.078 0.070
Impr - 29.65% 33.84% 34.39% 50.91% 48.64% - 32.14% 35.71% 36.43% 44.29% 50.00%
MAE 0.095 0.071 0.069 0.064 0.060 0.040 0.110 0.075 0.072 0.070 0.065 0.052
Retail Impr - 25.04% 27.59% 32.59% 36.60% 57.98% - 31.82% 34.55% 36.36% 40.91% 52.73%
RMSE 0.135 0.097 0.092 0.093 0.069 0.065 0.150 0.100 0.095 0.093 0.085 0.073
Impr - 28.31% 31.62% 31.01% 48.65% 51.93% - 33.33% 36.67% 38.67% 43.33% 51.33%
MAE 0.125 0.080 0.072 0.076 0.068 0.063 0.130 0.085 0.075 0.079 0.070 0.063
Leisure Impr - 35.83% 42.25% 39.04% 45.39% 49.7 4% - 34.62% 42.31% 39.23% 46.15% 51.54%
RMSE 0.184 0.119 0.109 0.116 0.100 0.101 0.190 0.121 0.113 0.119 0.104 0.102
Impr - 35.40% 40.56% 37.14% 45.63% 45.28% - 36.32% 40.52% 37.37% 45.26% 46.32%
MAE 0.129 0.067 0.068 0.072 0.060 0.043 0.135 0.078 0.073 0.076 0.065 0.050
Residence Impr - 48.13% 47.53% 44.48% 53.50% 66.85% - 42.22% 45.93% 43.70% 51.85% 62.96%
RMSE 0.172 0.097 0.092 0.093 0.069 0.065 0.178 0.105 0.098 0.100 0.072 0.078
Impr - 46.72% 48.19% 46.54% 53.01% 55.87% - 41.08% 45.03% 43.86% 59.68% 56.19%
0.10 0.10
—— GCN
0.09 0.09 —— GraphSage
—— GAT
0.08 / 0.08 RGCN
0.07 F/-/ 007 T MGT
) )
2 0.06 / 2 0.06
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004 7 ATp g 0.04 ’_,./’/
0.03 RGCN 0.03
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0.02 2
2017 2018 2019 2017 2018 2019

Year

(a) Inner London

Fig. 5. Compared with external

The results indicate that the HGT model’s performance improves
as the size of the training set increases. When trained with a limited
sample size (10%-20% of the full dataset), the HGT model performs
similarly to other graph neural networks. This may be because the
larger number of parameters in the HGT model are not fully utilised
with smaller datasets. However, as the training set size increases, the
HGT model outperforms the other models, demonstrating a greater
capacity to leverage more data for improved performance.

Generalisation To validate the model’s performance with external datas
ets, we also collected the mobility data in 2018 and 2019 of the test
data masks from the same data source. The difference in average RMSE
for different models is shown in Fig. 5.

The figure illustrates the RMSE of different models in 2017, 2018,
and 2019. The additional error introduced by the different years stems
from changes in demand patterns due to the evolving functionality of
urban areas. In a highly developed city, these changes occur gradu-
ally, so the difference in RMSE between 2017 and 2018 is minimal.
However, as these changes accumulate over time, the error increases,
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Year

(b) Outer London

datasets collected in 2018 and 2019.

leading to a more significant marginal difference in RMSE observed in
2019 compared to 2018.

Residual distribution To better understand the function of heteroge-
neous graph models at the individual level, we compare the geograph-
ical distribution of residuals in the geometric map between GCN and
HGT. Fig. 6 illustrates an example of one of the land use indicators
—‘Residence’, where the size of the circular markers indicates the abso-
lute value of the residuals. The colour of each marker indicates whether
the residual is positive or negative: red for over-predicted values and
blue for underestimated values. Similar comparisons of other land use
indicators can be found in Fig. D.15 in Appendix C.

A comparison in Fig. 6 reveals that the residuals in HGT are smaller
overall than those in GCN. Additionally, a continuous distribution of
red and blue colours in the GCN map suggests that the model con-
sistently overestimates or underestimates certain areas or roads. This
suggests unobserved heterogeneity is hindering the GCN’s performance,
while HGT mitigate this problem, displaying a more uniform colour
distribution. According to Fig. D.15, the same observations applied in
other land use indicators, such as ‘leisure’ and ‘retail’.
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Fig. 6. Spatial distribution of residual of residence: GCN (left) and HGT (right).

5.7. Explainability analysis

As explained earlier, while existing feature attribution tools like
Integrated Gradients [72] and DeepLIFT [71] can quantify the con-
tributions of node features in graph models, directly applying them
to heterogeneous graph models poses significant challenges. These
methods are not specifically tailored to handle the node and edge types
inherent in heterogeneous graphs. To address these limitations, we
performed a comprehensive analysis using the XAI methods introduced
in Section 4.2, specifically adapted for HGTs. This analysis includes
three complementary approaches: ablation analysis, feature attribution
analysis, and counterfactual analysis. Additionally, we utilised general
rules of human activity as proxies to assess the alignment between
the model’s decision-making process and urban planners’ understand-
ing, thereby enhancing the model’s credibility. The following sections
explore each aspect of the explainability analysis in detail.

5.7.1. Ablation analysis on connectivity in the graph

Self-node contribution vs neighbour contribution Given the significant
performance improvement of the proposed HGT model demonstrated
in 7, an important question arises: how do the contributions of neigh-
bour nodes compare to those of self-node information in enhancing
model performance? To address this, we conducted a feature ablation
analysis [88].

Specifically, we separately removed or masked the features of
neighbour nodes and self-nodes, and then measured the impact on
the model’s predictive performance. By isolating and quantifying the
specific contributions of each component, we gained deeper insights
into how the model leverages neighbourhood information versus self-
information to achieve its improved performance. The results are
shown in Fig. 7.

Fig. 7 presents a histogram of the feature ablation results of neigh-
bour nodes and self-nodes for predictions made by the HGT model.
The results indicate that the features of neighbour nodes (“neighbour”)
have a significant impact on model predictions, with average impor-
tance values ranging from 0.08 to 0.30 across different indicators. In
contrast, the self-node features (“Self””) exhibit lower importance, with
average values ranging between 0.04 and 0.24.

Specifically, the features of neighbour nodes contribute approxi-
mately 55.0% to 70.5% of the predictive power in the land use infer-
ence task. This finding underscores the critical role of neighbourhood
structures in GNN-based models and highlights the necessity of incor-
porating neighbourhood feature information to enhance the accuracy
of such models. Notably, integrating neighbour node features in this
manner has not been widely explored in existing literature [88]. Our
paper emphasises the importance of this aspect and suggests that fu-
ture research should consider the significant contribution of neighbour
nodes in graph-based learning tasks.
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Contribution from different node types Another question lies in how to
evaluate the role of different types of mobility nodes. Specifically, we
constructed four scenarios by removing some nodes and connections:
(a) all nodes and edges; (b) only bus and bike nodes with their edges;
(c) only bus and tube nodes with their edges; (d) only bus nodes with
their edges. Owing to the limited number of bike and tube nodes, these
modes were not assessed as separate scenarios. We use R-square as the
measurement for comparison as shown in Fig. 8.

According to Fig. 8, we can draw two conclusions. First, increased
connectivity enhances performance across all metrics in all graph mod-
els. Specifically, moving from chart (a) to chart (d) reveals a noticeable
decrease in performance metrics across domains like transport, re-
tail, and residential areas. Second, the heterogeneous information acts
as complementary for prediction, especially for areas under sparse
connectivity. As noted previously, inferring land use for leisure is chal-
lenging because vehicular and cycling mobility data poorly represent
non-commuting activities like leisurely travelling. However, we ob-
served that heterogeneous graph models (HGT and RGCN) significantly
improve the accuracy performance in the ‘leisure’ land use.

5.7.2. Feature attribution analysis

This section examines feature attributions—quantitative values rep-
resenting the impact of the input features at each node (i.e., average
passenger inbound data at different 15-minute intervals during the day)
on the outcome using the Approximate Integrated Gradients index.
We illustrate the distribution of this index across both the temporal
(feature) dimension and the spatial dimension, shown as follows.

Temporal-level analysis The results are displayed in a heatmap format,
where red indicates a positive correlation and blue a negative correla-
tion between input features of different 15-minute intervals in a day
and land use indicators, as shown in Fig. 9.

For Inner London, the feature attribution results in Fig. 9(a) closely
align with the general understanding of human activities, illustrated
in three categories with different characteristics. The first category,
comprising transport, office, and sustenance, is primarily associated
with work-related activities. This category shows a high sensitivity to
commuter inflow during peak hours. Specifically, inflow is lower in
the morning (10:00-11:00 AM) and significantly higher in the evening
(5:00-6:00 PM). This indicates that areas with these land uses attract
more commuters returning from work in the evening than depart-
ing in the morning. Besides, a subtler trend shows that Category 1
(work-related) stations experience reduced feature importance in the
early evening (6:45-7:45 PM) and increased importance later at night
(8:45-9:45 PM). This likely reflects a common urban lifestyle pattern,
where individuals engage in leisure and entertainment activities after
returning home from work. In contrast, the second category, consisting
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Fig. 7. Ablation feature importance on 6 land use types using HGT.

residential land use areas, exhibits a reverse trend with higher morn-
ing inflow and lower evening inflow. This reflects typical residential
patterns where people leave for work in the morning and return in
the evening. The third category, including leisure and retail, is less
affected by inflows at peak hours. Notably, these areas show minimal
variation in inflow during peak hours but have varied activity during
other times, like late evenings, which aligns with shopping and leisure
activities.

Fig. 9(b), which depicts the Outer London dataset, does not ex-
hibit the same clear patterns observed in Inner London. The feature
attribution values for various land uses in Outer London are more
dispersed across different time intervals, lacking the pronounced peak-
hour trends seen in Inner London. This likely reflects the diversity
of activity patterns and the complexity of travel purposes in Outer
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London areas. Specifically, areas associated with residential and work-
related activities do not display the same morning and evening peak
characteristics as observed in Inner London. This could be due to
more dispersed commuting patterns in Outer London, where residents
are influenced by a wider range of external factors, such as longer
commuting distances and a greater reliance on private transportation.

It is important to note that various feature attribution methods
might produce different outcomes. As shown in (Fig. 9(b)) and InputX-
Gradient (Fig. D.14 in appendix), Integrated Gradients are generally
considered more reliable because they account for changes over a
broader range, offering a more comprehensive understanding of feature
importance. Conversely, InputX-Gradient, focusing on a single point
gradient, failed to align with the general context. As shown in this case,
the importance of heatmap from the Integrated Gradient method aligns
more closely with the characteristics of human activity in London,
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Fig. 8. R® of six land use indicators in four scenarios: (a) bus, bike, and tube; (b) bus and bike; (c) bus and tube; (d) bus.

reflecting our understanding of the comparative performance of the
methods.

Spatial (node)-level analysis Variations in how mobility patterns in-
fluence the functioning of a local area are also a key concern for
policy-makers. To address this, we aggregate the node-level feature
attributions into subgraph-level attributions (using the mean of the
contributions of all features of the nodes in the subgraph).

For better visualisation, we aggregate this combined attribution
across urban administrative zones (wards of the Inner London), as
shown in 10.

Given these two groups of heat maps shown in Fig. 10, we can draw
several conclusions. Firstly, comparing peak with off-peak heat maps,
it is evident that land use — particularly the land use associated with
offices and restaurant services — is sensitive to peak-period ridership
input compared with off-peak ridership. In contrast, during off-peak
hours, the model appears relatively insensitive to land use factors.
This finding aligns with well-established mobility patterns: during com-
muting periods, individuals are more likely to travel for work or use
sustenance services.

In terms of spatial distribution of regional importance, Office and
Sustenance are notably sensitive in central areas, where employment
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density and concentration of commercial activities tend to be highest.
Conversely, these land uses are much less sensitive in peripheral or
suburban zones. In contrast, transport, retail, and leisure demonstrate a
more even, diffuse spatial pattern, indicating that the need for transport
services, shopping areas, and leisure activities are not solely confined
to central locations. Lastly, residence proves most significant for outer
areas, which often serve as commuting origins; its impact diminishes
in the city centre, where the daytime population is primarily com-
posed of workers and visitors rather than residents. These observations
are consistent with typical urban structures, where central areas host
more employment and commercial mobility pattern, and residential
neighbourhoods extend outward.

Notably, there were some anomalous areas. In our case, a few
locations (e.g., Coleman Street in the central district, Weaver in the
east, and Chelsea Riverside in the west) exhibit patterns distinct from
neighbouring zones. These “pockets” may reflect specific local charac-
teristics (e.g. exceptionally high employment density, major transport
hubs, or specialised commercial corridors) that amplify their influence
on peak ridership. Policymakers should be attentive to these areas
when designing interventions, such as congestion management poli-
cies, fare adjustments, or land use regulations aimed at shaping travel
behaviours.
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Fig. 9. Comparison of the heatmap of the distribution of Integrated-gradients importance for Inner and Outer London datasets.

diversity index to quantify the diversity of land uses within each area.

The Shannon diversity (SD) is calculated as follows:

5.7.3. Counterfactual explanation analysis

In the previous section, we focused on the explainability of our

model by analysing the feature attribution of node features. Although
this analysis offered valuable insights into individual node attributes,
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it did not account for the importance of other critical factors such as
node types, edge types, and the overall graph structure. To overcome

! Xjer i.; represents the proportion of land use of type i in

the area. This formula provides a diversity score for each area to reflect

where y;

this limitation, this section introduces counterfactual analysis for a

more comprehensive understanding of our model. We set ‘mixed’ as

the variety of land uses present. After calculating the diversity scores
for all areas, we ranked them in descending order. The areas with the

an expected scenario. Mixed land use refers to an area with bal-

anced facilities and diverse activities, crucial for enhancing urban
vitality, reducing commute distances, and promoting sustainable devel-

highest diversity scores, representing the top 10% of all nodes, were

classified as ‘mixed’ land use types. This approach ensures that we focus

on regions that already demonstrate high land use diversity.

opment [82]. Mathematically, given the predicted land use intensity y, ;

calculated from the proposed land use models, we applied the Shannon
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Fig. 10. Regional contribution (IG) of daily ridership in the inner London using model HGT.

Based on the Counterfactual Explanations with an alternative target changes to make from the input (subgraph) in order to achieve the
class of mixed (CEs), this counterfactual analysis is conducted in two ‘mixed’ land use. The node feature differences between the input nodes
parts. Initially, we perform a local-level analysis to demonstrate the and the CE subgraphs are illustrated in Fig. 12, and the node type,
practical application of CEs. In this analysis, we select a specific input edge type, and graph structure differences are listed in Table 9. For
node and target a ‘mixed’ land use prediction as the desired outcome. input 1, as can be observed from the magnitudes in Fig. 12(a), the
We identify a CE for this node and compare it with the original input to required changes are mostly in the node features, while the differences
underscore the necessary changes for achieving the target prediction. are small for the items in Table 9. Indeed, this intuition is demonstrated

by the dissimilarity measures, which for the four data modalities are
respectively 0.271, 0.056, 0.043, and 0.043. The high node feature
dissimilarity emphasises the importance of changing node features for
input 1. For input 2, however, the dissimilarities are 0.047, 0.0, 0.133,

Secondly, we conduct an aggregated-level analysis to demonstrate how
dissimilarity measures for CEs can illuminate the importance of factors
such as node features, node types, edge types, and graph structure.

Local-level analysis We present CEs for two example input nodes which and 0.069, meaning that the change of edge (road) type is the primary
do not belong to the ‘mixed’ land use area; these are the inputs 1 factor in achieving the ‘mixed’ land use. The magnitudes of node feature
and 2 which are located in Central and East London respectively (Fig. changes are relatively small (Fig. 12(b)), while the edge type changes
11). We compute CEs for the two nodes which reveal the minimum are more significant.

18
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Fig. 11. Two local-level cases: (a) Input 1: a bus stop in the central London area with a high level of ‘transport’ prediction; (b) Input 2: a bus stop in the eastern area with a

high level of ‘leisure’ prediction.
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Fig. 12. Node feature differences. Each line (in different colours) is a vector of node features of a node, the line highlighted in red is for the input node, while the other lines in

blue-like colours are for the nodes in the CE subgraph.

Table 9

Node type, edge type, graph structure differences between example inputs and their CE, both in the form of 1-hop complete subgraph.
Subgraph Node type Avg. Edge Type Structure
Input 1 0 tube, 14 bus, 4 bike 0.52 141
CE1 0 tube, 13 bus, 4 bike 0.70 135
Input 2 0 tube, 11 bus, 0 bike 1.68 72

CE 2 0 tube, 11 bus, 0 bike 1.15 67

Aggregated-level analysis Given a closed ‘mixed’ subgraph for each sam-
ple’s subgraph, we specify four types of differences: node feature, node
type, edge type and graph structure. These differences can be regarded
as relevant importance determining the minimal effort required to
transition to a mixed land use type. All the values have been scaled
into the 0-1 range, as shown in Table 10.
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According to Table 10, In terms of the average values, node feature
and node type are the primary sources of discrepancies, while edge
type and graph structure have lower impact. Specifically, in leisure and
residence tasks, the impact of node features is significantly reduced,
which is aligned with the relatively low accuracy of these two tasks,
as shown in Section 5.6.1. Conversely, these tasks slightly increase
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Table 10
Counterfactual scores of different elements in a graph.
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Indicators Node feature Node type Edge type Structure

office 0.637 + 0.132 0.422 + 0.139 0.030 + 0.030 0.021 + 0.023
sustenance 0.449 + 0.212 0.457 + 0.089 0.049 + 0.045 0.039 + 0.033
transport 0.287 + 0.234 0.370 + 0.121 0.038 + 0.034 0.048 + 0.052
retail 0.262 + 0.302 0.399 + 0.130 0.033 + 0.021 0.042 + 0.038
leisure 0.284 + 0.260 0.269 + 0.143 0.058 + 0.044 0.048 + 0.046
residence 0.216 + 0.202 0.286 + 0.141 0.045 + 0.039 0.048 + 0.052

the influence of edge types and graph structure. Additionally, the
standard deviation indicates that node features contribute minimally
to the difference for some sample regions, especially for indicators like
‘retail’, ‘leisure’ and ‘residence’. These patterns indicate that although
node features are generally crucial, graph structural aspects and node
relationships become more significant in leisure and residence contexts.

6. Conclusions
6.1. Summary

This paper builds an explainable graph-based framework for infer-
ring land use from multi-modal mobility data in complex urban sce-
narios. In this framework, a Heterogeneous Graph Transformer model
is introduced to fuse multi-modal mobility information for land use
inference tasks. Next, a comprehensive explainable AI framework is
built to enhance the models’ reliability for urban planners and provide
insights for modellers.

The overall accuracy indicates that the use of HGT significantly
improves accuracy. The analysis of model validation further confirms
that the model generalises well not only on independent datasets from
2018 and 2019 but also across four different urban regions: Inner Lon-
don, Outer London, San Francisco, and New York City, demonstrating
generalisability in varied urban layout and mobility combination.

For modellers, the conclusions from the explainability analysis
can directly guide the construction of an effective land use inference
model based on multi-modal data fusion. Section 5.6.1 demonstrates
that for a well-performed land inference model (HGT), the majority
of the information (55.6% to 70.5%) is derived from neighbouring
nodes and edges rather than from the node’s information. Further
analysis in Section 5.6.1 reveals that the order of importance of the
contributions from the different node types is: transit data, bicycle
data, and subway data. Multiple comparisons between Inner and Outer
London indicate that heterogeneous and homogeneous graph models
perform more similarly in the densely connected areas of Inner London.
However, in the Outer London region, where connectivity is sparser, the
heterogeneous graph models (RGCN and HGT) are more effective.

Combined with our sensitivity analysis of the training sample size,
we derive a rough value judgement curve: the smaller the training data
size and the greater the connectivity, the more suitable it is to choose
ordinary homogeneous graph models (GAT, GraphSage, and GCN). As
the data volume increases and the connectivity becomes sparser, it
becomes more suitable to choose heterogeneous graph models (RGCN,
HGT).

For scenario users, such as planners or policymakers, relying solely
on the external conclusions of a model that has not undergone rigorous
user testing may not be the most prudent approach, even if the model
achieves high accuracy. We cautiously propose that the current explain-
ability analysis should serve as a usability check to reinforce model
credibility. For example, as shown in the feature attribution analysis,
the symmetrical nature of the ‘residence’ and ‘work’ categories aligns
well with the commuter’s ‘work’; and ‘recreation’ activities in Lon-
don, giving some confidence in the suitability of the proposed model
for the land use setting. Additionally, subgraph-level (spatial) feature
attribution analysis captures broader spatial patterns by aggregating
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node-level contributions across urban zones. This reveals how land
use importance varies between central areas (dominated by commer-
cial and transport activities) and peripheral areas (where residential
influences prevail), uncovering localised anomalies that guide more
targeted policy interventions. These spatial insights further confirm the
applicability of our approach in complex urban scenarios.

Meanwhile, counterfactual explanations highlight the efforts needed
to alter any node’s prediction from a micro perspective, allowing
experts to assess the GNNs’ explainability based on differences be-
tween subgraphs. The analysis of the counterfactual explanations in
Section 5.7.3 reveals that in areas with different functions and historical
backgrounds (e.g., Central London and East London), the different
types of information in the heterogeneous graph data, which represent
various elements in the sub-map, have significantly different forms of
contribution. This is consistent with the planner’s understanding of
these regions, thus validating the usefulness of fusing data from dif-
ferent sources. We posit that these insights will help to build user trust
in GNNs by providing a clear, evidence-based rationale for each pre-
diction, which is crucial for users in urban planning and management
to trust the proposed methods.

6.2. Limitations

This proposed framework also has several key limitations that offer
opportunities for future research. Firstly, the challenge of spatiotem-
poral matching of multivariate data presents significant constraints.
Aligning diverse datasets across both space and time often leads to
inconsistencies, especially when dealing with heterogeneous sources.
This issue can impact the reliability of our findings and underscores the
need for more comprehensive and well-matched data in future studies.

Secondly, the data requirements and model complexity also pose
limitations. The use of heterogeneous graphs in our models introduces
additional complexity, necessitating a larger volume of data to en-
sure accurate fitting. This increase in variables and parameters not
only heightens data demands but also makes data processing more
resource-intensive.

There are also some limitations to data problems. The nodes’ fea-
tures are only represented by outflow rather than inflow and out-
flow, potentially limiting the comprehensiveness of our findings. Future
research will benefit from the growing availability of open graph-
structured urban data, enabling comparative studies to enhance our
understanding of urban dynamics in different countries and societies.
Cross-validation could potentially enhance this model’s performance;
however, due to limited hardware computational capacity, only stan-
dard training methods were utilised in this paper. Further, incorpo-
rating multiple explainable AI techniques will increase the model’s
transparency and strengthen support for urban planning decisions,
offering a more trustworthy analysis of urban land use dynamics.
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Appendix A. Detailed workflow

A detailed workflow is provided including the entire data acquisi-
tion and processing pipeline (as shown in Fig. A.13 in Appendix A). For
each step, readers can find the corresponding implementation Python
program in our open-source GitHub repository. For data acquisition, the
workflow involves obtaining three main types of data: Urban Facilities
POIs, vector maps of roadway networks, and multi-modal mobility
demand. The first two types of data can be directly sourced from OSM’s
open-source GIS database, which is easily accessible using the OSMNX
package official documentation. Tutorials for collecting POI informa-
tion and road networks can be found at this tutorial repository. This
ensures that, for any region covered by OSM, these data components
are always available.

The mobility data, however, needs to be collected by the readers
themselves, with two key constraints: (a) it is crucial to ensure that the
multi-modal mobility data are collected within the same time period,
ideally within the same year; and (b) regarding data quality, the data
must be able to reflect daily patterns (ideally on both weekdays and
weekends), with fine-grained time intervals (e.g., 15-minute intervals
as used in this paper).

During data processing, we tested various normalisation methods
and selected the optimal combination: z-score normalisation for inputs
and 0-1 normalisation for labels. Since this aspect is not the primary
focus of our paper, a more detailed discussion is omitted.

We also made compromises based on specific data conditions in
London. For example, London’s bus service records only boarding
numbers, not alighting, and bike data for weekends is unavailable.
Consequently, we used only weekday boarding flow as input to ensure
fair comparisons between different transportation modes. Additionally,
we found that residential POIs in London do not accurately reflect
actual residential patterns due to privacy protection measures. We
therefore replaced the residential POI data with population density data
from the census. These adjustments may not apply to other cities’ data
and should be tested by readers as appropriate.

For the modelling part, we combine node features (mobility data),
edge features (urban network data), and land use labels into a graph
structure data format using the PyG package. This process is outlined
in the data preparation.py file within our open-source code.
In the second step, we convert this data into a heterogeneous graph
structure compatible with PyG to accommodate the HGT model. Fi-
nally, we construct the HGT model according to the methodology
described and proceed with training, validation, and testing as shown
inmain_hetero.py.
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Appendix B. Supplementary experiments

To better validate this framework, we conducted additional experi-
ments in San Francisco, CA, USA and New York City, NY, USA.

San Francisco dataset The details of dataset in San Francisco are given
below.

» Mobility modes The nodes input incorporate two mobility modes:
vehicle parking and inbound and outbound volume of shared
bikes, collected from 2020 Jan to 2020 April. These two types
of data are first standardised into 15-mins level inbound and
outbound volume at the node (station)-level.

Parking data The original dataset of parking meter transaction
records is provided by the San Francisco Municipal Transportati
on Agency, including transaction ID, meter ID, position, session
start time, and session end time. This dataset consists of the 1957
valid parking meters. Each row represents the hourly inbound and
outbound parking records of a specific zone in a day.

bike sharing data bike sharing users’ trip from origin to destina-
tion parking stations was collected using the API from Bay-wheels
Company, a bike sharing system in San Francisco, including start
time, end time start station ID and end station ID of each trip
record. This dataset involves 353 valid shared bikes stations.
The ridership is pre-processed into hourly inbound and outbound
traffic volume.

Land use target, network and catchment rule are in exactly
the same way as in this manuscript. Specifically, the residence is
measured by the population density. The specific POI distribution
and road network are illustrated in Fig. 3(f) and 3(e), respectively.
For the road network, the road level uses the local road type
combination, including: motorway, trunk, primary, secondary,
tertiary and unclassified.

New York City dataset We have also conducted a supplementary experi-
ment in New York City, NY, USA, where the mobility inputs include two
modes: (1) the metro system, and (2) a bike sharing system. All the data
were collected over the year 2020. Following the same procedure for
data preprocessing, the inbound and outbound flows were aggregated
into an 15-min station-level format. The details of each dataset are
outlined below.

+ Metro system: The original user-level dataset is provided by
the NY State Government Open Data, which includes the follow-
ing fields for each record: Journey id, Timestamp, Origin Station
Complex ID, Origin Station Complex Name, Origin Latitude, Origin
Longitude, Destination Station Complex ID, Destination Station Com-
plex Name, Destination Latitude, Destination Longitude, Estimated
Average Ridership. We focus on 424 valid transit stations in New
York City. As shown by the blue markers in Fig. 3(g), these
stations are mostly located within the five boroughs of New York.
bike sharing system: The open-source dataset is provided by
Citibike, accessible at Citi Bike Open data, containing ride id,
rideable type, started at, ended at, start station name, start station
id, end station name, end station id, start lat, start Ing, end lat, end
Ing. After cleaning and filtering, we identify a total of 4226 valid
bike-sharing stations in New York City, marked in yellow in Fig.
3(g)-

Graph structure and POI data: As in the main manuscript, the
road network (graph edges) and Points of Interest (POIs) for land
use features are obtained from OpenStreetMap (OSM). We follow
the same catchment-area approach to aggregate POIs into six land
use categories. The data structures for edges and node attributes
are consistent with those outlined in previous sections. Fig. 3(i)
illustrates the POI distribution, while Fig. 3(h) shows the road
network.
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Fig. A.13. Detailed workflow of proposed study.
Table C.11
Average RMSE for Graph models with different hidden sizes.
Hidden_size GraphSAGE GCN GAT RGCN HGT
32 0.096 0.099 0.109 0.087 0.073
64 0.085 0.089 0.078 0.076 0.061
128 0.074 0.080 0.073 0.065 0.056
256 0.066 0.074 0.080 0.064 0.095
512 0.066 0.069 0.124 0.075 0.726
Table C.12
Average RMSE for Graph models with different training optimiser (hidden-size 128).
Optimiser GraphSAGE GCN GAT RGCN HGT
Adam 0.074 0.083 0.073 0.065 0.059
Adamw 0.075 0.082 0.073 0.063 0.056
RMSprop 0.077 0.082 0.075 0.065 0.058
SGD 0.146 0.140 0.139 0.151 0.162

Appendix C. Hyper-parameter calibration

We compared the results across different numbers of hidden layer
neurons shown in Table C.11 for the Outer London dataset.

Based on the results, the HGT model achieves the best performance
with the smallest error at a hidden size of 128, where the error is 0.056.
Given this, HGT with a hidden size of 128 is selected as the optimal
configuration for the task. As a result, we selected 128 as the number
of hidden units.

Additionally, we compared the performance across four different
learning optimisers: Adam, AdamW, RMSprop, and SGD, as shown in
Table C.12.

The sensitivity analysis in Table C.12 shows that Adam, AdamW,
and RMSprop yield similar performance for the HGT model, with only
slight error-value differences. However, AdamW offers higher compu-
tational efficiency, making it the preferred choice for this task. Given

22

the usage of optimiser AdamW, we have done several training rounds
and found that a learning rate of 0.002 provided a satisfactory balance
between efficiency and accuracy, which is why it was chosen.

Appendix D. Supplementary results for explanation

See Figs. D.14 and D.15.

Data availability

I have shared the data source as well as the code repository in the
experimental part of the article as well as in the appendix.
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Fig. D.15. Special distribution of residual among six land use indicators.
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