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A B S T R A C T

Urban policy transfer has the potential to enhance urban systems by applying successful strategies from one city 
to another. However, existing models for predicting policy impacts are often context-specific and lack general
isability across different urban settings. This study introduces TransGM, a novel framework that enables the 
transfer of spatial interaction models between cities via adaptive transfer learning. The framework employs: (1) 
spatial Kullback–Leibler divergence to quantify structural differences across urban contexts; (2) production- 
constrained gravity models for flow prediction, accounting for residues in urban features; and (3) feature- 
specific regularisation weights that adapt parameters based on the degree of spatial pattern similarity be
tween source and target cities. TransGM is demonstrated through a case study of workplace attractiveness and its 
impact on commuting flows transferred from Birmingham to Coventry. The adapted transfer model replicates 
Birmingham's urban configuration in Coventry rather than learning Coventry's own priority structure. Transfer 
process is jointly governed by spatial divergence between the two cities and the data sufficiency: where spatial 
patterns align, local data dominate parameter estimation, while in data-sparse contexts, source-city regularisa
tion guides model behaviour. This balance between place-specific urban structure and cross-city mobility and 
amenity transferability positions adaptive transfer learning as an effective tool for evaluating the feasibility of 
replicating one city's development model in another, offering simulation-based evidence to inform urban plan
ning and policy decisions.

1. Introduction

Urban policy transfer refers to the process through which specific 
knowledge from one urban area is adopted in another, aiming to repli
cate its impact while often requiring adjustments to suit different local 
contexts (Dolowitz & Marsh, 2000). Urban mobility and transport 
planning are pivotal fields for policy transfer due to the urgent demand 
for sustainable solutions in rapidly growing cities, such as implementing 
Bus Rapid Transit (BRT) systems to reduce congestion and improve 
environmental outcomes (Thomas et al., 2018). The adaptation of 
Vancouver's sustainable urbanism model in Abu Dhabi was examined by 
Khirfan and Jaffer (2014), who highlighted the importance of context, 
authority, and iterative adaptation. Another example is provided by 
Canitez (2020), who studied the transfer of sustainable mobility policies 
from London to Istanbul, demonstrating how differences in local 
governance structures influenced the results.

While these studies demonstrate the importance of contextual 
adaptation, the policy transfer literature has largely relied on qualitative 
assessment to determine when and how policies should be adjusted. 

Urban modelling offers the potential to place these judgments on a more 
systematic, evidence-based footing (Batty, 2010; Lopane et al., 2023; 
Wilson, 2018). Yet current approaches have limitations that constrain 
this potential, as they calibrate parameters using single-city data, 
treating coefficients as entirely static and assuming universality across 
cities. These models are rooted in fundamental assumptions of under
lying human behaviour, such as ‘utility maximisation’; for instance, 
individuals choose the travel option that offers the highest perceived 
benefit (e.g., shortest time). While the general mathematical form of this 
assumption can hold across different contexts, the specific model co
efficients, which capture the strength of variable effects on behaviour, 
often do not (Hansen, 1981). Influenced by differences in socio- 
economic conditions and land-use configurations, the tendency to 
travel long distances for perceived opportunities can vary significantly 
across cities. Existing modelling processes lack systematic mechanisms 
to measure urban structural differences relevant to mobility modelling 
and to identify which urban features are transferable versus context 
dependent. This limits the potential for leveraging knowledge from data- 
rich cities while maintaining model performance in data-scarce 
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contexts.
This challenge is particularly pressing in many developing urban 

contexts, where the scarcity of flow and mobility data may necessitate 
borrowing models from other cities, rather than building one from 
scratch. However, doing so without accounting for structural differences 
risks poor performance or misleading policy insights. Similar analogies 
have been recognised in the field of machine learning, where models 
developed on a single dataset often struggle to generalise across 
different datasets (Feng et al., 2024; Gong et al., 2025), necessitating 
new data from the target domain. Crucially, such data can complement, 
rather than replace, the existing model by tuning parameters to the new 
domain's features thereby reducing data collection costs. These ap
proaches are known as transfer learning techniques, which capture 
generic features across domains while tuning domain-specific features to 
a new domain through partial retraining of the same model structure 
(Jiang et al., 2022).

This paper proposes a novel methodological framework for an 
adaptive transfer of gravity models for flow prediction (TransGM), 
which employs transfer learning techniques in gravity models to support 
urban policy transfer applications. TransGM compromises three com
ponents: spatial and distributional difference measurement, baseline 
gravity model calibration, and divergence-weighted parameter tuning. 
We developed our methodology in line with multi-domain learning 
theory, which posits that greater similarity between source and target 
domains leads to lower generalisation error when transferring models 
(Ben-David et al., 2010). To operationalise these theoretical insights in 
the context of urban studies, it is necessary to explicitly measure the 
differences in urban systems and analyse their effects on model pa
rameters. Specifically, measuring how differently amenities relate to 
employment patterns across cities allows us to adjust models of mobility 
from one city before applying it to another, determining which param
eters require local recalibration and by how much.

TransGM achieves acceptable prediction performance; however, it is 
primarily conceived as a diagnostic tool. Our approach is a hybrid be
tween the simple form of the gravity model and the transfer learning 
methods borrowed from deep learning, enabling transparency that is 
essential for planning deliberation, particularly in data-scarce contexts 
where it is hard for policymakers to anticipate the impact of new in
terventions. TransGM addresses this limitation by leveraging little data 
from the target city to fine-tune behavioural parameters borrowed from 
structurally similar, well-surveyed cities. This similarity is measured 
using freely available urban data such as Point-of-Interest (POI) data 
from OpenStreetMap to capture differences in land use.

We demonstrate this framework using Birmingham and Coventry, 
two UK cities with measurable differences in economic and spatial form. 
While the empirical scope is focused within a single national context, the 
methodological contributions extend beyond this case. The framework 
provides a generalisable approach for quantifying structural trans
ferability requirements that can be applied to other city pairs, particu
larly when assessing whether development strategies from one urban 
context can be replicated in another.

2. Literature review

2.1. Urban policy transfer: The need for quantitative transferability 
assessment

Urban policy transfer (UPT) involves adapting successful policies 
from one city to another and is typically understood in three forms: 
policy transfer, which refers to the conscious adoption of policies; policy 
diffusion, the spontaneous spread of policies across cities; and policy 
mobility, the fluid circulation of urban ideas and models (Canitez, 2020; 
Glaser et al., 2022; Marsden and Stead, 2011a). In the case of policy 
transfer, policymakers and planners actively consider external models. 
Examples include transferring congestion charging policies from London 
to Istanbul (Canitez, 2020) and adopting Bus Rapid Transit systems from 

Bogotá in other Latin American cities (Dolowitz & Marsh, 2000; Thomas 
et al., 2018; Wood, 2014). These cases often inspired the development of 
conceptual frameworks to analyse the process, focusing primarily on the 
actors involved in the transfer.

However, to ensure effective policy outcomes, UPT research advo
cates for methodological foundations that allow for the generalisation of 
findings beyond idiosyncratic case studies (Marsden and Stead, 2011b). 
This demands rigorous analysis and testing of policy features against the 
specificities of the recipient context. The standard approach often 
compares cities that share similar levels of development; however, 
quantitatively capturing dissimilarity remains more challenging. Inte
grating technological and modelling approaches provides a significant 
methodological advance for measuring such divergence when simu
lating and monitoring policy implementation (Glaser et al., 2022). This 
integration supports empirically driven decision-making by rigorously 
accounting for local context and analysing how new policies may 
interact with existing urban systems once implemented.

2.2. Spatial interaction models and transferability constraints

Spatial Interaction Modelling (SIM) has long been employed to 
simulate policy outcomes under alternative scenarios. SIM tools, most 
notably the gravity model, are widely used to predict flows between 
urban zones and enable rapid analysis of UPT by accounting for factors 
such as population and travel cost (Kwon et al., 2023; Wilson, 1971). In 
the context of UK cities, Batty and Milton (2021) applied such models 
through the QUANT project to test scenarios assessing the impacts of 
transport infrastructure on the distribution of housing and employment. 
Owing to their simple structure and computational efficiency, the 
gravity model remains a popular and practical tool.

Despite these advantages, gravity models exhibit notable limitations. 
A core weakness lies in their limited contextual sensitivity, arising from 
the use of static regression coefficients (Ludwig et al., 2023; Sikder et al., 
2013) and the assumption that interaction intensity decreases uniformly 
with distance. This simplification overlooks the complexity and het
erogeneity of human travel behaviour (Capoani, 2023). Contemporary 
research in economic geography and policy analysis increasingly rejects 
the notion of universal spatial laws governing interaction patterns 
(Bathelt & Glückler, 2003). In response, Kim, Park, and Lee (Kim et al., 
2018) extended the gravity model by incorporating additional variables 
to reflect heterogeneity in urban form. However, the influence of these 
variables remains highly context-dependent and is unlikely to be fully 
captured by a single, universal representation of travel behaviour. As a 
result, such models tend to perform best in the regions for which they 
were originally calibrated (Ludwig et al., 2023).

Addressing these limitations requires modelling approaches that 
recognise cities as dynamic systems and adopt a logic of situated 
knowledge. Although numerous empirical studies have attempted to 
improve model transferability through direct parameter adjustment, 
these efforts have often paid limited attention to urban structural and 
behavioural variability across cities. Neglecting them frequently leads to 
degraded performance and lack of contextual fit when models are 
transferred (Sikder et al., 2013). Seminal work by Ben-Akiva et al. (Ben- 
Akiva, 1979; Ben-Akiva et al., 1995; Ben-Akiva & Bolduc, 1987) intro
duced the concept of spatial transferability in travel demand modelling, 
typically operationalised through coefficient updating via averaging, 
scaling, or pooling data from source and target contexts (Sikder et al., 
2013). While valuable, these approaches generally assume a broadly 
uniform coefficient update and would benefit from integration with 
systematic comparative frameworks that explicitly account for context 
differences.

2.3. Transfer learning and information-theoretic approaches to model 
fine-tuning

Recent advances in transfer learning have supported the 
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transferability of spatial models (Kouw & Loog, 2019), driven in part by 
the growing availability of large-scale geospatial datasets (Klinkhardt 
et al., 2021; Zhong, 2024). Deep learning techniques, in particular, 
enable the encoding of spatial structure directly into model calibration 
and support multi-stage adaptation across geographical contexts 
(Chelba & Acero, 2006; Gong et al., 2025). For instance, Yeghikyan et al. 
(2020) employed neural network architectures to predict traffic flows 
using modular designs that explicitly distinguish between local and 
global spatial features (see also Jiang et al., 2022; Kouw & Loog, 2019). 
Comparable approaches have been applied to the prediction of 
commuting flows between urban areas, demonstrating strong predictive 
performance across diverse spatial systems (Murakami et al., 2025; Song 
et al., 2025).

Despite these advances, deep learning–based spatial models often 
operate as black boxes, providing limited insight into how explanatory 
variables shape model outputs (Luca et al., 2021). This lack of trans
parency constrains their applicability in policy-making contexts, where 
understanding the relationship between land-use patterns and travel 
demand is essential. Explainable artificial intelligence (XAI) techniques, 
such as SHAP, offer partial interpretability by attributing importance to 
individual features (Molnar, 2019; Simini et al., 2021). However, the 
assumptions underlying these methods can remain opaque to 
non-technical stakeholders, limiting their effectiveness as policy 
communication tools.

Information-theoretic approaches can provide a complementary and 
more interpretable alternative for analysing model for urban policy 
applications. By representing variable distributions within their original 
feature space, these methods allow for the quantification of similarity or 
divergence between distributions (Lye et al., 2024). Metrics such as 
Kullback–Leibler divergence (Kullback & Leibler, 1951) and Rao's 
divergence (Rao & Nayak, 1985), along with extensions such as Batty's 
(Batty, 1974) spatial entropy for characterising urban structures, enable 
differences in spatial configurations to be quantified beyond simple 
summary statistics. In the context of policy transfer, these approaches 
provide transparent indicators of statistical coherence between source 
and target domains, facilitating the assessment of information flow 
during transfer processes (Schreiber, 2000).

2.4. Workplace attractiveness and urban context: Birmingham–Coventry 
example

The methodological challenges outlined above become concrete 
when exemplified by a case study of Birmingham and Coventry, which 
are neighbouring cities with markedly different economic structures. 
Workplace attractiveness offers a useful lens for examining these dif
ferences as workplace location attractiveness is a key consideration for 
both workers and investors (Overman & Xu, 2024). The immediate 
neighbourhood and its surrounding amenities are important de
terminants of workplace attractiveness (Tufts, 2003). Mixed-use envi
ronments that support daily activities positively influence office worker 
satisfaction, and employer priorities have increasingly shifted toward 
locations offering access to nearby services such as healthcare, dining, 
gyms, and well-being facilities, reflecting the growing importance of 
attracting and retaining talent (Ewing et al., 2011). By analysing the 
configuration of activities and neighbourhood vibrancy, attractiveness 
can be estimated and linked to employment patterns.

Evidence from the West Midlands Combined Authority (2025) in
dicates that office take-up in city centres such as Birmingham and parts 
of Coventry is strongly influenced by access to essential services and 
lifestyle amenities. High-value clusters, such as Birmingham's Snow Hill 
district (which hosts major professional services, e.g., law and accoun
tancy firms), reinforce the city's role as a financial and service hub by 
creating high-quality employment environments. In contrast, speci
alised locations focused on advanced manufacturing and logistics 
require distinct site conditions, including high-power availability, lo
gistics connectivity, and access to business parks. Data from the Annual 

Population Survey (Office for National Statistics, 2025) supports this 
divergence: Birmingham has a higher share of employment in profes
sional and financial services, reflecting its service-oriented economy, 
whereas Coventry has a much larger share of manufacturing employ
ment, highlighting its continued industrial base. This functional diver
gence underscores the challenges of applying universal models in urban 
policy analysis.

Building on this literature, urban policy transfer requires both an 
understanding of contextual differences and tools to quantify and adapt 
models across cities. Spatial interaction models, including gravity-based 
approaches, provide a basis for simulating policy outcomes, but their 
predictive power is constrained by static parameters and context- 
specific calibration. Advances in transfer learning offer ways to 
address these limitations by systematically comparing urban features 
and identifying transferable patterns. There is therefore a need for a 
framework that not only predicts flows but also evaluates the trans
ferability of policy models across urban contexts. The following section 
introduces TransGM, a framework that operationalises these insights by 
quantifying structural similarities.

3. Methodology

As illustrated in Fig. 1, the framework consists of four modules: (1) 
Feature Engineering: amenity features (e.g., retail, transport) are 
residualised with respect to employment to isolate destination attrac
tiveness beyond job concentration. Overall attractiveness combines 
employment elasticity with residualised amenity effects. (2) Spatial 
Signature: is computed within-city Kullback–Leibler (KL) divergence 
between employment and amenity distributions for both source and 
target cities. The absolute inter-city difference between these signatures 
is converted into an adaptive weight capturing structural similarity. (3) 
Model Formation: a production-constrained gravity model is trained on 
the source city using observed flows. Training uses a multitask objective 
combining Poisson deviance for OD flow accuracy with an inflow- 
alignment loss for destination totals. (4) Adaptive Transfer 
Learning: source parameters are transferred to the target city via 
divergence-weighted regularisation. The adaptive weight modulates the 
regularisation strength, anchoring parameters where spatial structures 
align and allowing adaptation where they diverge. The target model is 
then optimised using target features under this transfer constraint.

3.1. Feature engineering

3.1.1. Attractiveness residualisation
Classic gravity models use job counts as attractiveness factor for 

workplace locations (Wilson, 1971). We aim to capture more context- 
based features that contribute to attractiveness, particularly urban 
amenities (e.g., retail, services, transport). Drawing an analogy with 
Batty and March's (1976) method of residues in urban modelling, we 
construct attractiveness as a function of job counts as the primary driver 
and amenities as the secondary driver (see Section 3.3.2). However, the 
spatial distributions of urban amenities and jobs are often highly 
correlated due to agglomeration effects, and using them directly in the 
model risks multicollinearity and may amplify the influence of variables 
(e.g., job density). We therefore adopt a residue-based approach, which 
captures amenity provision beyond what is expected from employment, 
potentially reflecting strategic or community preferences, and enabling 
city-specific amenity-job spatial configurations. This residue-based 
measure is included as the secondary driver of workplace attractive
ness. For each amenity type k, we estimate the relationship between jobs 
and the amenities across zones j, as shown in Eq. (1) (see Appendix A for 
the feature correlation test): 

Amenityjk = αk⋅Jobsj + εjk (1) 

and then we compute the residualisation of features ξjk using (García 
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et al. (2019) to isolate the effect of jobs signal as in Eq. (2): 

ξjk = Amenityjk − αk⋅Jobsj (2) 

3.1.2. Spatial distribution feature normalisation
We then compute the spatial distribution of employment and resi

dualised features within both the source (s) and target (t) cities sepa
rately, as shown in Eq. (3), residuals are truncated such that 

ξjk
(c)←max

(
0, ξjk

(c)
)

prior to normalisation: 

Pjobs(c)
j =

Jobs(c)j
∑

jJobs(c)j

,Pξk(c)
j =

ξ(c)jk
∑

jξ
(c)
jk

, c ∈ {s, t} (3) 

3.2. Spatial signature extraction

To quantify the structural similarity between cities for adaptive 
transfer learning, we introduce a measure based on within-city land-use 
patterns. The key insight is that cities exhibiting a similar spatial orga
nisation of economic activities, such as the co-location patterns of 
employment and amenities, should enable more robust knowledge 
transfer. While a structural signature refers to mathematical, feature- 
based representations of data, here, we characterise the internal struc
tural signature of a city, ensuring that the transfer process is grounded in 
the functional spatial co-location patterns between employment and 
amenities.

3.2.1. Within-city structural signature using spatial KL
We characterise each city's internal spatial structure by measuring 

how employment and residualised amenities co-locate across destina
tions. To account for the spatial dependency between these variables, we 
compute the Kullback-Leibler divergence between the spatial distribu
tion of jobs and each residualised amenities (ξk), as defined in Eq. (4): 

Δ(c)
k = DKL

(
Pjobs(c) ‖ Pξk(c)

)
=
∑

j
Pjobs(c)

j log

(
Pjobs(c)

j

Pξk(c)
j

)

(4) 

Where Δ(c)
k measures the spatial divergence of residualised amenity k 

from the employment distribution within city c, interpreted as: 

• Low: jobs and residualised amenities are highly co-located within 
the same zones, indicating a deeply integrated mixed-use urban 
environment.

• Moderate: characterised by moderately mixed activities with some 
specialised zoning.

• High: indicates strong zoning and clear spatial segregation of ac
tivities, such as isolated office parks versus disconnected retail malls.

Standard KL is sufficient when comparing feature distributions 
across identical spatial structures and uniform zone sizes. However, to 
enable comparisons across disparate regions or variable administrative 
boundaries, we must account for zone area by incorporating a spatial 
density correction into the divergence calculation by using including the 
spatial entropy (Batty, 1974), as shown in Eq. (5): 

Fig. 1. The TransGM framework for transferring spatial interaction models between cities.
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Δ(c)
k =

∑

j
Pjobs(c)

j ln

⎛

⎜
⎝

⎧
⎪⎨

⎪⎩

Pjobs(c)
j

/
Pξk(c)

j uniform zones
(

Pjobs(c)
j ⋅Ajobs(c)

j

)/(
Pξk(c)

j ⋅Aξk(c)
j

)
variable zones

⎞

⎟
⎠

(5) 

where: 

• Pjobs(c)
j : The probability distribution of employment at destination j in 

city c.
• Pξk(c)

j : The probability distribution of the k-th amenity at destination j 
in city c.

• Aj: The physical area of zone j.

3.2.2. Inter-city similarity metric
Once each city has a structural signature, we measure similarity 

between source and target cities by computing the absolute difference as 
in Eq. (6): 

Δ*
k =

⃒
⃒
⃒D(s)

KL,k − D(t)
KL,k

⃒
⃒
⃒ (6) 

We interpret Δ*
k denotes the inter-city structural difference for 

amenity k: 

• Small: similar land-use organisation, e.g., both are moderately 
mixed-use cities.

• Medium: moderately different structures, e.g., a mixed-use city 
versus a single-use zones.

• Large: fundamentally different urban organisation, e.g., a compact 
mixed-use city versus a sprawling segregated suburban form.

3.3. Model formation

3.3.1. Production-constrained gravity model
We develop a production-constrained gravity model, denoted as 

TransGM, to predict trip flows Tij between origin i and destination j. The 
model is architected to ensure the sum of all predicted outflows from a 
specific origin must exactly match the observed total outflows Oi for that 
location. The model follows the general functional form in Eq. (7): 

T̂ ij = Oi
Wj⋅f

(
dij
)

∑
j́ Wj́ ⋅f

(
dij́
) (7) 

where: 

• T̂ij: Predicted flow from origin i to destination j.
• Oi :Observed total outflow from origin i.
• Wj: Attractiveness of destination j.
• f
(
dij
)
: Distance decay function representing spatial friction.

• The production constraint ensuring conservation of flow.

By construction, this formulation satisfies the production constraint 
∑

j T̂ij = Oi, ensuring conservation of flow from each origin.

3.3.2. Destination attractiveness
Unlike traditional gravity models that rely on simple mass terms (e. 

g., population), our model learns a flexible, data-driven representation 
of destination attractiveness. By decomposing attractiveness into 
observed employment data and amenity residuals, we capture a more 
nuanced pull factor for each destination, as defined in Eq. (8): 

log
(
Wj
)
= γjobslog

(
Jobsj

)
+ tanh

(
∑

k
γklog

(
ξjk
)
)

(8) 

where: 

• Jobs Component: Captures the primary attractiveness derived from 
employment opportunities, where γjobs is the learned jobs elasticity 
parameter.

• Residual Attractiveness: We residualised amenity (ξjk) to capture 
context-specific amenity configurations, see Section 3.1.1.

• γk: Weights for residualised amenities.
• tanh(⋅): Bounds the residual contribution to prevent overwhelming 

the primary jobs signal.

3.3.3. Distance decay functions
We adopt two functional forms to represent the friction of distance: 

Power Law Decay in Eq. (9) and using the Exponential Decay in Eq. (10): 

f
(
dij
)
=
(
dij
)− β (9) 

f
(
dij
)
= exp

(
− βdij

)
(10) 

where β is the decay parameter.

3.3.4. Optimisation and gradient estimation
To ensure numerical stability and efficiency, all components are 

implemented in log-space as shown in Eq. (11), which prevents under
flow in large-scale spatial networks and enables an additive optimisation 
form. We utilise the L-BFGS-B algorithm (Zhu et al., 1997) for parameter 
estimation, with detailed settings provided in Appendix B. Gradients are 
computed via automatic differentiation using the PyTorch autograd 
engine, enabling precise estimation across the non-linear TransGM 
architecture: 

log
(
T̂ij
)
= log(Oi)+ log

(
Wj
)
+ log

(
f
(
dij
) )

− log

(
∑

j́
Wj́ f

(
dij́
)
)

(11) 

3.3.5. Multi-task loss function
To estimate trip counts while mitigating parameter confounding 

between destination attractiveness (Wj
)

and distance decay (β), we 
employ a multi-component objective function as defined in Eq. (12). 
This multi-task approach ensures that the model separately accounts for 
individual flow accuracy and aggregate destination alignment: 

Ltotal = LOD + Ldest + Lreg,1 + Lreg transfer (12) 

where:
OD Pair Loss (LOD): Poisson deviance for flow counts, defined in 

Eq. (13): 

LOD =
∑

i,j

[
T̂ij − Tijlog

(
T̂ij
) ]

(13) 

Destination Total Loss (Ldest): Reduces confounding between 
attractiveness and decay by ensuring the model estimates destination 
inflows correctly, while allowing the decay parameter to anchor to the 
value that describes the spatial distribution, as shown in Eq. (14): 

Ldest = meanj

[
T̂

in
j − Tin

j log
(

T̂
in
j

) ]
(14) 

Standard L2 Regularisation (Lreg,1
)
:An L2 penalty applied to re

sidual amenity parameters to prevent overfitting during initial training.

3.4. Adaptive transfer learning

3.4.1. Adaptive similarity weight (Ωk)
For amenity weights, Ωk varies based on the structural difference 

(Δ*
k) between cities for feature k, and τ the sensitivity of difference in 

penalty calculation that controls how “strict” the similarity requirement 
is, as defined in Eq. (15): 

Ωk =

{
exp
(
− τ⋅Δ*

k
)

adaptive
1 fixed

(15) 
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3.4.2. Adaptive transfer regularisation
A similarity-weighted penalty that anchors the target parameters (γk) 

to the source parameters (γsourcek) based on the calculated structural 
weight Ωk, as defined in Eq. (15). The complete loss function combining 
data fidelity, standard regularisation, and adaptive transfer is summar
ised in Eq. (16): 

Ltotal = LOD + Ldest⏟̅̅̅̅̅̅̅ ⏞⏞̅̅̅̅̅̅̅ ⏟
Data Fidelity

+ λ1|γ|2
⏟̅̅⏞⏞̅̅⏟

Standard Reg.

+ λtrans

∑

k
Ωk
(
γk − γsource,k

)2

⏟̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅⏞⏞̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅⏟
Adaptive Transfer Loss

(16) 

Rather than a direct parameter transfer, we adapt the target amenity 
weights γk based on a spatial divergence metric Ωk. The adapted weight 
γʹ

k is defined such that its influence is inversely related to the divergence 
between the source and target cities, As Δ*→0,Ω→1 (Maximum anchor), 
and as Δ*→∞,Ω→0 (Minimum anchor) to source, as shown in Eq. (17): 

γʹ
k→γk as Ωk→0 (17) 

4. Setup for the experiments

4.1. Study area

We selected Birmingham and Coventry as a methodological test case 
for evaluating transfer learning in spatial interaction models. Both cities 
are major urban centres in the West Midlands region of the United 
Kingdom (Fig. 2), yet they exhibit measurable structural differences that 
create an ideal natural experiment for assessing cross-city model trans
ferability (Flynn & Taylor, 1986; Healey & Clark, 1984). Economic 
structure differs between the cities: Birmingham's economy is more 
service-oriented (70% services, 7% manufacturing), while Coventry 
retains a stronger manufacturing concentration (65% services, 12% 
manufacturing), reflecting its automotive and industrial heritage. 
Spatial form also varies considerably (Business Register and Employ
ment Survey, 2022): Birmingham demonstrates higher employment 
concentration, with a spatial entropy of H = 4.0, indicating a more 
centralised CBD structure, compared to Coventry's H = 3.2, reflecting a 
more dispersed industrial employment pattern. These differences in 
economic composition and spatial organisation create observable vari
ations in job geography and commuting patterns. These are the precise 
conditions needed to test whether models calibrated on one city's 
structure can adapt to another's. Full demographic and spatial charac
teristics of Birmingham and Coventry are provided in Appendix C, while 
Spatial entropy calculations for both cities' features are provided in 
Appendix D.

Importantly, both cities share institutional and policy contexts that 
control for confounding factors. They operate under the same UK 
planning frameworks, national transport policy structures, and statisti
cal reporting standards, allowing us to isolate structural and behavioural 
differences from regulatory or institutional factors. Additionally, both 
cities have recently adopted strategic plans emphasising mixed-use 
development and economic growth in their city centres: Birmingham's 
Central Birmingham Framework 2045 (Birmingham City Council, 2023) 
targets CBD intensification and cultural investment, while Coventry's 
City Centre South Regeneration Framework (Coventry City Council, 
2021) focuses on service sector enhancement and connectivity im
provements. These parallel policy ambitions, despite different economic 
starting points, make the cities particularly relevant for testing whether 
development strategies can be transferred through data-driven 
modelling.

This pairing represents a proof-of-concept study for transfer learning 
in urban spatial interaction models. The cities exhibit sufficient struc
tural differences to test transfer mechanisms while maintaining enough 
similarity to ensure meaningful comparison. However, we acknowledge 
that this constitutes a limited empirical scope: Birmingham and 
Coventry are both UK cities within the same region, sharing cultural 
context, regulatory environments, and data infrastructure. Future work 
must validate these findings across cities with greater morphological 
diversity (e.g., polycentric versus monocentric forms), cultural differ
ences (e.g., European versus Asian urban systems), and regulatory var
iations (e.g., different planning regimes) to establish the generalisability 
of the transfer learning framework beyond the UK context.

4.2. Datasets

We use Lower Layer Super Output Areas (LSOAs) as the spatial unit 
for our modelling and analysis. LSOAs are small geographic units in 
England and Wales developed by the Office for National Statistics for 
publishing small-area statistics, designed to maintain consistent popu
lation sizes of 1000–3000 residents (Office for National Statistics, 2025). 
This standardisation ensures spatial comparability and statistical 
robustness across our study regions. We extract and derive spatial fea
tures related to destination attractiveness for employment centres, 
drawing on the ‘quality of place’ literature (Glaeser, 2008; Tufts, 2003) 
to examine how amenity access influences employment location de
cisions in the West Midlands context. For each LSOA, we calculate the 
following variables: 

Fig. 2. A geographical representation of the Birmingham and Coventry (UK West Midlands).
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1. Employment Estimates: We estimate total jobs by multiplying 
building Gross Floor Area (GFA) in each employment-related build
ing category by the corresponding UK planning employment density 
factors (Homes and Communities Agency, 2013), then aggregating 
across categories to obtain workplace concentration at the LSOA 
level (see Table 1). The complete OSM tag-to-employment mapping 
and density factors are detailed in Appendix E. A summary of OSM 
building attributes across both cities is reported in Appendix F.

2. Residualised Amenity Features: We capture workplace attrac
tiveness using residualised features that reflect influences beyond 
employment distribution alone. Buildings are grouped into six 
amenity types: Cultural Vibrancy, Essential Services, Logistics/In
dustrial, Office, Retail/Food, and Transport Accessibility (see 
Table 2). By residualising amenity GFA against employment, we 
isolate the strategic placement and quality of amenities that affect 
commuting decisions independently of job concentration. The full 
POI classification scheme for amenity influence calculation, and 
feature specifications and preprocessing procedures are documented 
Appendix G and feature correlation analysis results are presented in 
Appendix A.

3. Observed Commuting Flows: Origin–destination commuting flows 
are derived from anonymised, aggregated mobile app data at the 
LSOA level, capturing revealed workplace choice behaviour and 
providing a behavioural basis for model calibration and validation 
(Zhong et al., 2025).

4. Spatial Distance Matrix: We compute the Euclidean distance dij 
between LSOA centroids to represent spatial friction between origins 
and destinations, forming the basis for modelling distance-decay 
effects within the spatial interaction framework. We use Euclidean 
distance as a tractable proxy for travel impedance, simplifying 
complex road networks and actual travel times. For planning appli
cations, it is recommended to test the model using actual accessi
bility measures.

5. Results

5.1. Model performance and transfer learning effectiveness

We evaluated five model configurations: within-city baselines for 
Birmingham and Coventry, direct parameter transfer, fixed transfer 
learning with uniform regularisation (λ = 2.0), and adaptive transfer 
learning with amenity-specific regularisation (τ = 17.0). Fig. 3 and 
Table 3 present overall performance metrics across all models. We 
observe that the adaptive transfer outperforms both direct and fixed 
transfer. The full hyperparameter tuning process and results are docu
mented in Appendix H.

Within-city models had R2 values of 0.575 (Birmingham) and 0.472 
(Coventry), with perfect production satisfaction (Origin R2 = 1.000) and 
high destination attractiveness fit (Dest R2 = 0.973 and 0.920, respec
tively). Direct transfer of Birmingham parameters to Coventry with 25% 
target data fine-tuning resulted in improved performance (R2 = 0.529), 
representing a 12.1% improvement relative to Coventry's native base
line. Fixed transfer learning with uniform regularisation achieved R2 =

0.516, while adaptive transfer learning with amenity-specific 

regularisation achieved the highest cross-city performance (R2 = 0.547, 
+15.9% over baseline Coventry and + 3.4% over naive transfer with 
25% target data). Notably, all models maintained perfect production 
constraints and high Common Part of Commuters (CPC > 0.86), indi
cating consistent spatial distribution predictions despite varying R2 

values. The destination R2 metric achieved a high score across all models 
(0.933 ± 0.008), demonstrating that destination features (jobs and 
residualised amenities) achieve greater transferability than the complete 
origin-destination interaction patterns captured by R2. The power law 
was chosen as the primary decay function due to superior empirical fit. 
Comparative results for exponential versus power-law decay functions 
are presented in Appendix I.

5.2. Amenity-specific transfer weights

We chose the optimal sensitivity parameter (τ) for adaptive transfer 
learning. At the optimal value of τ = 17.0, adaptive transfer learning 
computed amenity-specific regularisation (Ω) based on the structural 
similarity between Birmingham's and Coventry's spatial patterns. 
Table 4 presents the KL divergence (ΔKL), omega weights, effective 
regularisation strengths (λtrans), and interpretation for each amenity. 
λtrans = 2.0 × Ω combines the choice of transfer strength (λ) with data- 
driven evidence of transferability (Ω) to give each amenity the appro
priate regularisation.

As shown in Fig. 4, Office_Amenity displays the largest spatial 
pattern difference (ΔKL = 0.497), indicating fundamentally distinct 
clustering of employment-office concentration in the two cities. Simi
larly, Essential_Service_Amenity achieves high divergence (ΔKL =

0.340) due to contrasting spatial configurations: Birmingham's essential 
services co-locate with Central Business District (CBD) employment, 
whereas Coventry centralises these services despite having more pe
ripheral industrial employment.

The omega weights reveal three distinct transferability scenarios in 
the relationship between employment and amenities. Logisti
cs_Industrial services achieve high similarity (Ω = 0.950), indicating 
common location principles that transfer well between cities. Trans
port_Accessibility showed moderate similarity (Ω = 0.151), suggesting 
partially transferable patterns. Cultural_Vibrancy (Ω = 0.041), Essen
tial_Service_Amenity (Ω=0.003), and Office_Amenity (Ω = 0.000) 
demonstrate minimal similarity, indicating city-specific strategic 
placement patterns.

Table 1 
Work amenities building classification, count, and Gross Floor Area (FAR) by city.

Birmingham Coventry

Work Amenities Influence Count FAR Count FAR

Cultural & Vibrancy Entertainment, and social environment 588 0.16 226 0.19
Logistics & Industrial Industrial environment indicator 5763 5.57 2168 4.15
Office High-end professional 291 0.07 164 0.11
Retail & Food Convenience and lifestyle services 28,236 6.63 1164 3.97
Transport Mobility and connectivity factor 1935 1.02 836 1.17
Essential Services Access to time-saving key services 1395 1.85 496 2.12

Table 2 
Jobs Estimation in Coventry and Birmingham.

Density (jobs/ 
m2)

Buildings 
Count

GFA-Based Jobs

Category BHM COV BHM COV

High Density (Office) 0.10 799 377 24,814 19,001
Institutional Stable 0.08 2417 813 566,838 306,488
Medium Density 

(Retail)
0.07 5265 1561 90,891 29,719

Low Density 
(Industrial)

0.01 2805 1094 124,196 43,487

Total 806,739 398,695
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5.3. Learned and adapted attractiveness parameters

The learned and adapted attractiveness parameters reveal funda
mentally different urban priorities between Birmingham and Coventry. 
Table 5 presents the parameter composition across models, as illustrated 
in Fig. 5. We observe diverse patterns in how parameters change across 
models.

Birmingham's within-city model identified Essential_Service as the 
dominant attractiveness driver (γ = 0.394), while Cultural_Vibrancy 
contributed moderately (γ = 0.157). In contrast, Coventry's within-city 
model showed Cultural_Vibrancy (γ = 0.266) and Trans
port_Accessibility (γ = 0.218) as primary drivers, with Essential_Service 
playing only a minor role (γ = 0.022). When applying transfer learning, 
the models inherited Birmingham's Essential_Service dominance: both 
fixed and adaptive transfer mechanisms maintained Essential_Service 
above 0.41. Notably, the adaptive mechanism also constrained Cultur
al_Vibrancy to a moderate value (γ = 0.184). A similar pattern also 
emerged for the other parameters, where their values remained close to 
Birmingham's initial settings, indicating that the adaptive transfer's 
amenity-specific regularisation restricted substantial deviation due to 
low differences in spatial structure.

5.4. Urban priorities: transfer learning from Birmingham to Coventry city 
centres

To evaluate model quality beyond predictive accuracy, we assess the 
effectiveness of transfer by examining whether the transferred model 
preserves meaningful behavioural responses. Specifically, we measure 
how predicted flows (e.g., city-centre inflows) respond to controlled 
changes in input features related to urban context. Sensitivity is quan
tified as the relative change in predicted inflow resulting from a unit 
perturbation in residual attractiveness, which captures the influence of 
nearby amenities not explained by employment. Formally, sensitivity is 
defined as: 

ϵ =
ΔInflow/BaselineInflow

δ
,

where ΔInflow denotes the change in predicted city-centre inflow rela
tive to the baseline prediction, and δ represents the magnitude of the 
applied perturbation. Residual attractiveness at the city centre is sys
tematically perturbed over the range δ ∈ [0,600], and the resulting 
changes in inflow predictions are recorded. Normalising by baseline 
inflow allows sensitivity values to be compared across cities and models.

Fig. 3. Model performance (flows and inflows) for all models.

Table 3 
Model performance for baseline and transferred models.

Model Type Train City Test City R2 CPC Dest R2

Baseline Models
Within-CV Birmingham Birmingham 0.575 0.951 0.973
Within-CV (25%) Coventry Coventry 0.472 0.86 0.92
Transfer (No Adaptation)
Naive Transfer (25%) Birmingham Coventry 0.529 0.876 0.941
Transfer (Adaptation)
Fixed Transfer (λ = 2.0 25%) Birmingham Coventry 0.516 0.871 0.934
Adaptive Transfer (τ = 17.0 25%) Birmingham Coventry 0.547 0.875 0.937

Table 4 
Spatial divergence of jobs-amenities locations and transfer weight.

Residualised Amenity KLBHM KLCOV ΔKL Ω λtrans* Interpretation

Cultural_Vibrancy 1.447 1.258 0.188 0.041 0.081 Partial transfer
Essential_Service_Amenity 0.780 1.120 0.340 0.003 0.006 No transfer
Logistics_Industrial 0.867 0.863 0.003 0.950 1.900 Full transfer
Office_Amenity 1.154 1.651 0.497 0.000 0.000 No transfer
Retail_Food_Amenity 0.987 1.156 0.169 0.056 0.113 Partial transfer
Transport_Accessibility 0.622 0.732 0.111 0.151 0.303 Partial transfer
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The resulting sensitivity estimates in Fig. 6 and Table 6 reflect how 
strongly city-centre inflows respond to amenity-driven attractiveness. 
Parameters exhibiting notable differences in sensitivity across the two 
cities indicate structural differences in mobility responses and provide 
evidence on where transfer learning succeeds or fails to preserve un
derlying urban interaction mechanisms.

The Birmingham model exhibited low residual sensitivity to Cultural 
amenities (ε = 0.0113) but higher dependence on Essential Services (ε =
0.0285). In contrast, the Coventry model showed the highest sensitivity 
to Cultural residuals (ε = 0.0372) and Transport (ε = 0.0304), while 
demonstrating minimal dependence on Essential Services (ε = 0.0031). 
The transfer learning models demonstrated increased sensitivity to 
Cultural residuals relative to Birmingham (ε ≈ 0.017), shifting toward 
Coventry's baseline but not fully reaching it. For Essential Services, the 

Fixed Transfer substantially overshot both baselines (ε = 0.0417), while 
the Adaptive Transfer reduced this sensitivity (ε = 0.0228) but remained 
well above Coventry's near-zero level. Office amenities showed notable 
variation: the Fixed Transfer retained Birmingham-like sensitivity (ε =
0.0172), whereas the Adaptive Transfer achieved near-zero dependence 
(ε = 0.0004). Both transfer models maintained low Transport sensitivity 
(ε < 0.004), failing to capture Coventry's elevated baseline (ε = 0.0304).

These results indicate that transfer learning largely replicates Bir
mingham's urban configuration into Coventry rather than learning 
Coventry's own priority structure. Both the Fixed and Adaptive Transfer 
retain Birmingham-like sensitivity patterns, particularly the strong 
dependence on Essential Services. Although Cultural sensitivity in
creases after transfer, it remains closer to Birmingham's baseline than to 
Coventry's. This suggests that the transferred models reproduce 

Fig. 4. Residualised job-amenity co-location differences and transfer term across cities.

Table 5 
Parameters weights of amenities residuals across models.

City Distance Jobs Cultural Essential Logistics Office Retail Transport

Birmingham 0.11 0.17 0.157 0.394 0.036 0.162 0.05 0.031
Coventry 0.21 0.43 0.266 0.022 0.016 0.009 0.037 0.218
Fixed Transfer 0.11 0.093 0.18 0.418 0.042 0.173 0.057 0.036
Adaptive Transfer 0.11 0.095 0.184 0.415 0.043 0.168 0.058 0.037

Fig. 5. Parameters weights of amenities residuals across models.

A. Enaya et al.                                                                                                                                                                                                                                  Computers, Environment and Urban Systems 128 (2026) 102455 

9 



Birmingham's city-centre configuration in Coventry.

6. Discussion

Our adaptive transfer learning analysis reveals nuanced dynamics 
between spatial structures and learned commuting behavioural param
eters. When cities share similar spatial co-location patterns for a 
particular amenity, parameters tend to be regularised toward source 

values during transfer, particularly under limited target data. When 
patterns differ, the model gains greater freedom to adapt locally. How
ever, parameter variation is not driven solely by spatial divergence to 
control the adaptation, but also by the extent to which source and target 
flow data exhibit consistent behavioural signals for a given amenity 
within the spatial interaction model.

For example, the importance of nearby office amenities to employ
ment shows the most divergent spatial patterns between Birmingham 
and Coventry, yet parameters barely change because both cities learned 
that office amenities contribute relatively modestly beyond the main 
jobs signal. Conversely, essential services (e.g., healthcare) show sig
nificant differences in spatial structures across cities; however, the 
transfer models retained Birmingham's high weighting, suggesting the 
optimisation landscape favours the source city's configuration when the 
target city has insufficient evidence in the training data to determine 
employment behaviour with respect to this amenity type. These 
parameter dynamics across cities confirm that travel behaviour is highly 
context-dependent and influenced by factors beyond universal factors 

Fig. 6. Model sensitivity analysis results (changes in residual attractiveness and centre inflows).

Table 6 
Sensitivity analysis of residual of amenities and centre inflows.

Sensitivity

Model Cultural Essential Office) Transport

Birmingham Baseline (BHM) 0.012 0.029 0.012 0.002
Coventry Baseline (COV) 0.037 0.003 0.001 0.030
Fixed Transfer (BHM → COV) 0.018 0.042 0.017 0.004
Adaptive Transfer (BHM → COV) 0.017 0.023 0.000 0.004
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such as jobs.
The adaptive mechanism also reveals common patterns: industrial 

and logistics services follow similar spatial logic relating to jobs across 
Birmingham and Coventry, given their economic geography as two 
adjacent agglomerations in the English Midlands. This results in mini
mal reweighting of their related services during the transfer learning 
process. This occurs despite the unique nature of economic activities 
across the two cities: Coventry as a key player in the automotive in
dustry, and Birmingham as a service-oriented economy. This suggests 
the model captures planned co-location of these services near employ
ment locations, but may not detect more subtle local signals in how jobs 
are spatially distributed and the type of supporting amenities in shaping 
job attractiveness.

In contrast, transport accessibility shows moderate spatial differ
ences between cities, with Coventry placing substantially higher 
importance on this factor compared to Birmingham, yet the transfer 
models retained Birmingham's low weighting. This suggests that Cov
entry's distributed employment pattern, with peripheral factories and 
business parks, creates stronger dependencies on transport infrastruc
ture. Local workers in Coventry rely more heavily on transport infra
structure to overcome the city's distributed economy, a pattern that 
Birmingham's transferred model underweights. Similarly, the retention 
of Birmingham's essential services weighting in the adapted models 
despite Coventry's within-city model placing minimal importance on 
them. These observations may present critical insights requiring policy 
deliberation, but they also mask local priorities that have emerged 
organically in how jobs, essential services, and accessibility are spatially 
aligned in Coventry that transfer learning fails to capture.

A similar pattern emerges in the distance decay parameters. Bir
mingham's model exhibits a flatter distance decay, reflecting a highly 
centralised CBD where concentrated jobs pull commuters across greater 
distances. In contrast, Coventry naturally exhibits a steeper decay, 
where the friction of distance is higher due to peripheral industrial es
tates separated from a centralised service hub. When Birmingham's 
model is transferred, it imposes an artificially flat distance penalty on a 
city that naturally relies on shorter, more localised interactions. This 
technical mismatch highlights a spatial incompatibility between the two 
urban systems.

A deeper sensitivity analysis reveals how the Birmingham model 
imposes its urban configuration on Coventry through the optimisation 
process. Testing how city-centre flows respond to changes in model 
parameters demonstrated that Birmingham's structural relationships, 
particularly the strong dependence on essential services, are transferred 
into the Coventry context, even where Coventry's own baseline model 
shows minimal sensitivity to these factors. This finding encourages 
reframing transfer learning as a policy transfer simulation rather than a 
technical generalisability test. Such a perspective shifts policy questions 
from “can we use the Birmingham model in Coventry?” to “what is the 
feasibility cost of copying Birmingham versus optimising Coventry's own 
model?” or “what structural assumptions and trade-offs arise from 
applying the Birmingham model in Coventry?”

This interpretability highlights a key advantage of our framework 
over “black-box” deep learning methods, which are often challenged to 
explain the underlying structural dynamics between cities. By quanti
fying the transfer process through divergence and regularisation weights 
integrated with the simple gravity form, we help operationalise urban 
policy transfer from qualitative judgment into measurable simulation. 
This allows planners to see exactly where a source city's logic is being 
artificially imposed on a target context, providing the transparency that 
is vital for accountable policy-making.

This same interpretability also serves a diagnostic function, even 
though the framework still requires some data that under-resourced 
cities often lack. As we have seen, the model performs well with as lit
tle as a quarter of target flow data, and even this small amount is itself 
informative: the framework can diagnose structural incompatibility by 
testing whether the spatial profile of a data-rich source city is 

fundamentally at odds with that of a data-poor target. By identifying 
these specific areas of incompatibility, the framework can be used to 
guide targeted data collection efforts toward parameters that require 
local context, such as specific amenity attractions, rather than 
exhausting resources on a broad data acquisition strategy that may only 
confirm universal patterns already captured by the source model.

By surfacing where a source city's logic fails to fit the target, the 
framework encourages planners to engage with the target city's own 
patterns rather than imposing an external template. This diagnostic 
nature positions transfer learning mechanisms as instruments to enable 
more bottom-up planning approaches that consider local community 
priorities when studying employment attractiveness. Recognising that 
Coventry's model emphasises transport accessibility over essential ser
vices, contrary to Birmingham's pattern, suggests that improving 
transport connectivity in Coventry may yield superior returns. The dis
tance decay mismatch further suggests that policy interventions should 
address spatial fragmentation directly, such as transport connectivity 
between peripheral employment zones and the central service hub 
rather than attempting to replicate Birmingham's compact CBD model. 
Investing in Coventry's existing strengths would be more effective and 
less risky than assuming successful cities must converge on the same 
development model.

These observations remain preliminary. We recommend deeper 
empirical analysis of employment and amenity clustering, such as 
spatial autocorrelation tests, to determine whether these results reflect 
data noise or meaningful spatial patterns arising from planning de
cisions. Such analysis could inform interventions to adjust travel pat
terns through transport investments that increase accessibility to target 
services from employment locations and incentivise adjustments in ac
tivity distributions. Another potential area of future research is to 
examine interaction features such as the transport network and incor
porate them into the transfer process, to investigate whether transfer 
learning can capture network variabilities and yield more contextualised 
insights into spatial interactions.

7. Conclusion

This research presents TransGM, a methodological framework that 
supports the transfer of urban policy models across cities. By integrating 
information-theoretic divergence measures with adaptive regularisa
tion, the framework provides a systematic tool for measuring structural 
compatibility and predicting transfer costs before committing resources 
to large-scale interventions.

We found that model transfer operates along two independent di
mensions: structural similarity sets the bounds on how freely parameters 
can deviate from the source model, while observed behavioural patterns 
determine whether deviation occurs. Applied to Birmingham–Coventry 
commuting patterns, this analysis uncovered distinct urban configura
tions: Birmingham's model, in which essential services support the 
attractiveness of CBD employment, versus Coventry's model, in which 
cultural vibrancy and transport accessibility anchor distributed indus
trial employment. These typologies emerged organically from the data 
rather than from theoretical imposition, demonstrating the framework's 
capacity to reveal structural differences that may affect policy transfer. 
This is particularly useful for urban planning practice because TransGM 
enables evidence-based assessment of urban policy transfer. Rather than 
assuming successful cities follow universal templates, planners can 
quantify structural alignment with external models and determine 
whether enhancing local strengths or adopting external strategies better 
serves their context, enabling more bottom-up planning approaches that 
respect local community priorities instead of imposing external 
templates.

This analysis is subject to several methodological limitations, 
including the use of OSM building footprints, inconsistent classification 
tags, and spatially variable data coverage, suggesting that employment 
estimates should be interpreted as indicative rather than definitive. 
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Future development should validate generalisability across cities with 
greater morphological and cultural diversity, incorporate deeper in
dustry composition analysis, and pursue methodological refinements 
such as alternative divergence metrics, robustness-aware training, and 
the inclusion of city network structures and residual travel cost analysis 
within the model design. Extending the framework to temporal transfer 
learning and additional policy domains would further demonstrate 
broader applicability, positioning TransGM as a flexible platform for 
evidence-based urban policy transfer.
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Appendix B. Model optimisation settings

B.1. L-BFGS-B (Limited-memory Broyden-Fletcher-Goldfarb-Shanno with Bounds)

Parameter Value Description

History size 10 Number of previous Hessian approximations stored
Max iterations 1000 Maximum Optimisation steps
Convergence tolerance 1e-6 Gradient norm threshold for convergence
Line search Strong Wolfe Ensures robust convergence
Typical convergence 200–500 iterations Actual iterations needed

Parameter Bounds: 

• Distance decay: β ∈ [0.5, 5.0]
• Jobs elasticity: γ_jobs ∈ [0.01, 0.50]
• Utility weights: γ_k

Numerical Stability: 

• All computations performed in log-space
• LogSumExp trick to prevent overflow/underflow
• Automatic differentiation via PyTorch autograd

Regularisation: λ1 ∈ {0.001,0.01,0.1, 1.0} (selected via cross-validation).

Appendix C. Study area characteristics

Birmingham (Source Domain)

Attribute Value

Population 1,141,816
LSOA zones 639
OD pairs (training) 4355
Total commute trips 298,450
Mean trip distance 8.2 km
Urban profile High concentration of office and service employment

Coventry (Target Domain)

Attribute Value

Population 369,127
LSOA zones 174
OD pairs (total) 1278
Training (30%) 383 OD pairs
Testing (70%) 895 OD pairs
Total commute trips 98,250
Mean trip distance 6.8 km
Urban profile Industry focused economy

Appendix D. Spatial entropy for Coventry and Birmingham

D.1. Jobs

• Birmingham: Spatial entropy H = 4.0 (centralised)
• Coventry: Spatial entropy H = 3.2 (distributed)

Complete spatial entropy values for Birmingham and Coventry POI categories:

POI Category Birmingham H Coventry H ΔH

Leisure_Recreation 0.722 0.884 0.162
Community_Cultural 0.850 0.897 0.046
Professional_Office 0.700 0.648 0.052
Essential_Services 0.954 0.935 0.019
Industrial_Commercial 0.904 0.860 0.044
Transport_Accessibility 0.949 0.938 0.012
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Appendix E. OSM-based job estimation

This table provides the exhaustive list of OpenStreetMap tags mapped to each employment category and their associated job density factors: Job 
counts = GFA × density factor, based on the Based on the UK standards.

Job Category Focus Density (Jobs/m2)

High Density Office White-Collar, Finance 0.10
Institutional and Stable Health, Education, Public 0.08
Medium Density Retail Food, Shops, Service 0.07
Low Density Industrial Warehouse, Manufacturing 0.01

Category OSM Key Included Tags / Values

High Density 
Office

office company, corporate, coworking, administrative, lawyer, notary, 
architect, engineer, surveyor, consulting, it, research, 
telecommunication, financial, insurance, accountant, tax_advisor, 
estate_agent, government, diplomatic

amenity townhall, courthouse, embassy, parliament, public_building, bank, 
bureau_de_change, money_transfer, coworking_space

government administrative, archive, city, customs, legislative, military, ministry, tax
building government, civic, public, office, commercial

Institutional 
Stable

amenity doctors, clinic, hospital, dentist, pharmacy, veterinary, nursing_home, 
social_facility, school, college, university, kindergarten, childcare, 
language_school, music_school, driving_school, prep_school, library, 
research_institute, post_office, police, fire_station, ambulance_station, 
place_of_worship, monastery

healthcare doctor, dentist, hospital, clinic, physiotherapist, optometrist, 
psychotherapist, midwife, nurse, alternative, laboratory, rehabilitation

social_facility group_home, nursing_home, assisted_living, daycare, shelter, food_bank
building hospital, school, college, university, kindergarten, church, mosque, 

temple, synagogue, chapel
Medium 

Density Retail
amenity restaurant, cafe, fast_food, food_court, ice_cream, pub, bar, biergarten, 

marketplace, fuel, car_wash, car_rental, vehicle_inspection, storage_rental
shop ALL (Wildcard)
leisure sports_centre, fitness_centre, swimming_pool, amusement_arcade, 

bowling_alley, escape_game, cinema, theatre, nightclub, casino, dance
building retail, supermarket, commercial, kiosk

Low Density 
Industrial

landuse industrial, brownfield, depot, quarry, port
industrial ALL (Wildcard)
man_made works, wastewater_plant, water_works, gasometer, storage_tank, silo
craft builder, electrician, plumber, roofer, carpenter, painter, plasterer, hvac, 

stonemason, welder, sawmill, metal_construction, caterer, distillery, 
brewery, winery, bakery, car_repair, electronics_repair

building warehouse, industrial, factory, hangar
power plant, substation

Appendix F. Amenities gross floor area

GFA Ratio Buildings/LSOA Building Counts

Category Influence BHM COV BHM COV BHM COV

Cultural & Vibrancy Entertainment, and social environment 56,420 37,060 39.8 2.3 26,237 473
Logistics & Industrial Industrial environment indicator 32,471 37,704 1.6 2 1601 852
Office High-end professional 375 619 2.4 4.2 313 188
Retail & Food Convenience and lifestyle services 3429 3366 0.5 0.9 4042 1385
Transport Mobility and connectivity factor 4631 7488 6.1 6.8 1665 812
Essential Services Access to time-saving key services 3869 4868 2.5 4 1065 415

Appendix G. OSM-based amenities influence

This table outlines the categorisation of Points of Interest (POI) used to calculate environmental “influence” factors. Also, influence is calculated 
based on Gross Floor Area (GFA).

Category Calculation OSM Key Included Tags / Values

Office Amenity GFA office company, corporate, coworking, lawyer, architect, consulting, engineer, it, financial, insurance, accountant, 
tax_advisor, estate_agent

amenity townhall, courthouse, embassy, parliament, coworking_space, conference_centre

(continued on next page)
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(continued )

Category Calculation OSM Key Included Tags / Values

government administrative, ministry, tax
building office, government, civic

Retail & Food Amenity GFA amenity restaurant, cafe, fast_food, food_court, ice_cream, pub, bar, biergarten, marketplace, atm, vending_machine
shop ALL (Wildcard)
building retail, supermarket, kiosk

Essential Service 
Amenity

GFA amenity doctors, clinic, hospital, dentist, pharmacy, veterinary, bank, atm, post_office, post_box, childcare, kindergarten, fuel, 
charging_station, car_wash

healthcare doctor, dentist, hospital, clinic, physiotherapist, pharmacy
building hospital, school, university

Cultural Vibrancy GFA amenity cinema, theatre, nightclub, casino, arts_centre, library, archive, community_centre, events_venue, exhibition_centre, 
conference_centre

tourism museum, gallery, zoo, aquarium, theme_park, attraction
leisure community_centre, stadium, sports_centre, park, garden, playground
historic monument, memorial, castle, archaeological_site

Logistics & Industrial GFA landuse industrial, quarry, port
industrial ALL (Wildcard)
man_made works, wastewater_plant, water_works
building warehouse, industrial, factory

Transport Accessibility Count amenity bus_station, ferry_terminal, taxi, parking, bicycle_parking, bicycle_rental, charging_station
public_transport station, platform, stop_position
railway station, halt, tram_stop, subway_entrance
aeroway aerodrome, terminal
highway bus_stop

Feature Engineering: Destination Features (7 features).
Primary: 

• Jobs: Total employment at destination (ONS Business Register)

Residual Utilities (6 features): 

• Office_Amenity: Office floor space (m2)
• Retail_Food_Amenity: Retail + food establishments count
• Transport_Accessibility: Bus stops + rail stations density
• Essential_Service_Amenity: Schools + healthcare facilities count
• Cultural_Vibrancy: Leisure + recreation POI count
• Logistics_Industrial: Industrial floor space (m2)

Preprocessing: 

• Log transformation: log(feature +1) to handle zeros
• No standardization (raw log-features perform better)
• All features aggregated to LSOA zone level

Distance Matrix.
Metric: Euclidean distance between LSOA centroids 

• Birmingham: 639 × 639 matrix
• Coventry: 174 × 174 matrix
• Units: kilometers

Nugget term: δ = 0.1 × mean(distance) added to prevent d = 0 issues

Appendix H. Hyperparameter tuning

H.1. Lambda Sweep (transfer regularisation strength)

Objective: Identify optimal transfer regularisation strength.
Configuration: 

• λ_transfer ∈ {0.5, 1.0, 2.0, 5.0}
• τ = 1.0 (baseline, fixed)
• Models: Fixed transfer, Adaptive transfer

Selected: λ_transfer = 2.0 (balanced regularisation).
Tau Sweep (Adaptive Sensitivity Parameter).
Objective: Optimize utility-specific adaptation sensitivity.
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Configuration: 

• τ ∈ {1.0, 2.0, 5.0, 10.0, 17.0, 26.0}
• λ_transfer = 2.0 (fixed from lambda sweep)
• Training: Birmingham → Coventry

Key finding: Performance peaks at τ = 17.0 then declines → clear optimum.

Appendix I. Exponential gravity model results

Performance: 

• Generally, 1–3% lower R2 than power law
• Less commonly used in spatial interaction models

Conclusion: Power law selected as primary decay function.
Distance Decay Function Comparison.

Decay Function Formula Birmingham CV R2 Birmingham Self-test R2 Coventry Cross-city R2

Power Law (selected) d^(− β) 0.575 0.973 0.211
Exponential exp(− β × d) 0.560 0.945 0.205
Difference – þ0.015 þ0.028 þ0.006

I.1. Key findings

1. Power law consistently outperforms exponential across all metrics (within-city: +2.6%, cross-city: +2.9%)
2. Better transferability: Power law maintains higher performance in cross-city prediction
3. Theoretical justification: Power law decay is standard in UK transport modelling (Batty & Milton, 2021)
4. Interpretation: β_power = 1.85 indicates moderate distance sensitivity, β_exp = 0.023 harder to interpret directly

Selection rationale: Power law chosen as primary decay function due to superior empirical fit and consistency with established transport 
literature.

Data availability

data used for this study is in public domain
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