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Abstract: We introduce a spatially-explicit sensitivity framework to uncover potential biases in urban
delineation approaches. Our starting point is that there is no broadly shared agreement on how to
define or delineate urban areas, neither in terms of methods nor in terms of thresholds or criteria.
Deciding on delineation criteria thus inevitably involves making certain assumptions that may
unwittingly reproduce urban realities experienced by those expressing them, and have spatially
unequally distributed implications. Understanding how specific criterion choices shape our
understanding of ‘the urban’ and how, why, and — especially — where a definition leads to specific
sensitivities is therefore key, especially when the definition is utilised beyond its intended application.
Our framework to uncover these sensitivities is spatially explicit in the sense that it does not rely on
aggregate statistics but instead focuses on the sensitivity of the ‘urban’ classification of individual
spatial units at the finest spatial granularity. Applying the framework to the definition of the Degree
of Urbanisation reveals that sensitivity is indeed not equally distributed across the world. Certain
regions (e.g., areas around Dallas — Fort Worth) and specific types of urbanisation (e.g., desakota
regions in Pacific Asia) exhibit higher sensitivity than others. We discuss how these sensitivities may
embody certain implicit assumptions in the definition, and examine their broader theoretical
implications.

Highlights:

e We developed a framework to quantify variability in urban definitions in a spatially-explicit
manner.

e Results revealed that criteria tweaks in DEGURBA have spatially unequally distributed
implications.

e Certain large delta regions are disproportionally sensitive to changing a contiguity rule in
DEGURBA.

e DEGURBA includes a specific rule to delineate cities in North America, while no targeted rules
exist for other world regions.
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1 INTRODUCTION

In recent years, there has been renewed interest in defining cities and classifying locations into urban
and rural categories. Scholars have constructed urban delineations to answer questions about urban
concentration (Uchida & Nelson, 2009), economic density (Henderson et al., 2021), and population
dynamics (Moreno-Monroy et al.,, 2021). International organisations developed definitions in the
context of development policies (Asian Development Bank, 2019) and to monitor the Sustainable
Development Goals (SDGs; Eurostat, 2016; Melchiorri et al., 2019). However, there is no broadly
shared agreement on how to define a city, neither in terms of methods nor in terms of thresholds to
be used in these definitions (Cohen, 2004). This can have profound implications: different delineation
approaches lead to varying numbers of cities and variable city boundaries, which in turn affects the
guantitative analysis of issues ranging from economic development (Bosker et al., 2021; Wineman et
al., 2020) to urban heat island effects (Yang et al., 2023). Variability in urban definitions also influences
policies that target ‘urban’ areas, as underestimating their presence or size may limit financial aid and
political attention (Wineman et al., 2020).

Urban delineation algorithms typically group different spatial units based on their functional
relationship (e.g., commuting flows) or their similarity in characteristics (e.g., population density). This
often involves applying thresholds, such as enforcing a minimum amount of commuting, number of
inhabitants, or night-time light emission for a location to be considered ‘urban’. There are no agreed-
upon ways of deciding the ‘best’ values for these thresholds as developing conceptual justifications
with universal validity is challenging (Duranton, 2021). For example, Nigeria and Syria employ a
minimum population size of 20,000 to define urban areas, while Canada and New Zealand already
designate a settlement of 2,000 inhabitants as ‘urban’ (United Nations Population Division, 2019).
Besides threshold values, there are also other implementation rules that influence the boundaries of
urban areas: for instance, how to operationalise spatial contiguity (Statham et al., 2021) or how to
cope with the presence of green spaces and water bodies intersecting urban areas (Eurostat, 2021).

In this paper, we use the term criteria to refer to all implementation rules in delineation algorithms
that may be at the root of variability in urban boundaries, including but not limited to threshold values,
contiguity rules, and smoothing procedures. Deciding on these delineation criteria inevitably involves
making explicit and implicit assumptions about the fundamental nature of ‘the urban’. These
assumptions may — unwittingly — reproduce urban realities experienced and observed by those
expressing them, potentially leading to spatially unequally distributed implications. For example,
Statham et al. (2021) found that low-income countries are more sensitive to specific criteria in a
delineation algorithm than high-income countries. This might suggest an implicit bias towards urban
patterns that are abundant in certain high-income countries, and give rise to the question of whether
consistent delineations are equally fit’ to capture different types of urbanisation worldwide (Potts,
2018). It is therefore key to understand how specific criterion choices shape our understanding of ‘the
urban’ and assess how, why, and — especially — where a definition leads to specific sensitivities.
However, conventional sensitivity analyses typically lack insight into this spatial dimension of
sensitivity: which locations are most affected by variation in delineation criteria? There is a need for
new approaches to quantify sensitivities tied to urban delineations in a spatially-explicit manner, not
just at the regional or country level, but at finer spatial granularities.

Against this backdrop, we introduce a spatially-explicit sensitivity framework that quantifies the
sensitivity of a location’s ‘urban’ classification across various criteria settings. The framework is
spatially explicit in the sense that it does not rely on aggregate statistics such as the urban population
or number of cities per country or region but instead focuses on the sensitivity of the classification of



individual units at the finest possible spatial resolution (e.g., grid cells or statistical units). It is not
designed to determine criterion settings in a more ‘robust’ manner, this would also be conceptually
untenable. Rather, the framework aims to detail the spatial heterogeneities in the sensitivity. It
consists of three consecutive steps. The first step involves the identification of criteria that may induce
variability in a specific urban definition. Next, a set of alternative realisations of the definition is
constructed by simultaneously varying the values of these criteria. Finally, the sensitivity of each
spatial unit is quantified based on the dispersion in the classification across the set of alternative
realisations. The framework thus quantifies the sensitivity of a spatial unit across different criteria
choices, in contrast to conventional sensitivity analyses that typically quantify the total sensitivity of a
specific criterion choice within a particular study area.

Toillustrate the potential of our framework, we apply it to the definition of the Degree of Urbanisation
(DEGURBA), proposed by Dijkstra et al. (2021). DEGURBA identifies urban centres (i.e. cities), urban
clusters (i.e. towns), and rural areas by clustering contiguous grid cells that meet a minimum
population density, and collectively contain a minimum number of inhabitants. This definition was
initially developed for settlements in the European Union but later applied to the rest of the world.
Since then, it has been widely used in academic circles (Moreno-Monroy et al., 2021) and policy
reports (Eurostat, 2016). A handful of previous studies conducted sensitivity analyses of DEGURBA. In
these analyses, a number of aggregated metrics are computed, such as the change in urban population
and urban land cover per continent (Dijkstra et al., 2021) and country (Dorward et al., 2023; Statham
et al., 2021). By applying our spatially-explicit sensitivity framework to DEGURBA, we expand on these
existing analyses in three main ways. First, we explicitly focus on the sensitivity of spatial units at the
finest spatial granularity — 1 km? grid cells — instead of relying on aggregate statistics. Second, our
approach goes beyond the ‘obvious’ population density and size thresholds. Instead, we consider all
criteria that may induce variability in the resulting delineations, including technical specifications such
as contiguity rules and an additional built-up density threshold. Although these criteria may seem less
impactful at first glance, they can have spatially unequally distributed implications. In the discussion
of the results, we specifically focus on these ‘other’ criteria. Third, our framework facilitates adopting
a critical perspective on DEGURBA. Because the definition was initially calibrated on European
settlements, it is possible that the definition (unintentionally) incorporates a particular perspective on
urbanisation (Dorward et al., 2023). Our analysis of the impact of criteria tweaks in DEGURBA offers
insight into whether and how the urban delineations are influenced by or reflect implicit assumptions
about the nature of ‘the urban’. This is particularly relevant to understand when the methodology is
utilised beyond its intended application of monitoring the SDGs indicators.

The remainder of this paper is structured as follows: Section 2 gives an overview of the current
literature regarding urban definitions and spatially-explicit sensitivity analyses. Section 3 introduces
the framework and elaborates on its empirical application on DEGURBA. Section 4 presents the results,
focusing on the sensitivity in the Red River Delta (Vietnam), the urbanised area around Dallas, Fort
Worth, and Arlington (Texas, USA), and Vienna (Austria). Section 5 raises the main discussion points,
after which Section 6 concludes the paper.

2 BACKGROUND
2.1 Inconsistency in urban definitions
There is no definite viewpoint or definition of what constitutes ‘the urban’ or ‘a city.” Growing levels

of urbanisation have gone hand in hand with new urban phenomena, implying that cities and their
urban fabric are increasingly complex. Compare, for instance, the polycentric megalopolis around



Mexico City (Cohen, 2004) with the extended desakota zone" around Bangkok (McGee, 2013) and the
suburban development in Los Angeles. All three regions can, and will likely, be considered ‘urban’.
However, the urbanisation in and of these three regions reflects different processes, timings, and
geographical circumstances. Differences that are subsequently manifested in heterogeneity in terms
of function, shape, and size. The ‘urban’ nature of settlements of a certain size is also context-
dependent (Cohen, 2004). In some countries, settlements of a few thousand inhabitants may
encompass typically ‘urban’ characteristics such as central place functions, while in other countries a
similarly-sized settlement could still be perceived as ‘rural’ due to a limited employment rate in the
non-agricultural sector (Wineman et al., 2020).

There are, therefore, fundamental reasons for assuming that different definitions may apply in other
parts of the world. The question then arises whether a globally consistent definition of urbanisation —
that is, relying on globally consistent criteria — is feasible and even desirable (Potts, 2018; Statham et
al., 2021). No single definition can capture the worldwide complexity of local urban conditions. For
example, DEGURBA seems to be an accepted measure of global urbanisation as it is approved by all
member states of the United Nations (Dijkstra et al., 2021). However, there is some controversy
around its criteria. Urban areas are defined based on a minimum density threshold of 300 inhabitants
per km? and a minimum total population of 5,000 (Dijkstra et al., 2021). Angel et al. (2018) argue that
the density threshold is too low, as it classifies many predominantly agrarian regions (including large
parts of Java, Indonesia) as ‘urban’. Similarly, Henderson et al. (2021) state that the density threshold
should be increased to adequately capture urban areas in Sub-Saharan Africa. Potts (2018) argues that
in the past, a minimum of 5,000 inhabitants for urban areas was appropriate to exclude settlements
in Africa that are ‘rural’ in terms of their employment profile. However, these ‘rural’ settlements now
exceed the population threshold of 5,000 due to recent population growth. They are classified as
‘urban’, although they did not experience a shift from agricultural to industrial activities, as is often
presumed in theories on urbanisation (Potts, 2018). More fundamentally, Dorward et al. (2023) raise
concerns regarding the population thresholds in DEGURBA in African contexts, given that the
thresholds were initially designed and calibrated on settlements in the European Union and only later
applied to the rest of the world.

These debates regarding the global suitability of criteria are not specific to population-based
definitions such as DEGURBA, but arise in any urban delineation approach. There are, for example,
similar disagreements about the minimum emission threshold when delineating urban areas based on
night-time lights. Urban categories are generally constructed as contiguous areas with sufficiently
large light emission, but some scholars rely on a single global emission threshold (Ch et al., 2021;
Florida et al., 2008), while others argue that different types of urbanisation across the world require
different threshold values (Henderson et al., 2003).

Nonetheless, even though globally consistent urban definitions entail complexities and face
arbitrariness, it is clear that scientific and policy praxis requires such definitions as part of its analytical
toolkit (Duranton, 2021; United Nations Statistics Division, 2019). They are necessary to monitor, for
example, the SDGs on a global scale (Melchiorri et al., 2019) and enable globally comparable urban
research on pressing issues such as segregation and urban sprawl. It is nevertheless crucial to
recognise the broader policy and theoretical implications that arise from sensitivities to their criterion
settings. An example of a policy implication is that policy programmes often use urban delineations to
produce broader sets of statistics (Eurostat, 2016) and/or determine eligibility for funding. As slightly

" Desakota zones are extensive densely populated regions, often situated along the corridor between major
cities in Pacific Asia, characterised by a mixture of both agricultural and non-agricultural activities (McGee, 2013).



changing a threshold value can determine whether a settlement is classified as ‘urban’ or not, this can
affect its eligibility for financial aid and consequently have a substantial impact on its inhabitants.

An example of a theoretical implication is rooted in the observation that deciding on operational
criteria inevitably involves making certain explicit or implicit assumptions about what constitutes ‘the
urban’. However, urban definitions are — to some degree — social constructs that part-represent
realities that have been experienced, observed, and embodied by those articulating them (Cottineau
et al., 2024). This leads to what in philosophy is called the analytical or conceptual circularity problem
(Humberstone, 1997). This problem arises when a loop exists where a concept's operational and
theoretical definitions co-constitute each other. One aspect of this circularity in urban studies is that
urban globalisation research is mainly dominated and subsequently shaped by specific researchers,
institutions, and cities (Kanai et al., 2018)*. In light of DEGURBA’s roots, it cannot be ruled out that,
say, a Eurocentric bias is inserted — even unwittingly — in the theoretical-operational loop of what is
purportedly a global exercise. Taking these outcomes at face value would thus reinforce our skewed
understanding of the nature of urbanisation itself (Roy, 2009). Another theoretical implication stems
from the consideration that a definition’s circulation across academia and in policymaking may be
affected by its contextual setting. In case of DEGURBA, the definition is utilised in diverse applications,
in part because it is developed by the European Commission and endorsed by the United Nations
(Dijkstra et al., 2021). However, when applying a definition to other use cases, it is important to
consider the underlying assumptions stemming from the definition’s original purpose (Cottineau et
al., 2024). The DEGURBA delineations were, for instance, constructed to facilitate international
comparison of the SDG indicators, which explains why urban areas are predominantly operationalised
based on population data (Dijkstra et al., 2021). However, the assumption that population
concentration is the defining feature of urbanity might be suboptimal in applications beyond this
particular use case. A spatially-explicit sensitivity analysis of choices in delineation algorithms may
help grasp whether, and if so, how urban definitions shape, incorporate, reflect, and reproduce policy
frameworks and implicit theoretical assumptions.

2.2  Spatially-explicit sensitivity analysis

Although spatial sensitivity analyses have been applied in myriad geographical applications (e.g., Chen
et al., 2013; Kocabas & Dragicevic, 2006; Lilburne & Tarantola, 2009), there are only few studies
conducting spatially-explicit analyses in which a sensitivity index is calculated for each individual
spatial unit. Salap-Ayca et al. (2018) performed a spatially-explicit sensitivity analysis of a cellular-
automata-based urban growth model, and employed a meta-modelling technique to approximate the
model’s response to changes in input values. This meta-model was applied at the local level to
estimate the sensitivity for each spatial unit independently. Ligmann-Zielinska & Jankowski (2014) and
Tang et al. (2018) both used a similar approach to quantify spatially-explicit sensitivity of input weights
in multi-criteria analyses (MCAs). More specifically, Ligmann-Zielinska & Jankowski (2014) developed
an integrated spatially-explicit uncertainty and sensitivity analysis (iUSA) to (1) quantify the variability
in the spatial outcome of MCAs and (2) identify which input weights contribute most to this variability.
Their framework consisted of three different steps. First, Monte Carlo simulations are used to sample
values from the probability density functions of the input weights. Each combination of weight values
represents a possible realisation of the MCA. Second, the different realisations are summarised
geographically by calculating the average and the standard deviation of the values for each spatial unit

* Bunnell and Maringanti (2010) discussed an example of this, which they call ‘metrocentricity’: the often-
unwitting assumption that large cities in the Global North represent a norm against which other cities can or
should be benchmarked.



in the study area. Third and finally, a variance-based global sensitivity analysis is conducted to
determine the partial contribution of each input weight to the total output variability (Ligmann-
Zielinska & Jankowski, 2014). This involves determining both first-order and total effect sensitivity
indices by integrating the model equation (Saltelli et al., 2010).

The iUSA framework has proven valuable in several spatial MCAs, including land suitability evaluation
(Ligmann-Zielinska & Jankowski, 2014; Salap-Ayca & Jankowski, 2016), landslide susceptibility
modelling (Feizizadeh et al., 2014), and flood vulnerability evaluation (Feizizadeh & Kienberger, 2017).
However, it cannot readily be applied to quantify spatially-explicit sensitivities in urban delineations
due to inherent differences between spatial MCAs and urban delineation algorithms. Urban
delineation algorithms are typically rule-based and include topological relationships or complex
procedures relying on the value of surrounding units. It is consequently not feasible to perform a
variance-based global sensitivity analysis, as this requires algorithms that allow integral calculus. In
addition, the sources of variability in urban delineations are more diverse than in spatial MCAs. They
often include a large variety of criteria (e.g., density threshold, contiguity rule, smoothing rule, etc.)
with different levels of measurement (e.g., logical, continuous, discrete, etc.). Therefore, a spatially-
explicit sensitivity framework for urban definitions needs to be revised to allow greater flexibility to
accommodate more complex criteria beyond continuous weight values.

3 FRAMEWORK

3.1 Spatially-explicit sensitivity framework

We propose a spatially-explicit sensitivity framework specifically designed to quantify spatial
variability in urban definitions. It is developed to be generally applicable to a wide range of delineation
methodologies, regardless of whether it is a morphological or functional approach or resulting in an
urban-rural dichotomy or multi-level classification (e.g., city, town, rural). The framework examines
variability in the classification of individual spatial units at the finest granularity and consists of three
different steps (see Figure 1):

STEP 1 —The first step of the framework involves identifying the main criteria in a specific delineation
algorithm that may affect the resulting urban boundaries. These criteria can comprise threshold
values, contiguity rules, or any other implementation rule for which it is hard to find a clear-cut
conceptual justification.

STEP 2 — Next, alternative values are determined for each criterion. These alternative values are
systematically combined to create a large set of alternative realisations of the definition. For example,
if there are four different criteria with five alternative values each, 5% or 625 alternative realisations
can be constructed. The number of alternative values and their range should be chosen in the context
of the specificities of the definition, its complexity, and the available computing resources, while
ensuring compliance with theoretical considerations (e.g., a minimum population threshold of 5
inhabitants is, of course, theoretically untenable).

STEP 3 — Afterwards, the sensitivity S of each spatial unit is computed based on a measure of
dispersion. Consistent unit classification across all realisations results in a sensitivity index of zero.
When there is high dispersion in the classification — for example, covering both urban and rural
categories — then the sensitivity index should also reach a larger value. Many urban delineation
algorithms result in an ordinal outcome: a classification in city, town, and rural implies that ‘town’ is
the category between ‘city’ and ‘rural.” A potential measure of dispersion of ordered categorical data



is the inverse of [ proposed by Blair & Lacy (2000), although other measures might be chosen as well.
The sensitivity index S can consequently be computed as:

d2
S=1-1% with I?= |— (D
d max
In Equation 1, d? is a measure of ordinal concentration calculated by Equation 2:
k-1
@2 =) (F—05) @
i=1

with k the number of categories and F; the cumulative frequency of the i category. d?,,,, represents
the maximum concentration for any given number of categories and is calculated by Equation 3 (Blair
& Lacy, 2000) ¢:

d*max = (k—1) % 0.25 3)

The resulting sensitivity index S is a continuous variable ranging from 0 to 1. A value of 0 represents a
minimum dispersion and occurs when a location is consistently classified across all realisations. For
example, New York is likely classified as ‘urban’ and the center of Greenland as ‘rural’ regardless of
the criterion settings. On the contrary, S = 1 indicates extreme polarisation in the realisations. If a
particular location is classified as ‘rural’ in half the realisations and as ‘urban’ in the other half, then §
will reach its peak value of 1. Values between 0 and 1 represent the relative dispersion of a set of
realisations, proportional to the maximum dispersion with a fixed number of ordinal categories. For
example, a value of 0.4 signifies that the set of realisations has 40% of the maximal possible dispersion
d?,,4% given the number of possible categories. However, it is crucial to note that a single sensitivity
value can correspond to various class distributions. For example, a unit’'s classification varying
between ‘city’ and ‘town’ or between ‘town’ and ‘rural’ may yield similar sensitivity values. To
determine how the classification of a unit varies exactly, one should look at the separate realisations.

$ The maximum concentration is achieved when all observations are in one class. The cumulative frequency of
any class (F;) is then either 0 or 1. Both F; = 0 and F; = 1 result in (F; — 0.5)2 = 0.25. The maximum value of
d? for k classes is accordingly (k — 1) * 0.25. For more information, see Blair & Lacy (2000).



The final output of the spatially-explicit sensitivity
framework is a map with S calculated for each spatial
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STEP 2: CONSTRUCT ALTERNATIVE REALISATIONS

Alternative realisations

While we take inspiration from the iUSA proposed by
Ligmann-Zielinska & Jankowski (2014), there are |
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systematic combination of user-determined
alternative values. We choose this approach because
it shares strong methodological parallels with other
sensitivity analyses in the field of urban studies (see,
for example, Cottineau et al., 2017; Dijkstra et al.,
2021; Statham et al., 2021; Taubenbdck et al., 2022).
Second, we measure sensitivity using an indicator of
ordinal dispersion as the outcomes of urban delineations are typically ordered categories. The iUSA
framework uses the standard deviation since MCAs generate continuous outcome values. The third
and most significant difference is the absence of decomposing the total variability into the partial
contribution of each input criterion. The proposed framework aims to uncover potential regional
biases in urban definitions. This requires identifying the spatial units that are most sensitive to criteria
tweaks, but does not demand the exact calculation of how much each criterion contributes to the
outcome variability. The individual contribution of variation in each criterion to the sensitivity of a
region is instead assessed by exploring a set of individual realisations (see Section 4 for concrete
examples).

= Spatially-explicit
sensitivity (S)

Figure 1: Schematic representation of the spatially-
explicit sensitivity framework.

3.2 Empirical application to DEGURBA

To illustrate the potential of the spatially-explicit sensitivity framework, we apply it to the grid cell
classification of DEGURBA (Dijkstra et al., 2021). It is important to emphasise that we do not want to
criticise the specific criterion choices in this definition, but rather demonstrate how our proposed
framework can uncover consequences of inherent assumptions and technical choices. The DEGURBA
methodology classifies the cells of a 1 km? grid into three distinct categories based on the rules

** Sensitivity analyses generally determine how variability in the output of the model can be apportioned to
variation in model inputs (Saltelli et al., 2010). We do not aim to exactly apportion the variability in urban
delineations (cf. output) to specific criteria (cf. model inputs). Instead, we explore the contribution of each
criterion by exploring a set of alternative realisations. This type of analysis where the total variability is
guantified, without exact determination of partial contribution of individual inputs is sometimes referred to as
uncertainty analysis instead of sensitivity analysis (Saltelli et al., 2010). However, we opted for term sensitivity
analysis in this context, as we are examining the contribution of individual criteria, just not by quantifying it, but
by exploring a set of alternative realisations.



summarised below (see Figure 2). For more details about the DEGURBA methodology, readers can
consult the official documentation (Dijkstra et al., 2021; European Commission, 2023; Eurostat, 2021).

e Urban centres are clusters of cells (rook contiguity) with a minimum population density of
1,500 inhabitants per km? of permanent land, and cells with a built-up density above a certain
threshold. In addition, the total population in these clusters should be at least 50,000. Gaps
in the urban centres are filled, and edges are smoothed with a majority rule.

e Urban clusters are clusters of cells (queen contiguity) with a minimum population density of
300 inhabitants per km? of permanent land and a minimum total population of 5,000
inhabitants. Cells that belong to urban centres are removed from urban clusters.

e Rural grid cells neither belong to an urban centre nor an urban cluster.

Three different data sources are required to construct the grid cell classification: (1) a population grid,
(2) a grid with built-up density, and (3) a grid representing the proportion of permanent land
(European Commission, 2023). For the three data sources, we use the data products GHS-POP, GHS-
BUILT-S, and GHS-LAND with the estimates for 2020, respectively’" (European Commission, 2023). In
this sense, we create a reconstruction of the level 1 grid classification, available under the SMOD layer
on website of the Global Human Settlement Layer.

3.2.1 Step 1: Identifying the criteria that may induce variability

We identified five criteria in DEGURBA’s definition that are (to some extent) difficult to justify: (1) the
minimum population density thresholds, (2) the minimum population size thresholds, (3) the built-up
density threshold for urban centres, (4) the contiguity rules and (5) the smoothing procedure for urban
centres. The minimum population density and size thresholds are the most apparent criteria in
DEGURBA. Although these thresholds were determined as a trade-off between national urban
definitions (Dijkstra et al., 2021), they are hard to conceptually justify from a global point of view, as
exemplified by the controversies in the recent literature (see Section 2.1). There is also room for
discussion regarding the urban centres’ built-up density threshold (Balk et al., 2021). The logic behind
this threshold has, for example, been altered in the most recent versions of the DEGURBA
methodology**. Furthermore, urban centres are identified with rook contiguity, while urban clusters
are identified with queen contiguity. The reason for this distinction is not clear (Statham et al., 2021).
Gaps in urban centres are filled, and edges are smoothed using an iterative majority rule (Eurostat,
2021). This smoothing procedure is hard to justify, as other algorithms exist to achieve similar
objectives.

™ We employed the most recent version of this data, published under the release ‘GHSL Data Package 2023’. All
data sets are open-source and freely available at https://ghsl.jrc.ec.europa.eu/. For the land grid, data of 2018
is employed, as this is the only available data on the GHSL data website.

# |n GHSL Data Package 2022, DEGURBA included a fixed minimum built-up density threshold of 50% (Schiavina
et al,, 2022). However, in GHSL Data Package 2023, a dynamically identified ‘optimal’ built-up density threshold
is employed. This ‘optimal’ threshold corresponds to a minimum of 20% built-up density when employing the
data products of epoch 2020 (Van Migerode et al., 2024). The ‘optimal’ built-up density threshold, as defined in
GHSL Data Package 2023, is determined as the global average built-up density in clusters of cells (rooks
contiguity) with at least 1,500 inhabitants per km? of permanent land and a minimum total population of 5,000
inhabitants (for more information, see GHSL Data Package 2023, footnote 30 on page 51; European Commission,
2023).
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Figure 2: Workflow of DEGURBA’s grid classification (based upon the implementation rules in GHSL Data Package 2023;
European Commission, 2023).

3.2.2 Step 2: Constructing a set of alternative realisations

For each criterion identified in Step 1, different alternative values are determined (see Table 1). The

alternative values for the population thresholds are generated by multiplying the standard values with

the following range [l L L L 1,1.25,1.5,1.75, 2]. For the built-up density threshold, three

2’175’ 15" 1.25’
values are considered: (1) the dynamically identified ‘optimal’ threshold®, (2) a fixed threshold of 20%
(‘optimal’ threshold in GHSL Data Package 2023), and (3) a fixed value of 50% (threshold used in GHSL
Data Package 2022). All combinations of rook and queen contiguity are considered for the contiguity
rules, ensuring that the rule for urban centres is at least as strict as the rule for urban clusters. In
addition to the standard edge smoothing algorithm, one alternative smoothing rule is included, which

entails applying an average moving window on the population grid (Henderson et al., 2021).

Systematically combining the alternative values for the criteria yields 9 x 9 x 3 x 3 x 2 = 1458 alternative
realisations of DEGURBA. The alternative realisations are computed on a global scale by using the

5 The ‘optimal’ built-up density threshold, as defined in GHSL Data Package 2023, is determined as the global
average built-up density in clusters of cells (rooks contiguity) with at least 1,500 inhabitants per km? of
permanent land and a minimum total population of 5,000 inhabitants (see GHSL Data Package 2023, footnote
30 on page 51; European Commission, 2023). According to this official definition, the threshold is identified
based on the population density of urban centres (UC_DEN = 1,500 inhabitants/km?), the population size of
urban clusters (UCL_SIZ = 5,000) and the contiguity rule for urban centres (UC_CONT = rook). In the sensitivity
calculations, we employ the same implementation, but dynamically identify the built-up threshold based on the
combination of alternative UC_DEN, UCL_SIZ and UC_CONT values. The ‘optimal’ threshold is thus calculated as
the global average built-up density in clusters of cells (with UC_CONT contiguity) with at least UC_DEN
inhabitants per km? of permanent land and a minimum total population of UCL_SIZ inhabitants.
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flexurba package, an open-source R package that allows reconstructing the classification of DEGURBA
with customised criteria (Van Migerode et al., 2024). The computations are performed on a server
with 32 cores and 256 GB RAM. The code for the analyses in this paper is available under:
https://doi.org/10.48804/VFAGOQ.

Table 1: Alternative values for the criteria in DEGURBA.

Criterion Alternative values
Rl 750 857 1000 | 1200 | 1500 | 1875 | 2250 | 2625 | 3000
DENSITY centre
THRESHOLD
Urban |, 171 200 240 300 375 450 525 600
cluster
Urban
25000 | 28571 | 33333 | 40000 | 50000 | 62500 | 75000 | 87500 | 100000
SIZE centre
THRESHOLD | ()rpam
2500 | 2857 | 33333 | 4000 | 5000 | 6250 | 7500 | 8750 | 10000
cluster —
BUILT-UP dynamically identified ) o ) o
THRESHOLD “optimal” threshold fixed value of 20% fixed value of 50%

rook contiguity for

rook contiguity for both queen contiguity for both

CONTIGUITY urban centres and

urban centres - urban centres

RULES queen contiguity for
and urban clusters and urban clusters
urban clusters
After classification: gaps > 15 km? Before classification: smooth

SMOOTHING . £ap SITEaTion:

are filled, edges are smoothed population grid with an
PROCEDURES . : :

by a 3x3 majority rule 7x7km average moving window

The standard criterion values in DEGURBA are underlined.

3.2.3 Step 3: Quantifying the sensitivity of each spatial unit

The IaSt Step Of the framework inVOlVeS Urban centre Urban cluster Rural cell Sensitivity
calculating the sensitivity for each spatial - I 100.00 0.00 0.00 0.0000
unit, which in DEGURBA’s grid classification
implies the 1 km? grid cells. The sensitivity ~ ° | f000 1900 >0 a3t -
of a grid cell is quantified by the indicator

. i . . . 3 5.00 15.00 80.00 02351 m
of ordinal dispersion (as described in
Section 3.1). Figure 3 illustrates the value i 000 2000 1000 P
of § for several class distributions of
DEGURBA. For example, if a cell is classified ‘m 3333 3333 3333 0.6667 -
as urban centre in 60% of the realisations,
as urban cluster in 30% of the realisations, - m 30.00 20.00 s0.00 07172 W—
and as rural cell in the remaining 10%
(example 4 in Figure 3), then S is calculated "l oo e oo o

as follows.

Rural call

Figure 3: lllustration of sensitivity value for different class distributions.
3-1

d? = Z(Fi —0.5)2 = (0.60 — 0.50)2 + ((0.60 + 0.30) — 0.50)° = 0.17 4)

i=1

d% 0 = (3—1) % 0.25 = 0.5 (5)
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s=1 017 _ 0.4169 (6)
B 05

The value of 0.4169 signifies that the dispersion of the grid cell in the set of alternative realisations is
41.69% of the maximal dispersion possible with three ordinal categories. The maximum dispersion is
achieved when a cell is classified as urban centre in 50% of the classifications, and as rural cell in 50%
of the classification (example 7 in Figure 3). The sensitivity index should thus be interpreted in relative
terms. Example 2 and 3 in Figure 3 illustrate the fact that different class distributions can have the
same sensitivity value. In interpreting the results, it is thus relevant to complement the final sensitivity
map with a set of alternative realisations, and class distribution histograms, as shown in Figure 3.

4  RESULTS
(A)
We applied the spatially-explicit sensitivity
framework to the definition of DEGURBA and
computed the sensitivity of each grid cell on
a global scale based on the 1458 different
realisations. More than 93% of informative
cells”™ have § < 0.1. These relatively low- |, ..,
sensitive cells are mainly located in sparsely "1

[o1-03

populated areas or the core of large cities u- N : -

with high population densities. :
Unsurprisingly, cells with larger sensitivities J v
are generally located at the urban fringe and

in regions with average population densities.
These more highly sensitive cells are,
however, not equally distributed across the
world (see Figure 4). Sensitive cells are
clustered in certain regions and specific types

Sensitivity

1500000+

Gount

of urbanisation patterns. For a more detailed Figure 4: (A) Global distribution of sensitivity and (B) Histogram of
exploration of the sensitivity map, the 1458 sensitivity values of informative cells.

alternative realisations, and the class distribution histograms of all individual grid cells at a world scale:
https://platform-dou.snl.ees.kuleuven.be.

In the following sections, we focus on three specific case studies to illustrate how the observed
sensitivity in a region relates to underlying urbanisation processes. We also reveal what specific
criteria might be at the root of this sensitivity by exploring a set of alternative realisations. In Section
4.1 and 4.2, we discuss two regions with a relatively high sensitivity: the Red River Delta (RRD;
Vietnam) and the urbanised area around Dallas, Fort Worth, and Arlington (DFWA; Texas, USA),
respectively. In Section 4.3, we focus on Vienna (Austria), a city with comparatively less sensitivity.
Figure 5 visualises the sensitivity maps and three alternative realisations of DEGURBA in the three case
studies. There are notable differences in the urban delineations in the RRD and the area around DFWA
when varying criterion settings in DEGURBA, while delineations around Vienna are more robust to
small changes.

*kok

Non-informative cells are cells with no population in a window of two cells around it and cells that are
classified as water in all realisations. This ensures oceans and uninhabited mountainous areas, large forest,
deserts, etc. are not included in our results.
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Figure 5: Sensitivity and three grid classifications in the Red River Delta, the urbanised area of Dallas — Fort Worth — Arlington and
the city of Vienna. Grid classification D-E-F with density thresholds 1,000 and 200, and size thresholds 33,333 and 3,333, G-H-I with
density thresholds 1,500 and 300, and size thresholds 50,000 and 5,000, and J-K-L with density thresholds 2,250 and 450, and size
thresholds 75,000 and 7,500 for urban centres and urban clusters, respectively. For grid classifications D to L, other criteria were
kept constant as follows: rook contiguity for urban centres and queen contiguity for urban clusters, the standard smoothing
procedure of DEGURBA, and a fixed built-up threshold of 20%.
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4.1 Sensitivity in the Red River Delta (Vietnam)

The RRD, consisting of the low-lying fertile plains around Hanoi, is among the regions with the highest
sensitivity across the world: the average and median value of S in this area™ is 0.26 and 0.25,
respectively. More than 22% of the cells have S > 0.3, housing approximately 1 million people or 4%
of the total population in the entire RRD. The classification of the grid cells varies across all categories,
with some cells changing directly between urban centre and rural cell, thus skipping the middle
category of urban cluster. This sensitivity pattern can be understood based on the morphological
character and geohistorical context of this region. After the introduction of Doi Moi policies in Vietnam
in 1986, the RRD transformed from predominantly agriculturally-oriented into densely populated with
mixed-use development (van Horen, 2005). These policies aimed to transform Vietnam into an open,
market-oriented economy and had significant effects on the RRD — especially along the Hanoi-
Haiphong axis — with the emergence of small industries and craft villages, diversification in
employment, and seasonal migration to the major cities (Labbé, 2016). The in situ urbanisation of the
previous agrarian society led to a desakota landscape of heavily populated cores surrounded by
intensively cultivated agricultural land (McGee, 2000, 2013). This landscape, containing both urban
and rural elements (Cohen, 2004), is sensitive to minor variations in population thresholds, as can be
seen in Figure 5D, G and J.

Apart from the population thresholds, the classification of the desakota landscape is also sensitive to
other criteria. For instance, adapting the contiguity rule for urban centres significantly increases the
extent of and population in urban centres (see Figure 6A and B). With rook contiguity, approximately
10 million people live in urban centres, while with queen contiguity, this becomes more than 12.5
million. This sensitivity can again be explained by the morphological patterns in the RRD. The region
has significant local variations in population density with densely populated cores and sparsely
populated agricultural lands. As a result, neighbouring high-density cells might only share a corner and
no full edge and are consequently only considered contiguous when using the queen’s contiguity rule.
Interestingly, this sensitivity to the urban centres’ contiguity rule occurs in the RRD and other large
delta areas, such as the Ganges River Delta (India/Bangladesh) and the Nile Delta (Egypt; see Figure
6C). It appears that the specific morphological pattern that is abundant in river deltas with fertile lands
in combination with recent population growth is disproportionally affected by changing this seemingly
minor criterion in DEGURBA.

™ Boundary of the RRD according to General Statistics Office Vietnam (2021). Quang Ninh Province and Céat B3
Island were excluded because these areas are occasionally considered to be part of the North-eastern region of
Vietnam.
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Figure 6: Grid classification in the RRD with (A) rook contiguity for urban centres and queen contiguity for urban clusters and
(B) queen contiguity for both urban centres and urban clusters. Other criteria were kept constant as follows: density
thresholds 1,500 and 300, and size thresholds 50,000 and 5,000 for urban centres and urban clusters, respectively, the
standard smoothing procedure of DEGURBA, and a fixed built-up threshold of 20%. (C) Global sensitivity to changing the
contiguity rule for urban centres from rook to queen.

4.2 Sensitivity in the urbanised area of DFWA (USA)

There is also significant variation in urban delineations in the urbanised area of DFWA*¥, with an
average and median S of 0.24 and 0.23. More than 16% of the cells have S > 0.3, collectively
containing more than 200,000 inhabitants or 3% of the total population in the DFWA area. The region’s
morphology is mainly dominated by highways and suburbanisation (Liu et al., 2019) and has a strong
decentralised and polycentric character (McMillen, 2001). Apart from the Central Business Districts of
Dallas and Fort Worth, there are numerous other high-density centres, including the technological
business district of Richardson and the Stemmons industrial corridor (Shukla & Waddell, 1991). This
polycentric development results in significant fragmentation of the urban landscape when employing
high population thresholds in DEGURBA. For example, Arlington and Fort Worth are considered part
of a single urban centre in Figure 5E, while they are separated in H and K.

Not only the population thresholds but also the built-up density threshold in DEGURBA s critical in
the DFWA area. Its value determines the degree to which urban centres are fragmented. For example,
the large commercial and industrial area between Irving and Dallas contains many buildings but almost
no residential population. With a relatively low built-up density threshold of 20% (Figure 7A), the site

#* Boundary according to the US Census Bureau (2022).

15



is included when identifying urban centres, thus connecting the cores of Irving and Dallas. However,
an increased built-up density threshold of 50% (Figure 7B) no longer sees this site added to urban
centres and generates smaller and more fragmented urban centres. This effect of the built-up density
threshold occurs not only in the DFWA area but in most cities in the United States (see Figure 7C). In
Tulsa and Jacksonville, the population in urban centres decreases with more than 60% when
employing a built-up density threshold of 50% in comparison to 20%. Nevertheless, the effect of
changing the threshold is almost negligible in other parts of the world. North American cities —
generally containing more low-density development — are thus disproportionally sensitive to this
criterion in DEGURBA.

urban centre

D urban cluster y D urban cluster
. rural cell . rural cell

urban centre

Decrease in
populationin
urban centres

* with built
threshold 50%
[J<i5%

[ 152 -30%
B a0 - a5
| R
B oo

Outtiers with < 1% of the cells in Urban centres are disearclodt

Figure 7: Grid classification in the DFWA area with (A) a fixed built-up density threshold of 20% and (B) a fixed built-up density
threshold of 50% for urban centres. Other criteria were kept constant as follows: density thresholds 1,500 and 300, and size
thresholds 50,000 and 5,000 for urban centres and urban clusters, respectively, the standard smoothing procedure of
DEGURBA, and rook contiguity for urban centres and queen contiguity for urban clusters. (C) Global sensitivity to changing
the built-up density threshold from 20% to 50%.

4.3 Sensitivity in the city of Vienna

The city of Vienna, with a mean and median S of 0.11 and 0, respectively, exhibits less sensitivity to
criteria variation in DEGURBA compared to the RRD and the area of DFWA. Despite the remarkable
median value of S equal to zero, 12% of the cells in the city proper have S > 0.3. These cells are mainly
situated along the green belt at the edge of the city and house only 0.6% of Vienna’s population. This
implies that few inhabitants would be affected by potential variation in the delineation. The sensitivity
of these cells can be attributed to the variation in the smoothing procedure: the cells may not belong
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to an urban centre with standard edge smoothing, while they are included with the alternative
population smoothing procedure.

The relatively low sensitivity of Vienna can be understood through the physical surroundings of the
city — the west side of the city is delimited by green and hilly areas, serving as a natural frontier —, and
its historical urban development. With the fall of the Iron Curtain in 1989, Vienna experienced a
population growth and drastic shift in planning culture. There was a strong focus on inner-city
development and reutilisation of abandoned land, and new office complexes were constructed at the
edge of the city — but within the city proper. The efficiency of the comprehensive inner-city
development policy was eased by the fact that Vienna has its own politically autonomous region
(European Investment Bank, 2018; Hatz, 2008).

Vienna is not the only city exhibiting relatively low sensitivity. Other examples are the agglomeration
of Sdo Paulo (Brazil), Tehran (Iran) and Kinshasa—Brazzaville (DRC — Congo Brazzaville). The periphery
of these urban areas is sensitive to changes, which is logical and perhaps almost inevitable. However,
apart from this, the DEGURBA methodology performs generally well in these regions (see Figure 8).
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Figure 8: Sensitivity map in the agglomeration of (A) SGo Paulo, (B) Tehran and (C) Kinshasa—Brazzaville.

5 DISCUSSION

We proposed a spatially-explicit sensitivity framework to examine potential regional bias in urban
delineation algorithms and employed it to analyse the implications tied to specific criterion choices in
DEGURBA at a fine spatial granularity. The resulting sensitivity map gives an overview of the set of
alternative realisations and serves as exploration tool; it guides us to potentially interesting regions.
By zooming in on these regions and exploring a set of alternative realisations, we can assess the link
between sensitivity and the underlying urban morphological pattern and its drivers. In that way, we
gain a deeper understanding of the implications of (explicit and implicit) assumptions tied to certain
criterion choices. Many of these assumptions in DEGURBA are inherently linked to its intended
purpose to facilitate international comparison of the SDG indicators. Nonetheless, it is crucial to bear
in mind these assumptions when employing the DEGURBA delineations for other applications, for
example when computing accessibility to ‘urban’ services (Weiss et al., 2018).

The results demonstrated that different regions in the world are indeed sensitive to (different types
of) small changes in DEGURBA’s algorithm and that the distribution of highly sensitive cells is not
equally distributed across the world. Certain regions and specific types of urbanisation exhibit higher
sensitivity than others, potentially pointing to geographical skewness in the definition. For instance,
the results showed that changing the contiguity rule for urban centres in DEGURBA disproportionally
affects certain regions, specifically large delta regions including the Ganges River Delta, Nile Delta, and
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Red River Delta. In other parts of the world — including Europe — the effect of changing the contiguity
rule is rather limited. However, this contiguity rule is actually a practical consequence of working with
rectangular grid cells rather than an inherent aspect of urbanisation. The developers of DEGURBA
might not have been aware of the implications of this rather technical criterion, because the definition
was initially developed in the European context —where the choice of contiguity is less impactful. This,
in a way, demonstrates that knowledge production about ‘the urban’ may be partly shaped by specific
urban realities experienced by those producing the knowledge.

The results also revealed that cities in North America are disproportionally influenced by changing the
built-up density threshold for urban centres. According to DEGURBA’s documentation, the built-up
criterion is introduced to reduce fragmentation and avoid generating multiple urban centres for a
single ‘city’. The European Commission (2023, p. 51, footnote 30) specify that the rule is explicitly
established for “a few countries with relatively low-density urban development and a strong
separation of land use functions”. It thus appears that DEGURBA incorporates the specific urbanisation
pattern that is abundant in North American cities, as the definition contains a rule to ‘better’ delineate
these types of urban agglomerations. The fact that DEGURBA does not include such a targeted rule
for urbanisation patterns in other parts of the world — although this would be possible theoretically
speaking®®® — might point to an implicit bias towards North American urbanisation patterns.

The point here is not to criticise the specific definition of DEGURBA. Instead, DEGURBA serves as an
example to illustrate that, because there is no single ‘true’ definition of urbanisation, every urban
definition inevitably requires making specific choices and assumptions about the outlook of ‘the
urban’, which may, unwittingly, reflect specific types of urban patterns more effectively than others.
Given the challenging task of developing globally consistent urban delineations, the DEGURBA method
is, in fact, well-conceived and contributed significantly to the field of urban studies. There are also
strong theoretical arguments to be made for the implementation choices in DEGURBA in light of its
objective of monitoring the SDGs. However, it is important to keep in mind the spatial sensitivities tied
to its delineation criteria, especially when employing DEGURBA beyond its intended application.

Applying the spatially-explicit sensitivity framework to other urban definitions is an interesting avenue
for future research. The framework is designed generically and can thus be applied to reveal implicit
assumptions in other definitions and their potential implications. Furthermore, future studies might
extend the framework by integrating the decomposition of sensitivity into the partial contribution of
each criterion. Currently, we do not quantify the exact individual contribution of each, as is often done
in other sensitivity analyses. Variance-based global sensitivity analyses can be employed to achieve
this (Saltelli et al., 2010), but these generally require integral calculus, which is not feasible for rule-
based urban delineation approaches that include topological relationships or complex smoothing
procedures. However, future work may develop innovative and clever ways to tackle this issue.

6 CONCLUSION

There is no broadly shared agreement on how to define or delineate urban areas. As a consequence,
every urban definition inevitably requires making certain decisions and assumptions that are
challenging to justify from a global point of view. These may lead to spatially heterogeneous
sensitivities that embody regional skewness in the definition. Against this backdrop, we developed a
spatially-explicit sensitivity framework to make the implications of certain criterion choices both

%58 We do not suggest that DEGURBA should be altered in any way. We realise that introducing other rules such
as a maximum employment in the agricultural sector may not be feasible due to data availability issues, neither
desirable as it can lead to interference when monitoring certain SDG indicators (Dijkstra et al., 2021).
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legible and visible, and uncover potential geographical biases in urban delineation approaches.
Applying the framework to the definition of DEGURBA revealed two specific points. First, implications
tied to the contiguity criterion for urban centres are most pronounced in specific delta regions
including the Ganges River Delta, Nile Delta, and Red River Delta. The developers of DEGURBA may
not have been aware of these implications as the definition is initially designed for settlements in the
European Union, where the influence of varying the contiguity rule is rather limited. Second, DEGURBA
includes a specific rule to reduce fragmentation in regions with low-density urban development, a
pattern that is abundant in the North American context. As such, the definition explicitly incorporates
North American urbanisation pattern, while no targeted rules exist for urbanisation patterns that are
common in other world regions. Both findings demonstrate, in a way, that urban definitions inevitably
reflect and are shaped by the urban context and situated knowledge of those articulating them, even
though this is likely not intentional. Essentially, this reiterates the broader conceptual circularity
problem, where the definition of a theoretical concept (the ‘urban’) and its operationalisation
(DEGURBA) are intertwined and might even reenforce one another.

7  DATA AVAILABILITY

The code and data needed to replicate the analysis are published under the following doi:
https://doi.org/10.48804/VFAGOQ. Interactive visualisation of the results is provided on the following
platform: https://platform-dou.snl.ees.kuleuven.be.
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