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Every second an immensely vast amount
of data is collected via several means. This
‘big data” era has been driving significant
changes in research and practice, opening up
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new ethical, methodological and analytical
challenges.

Many of these big data are geographic,
expressing the location of physical objects,
humans and animals, often in real-time. The
widespread presence of urban data sensors,
sometimes directly linked to objects, as
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multidimensional theory-driven
indicators and data-driven
classifications — and outlines their
respective advantages, limitations,
and applications.

While it is recognised that
geographic data products can be

a valuable asset to support urban
planning, challenges remain in
translating research outputs into
practice. To avoid technocratic

and decontextualised applications
of such data, it is suggested

to prioritise reflexivity, situate
knowledge, acknowledge uncertainty,
and embrace openness throughout
the data production and use process.

world have been implementing smart cities
initiatives, the ambition to effectively manage
urban complex dynamics by fully relying on
technological supports have only partially
been fulfilled and do not lack of criticism.
For example, a relatively recent trend in the
digital transformation towards smart cities is
that of digital twins (Deng et al., 2021), which
are defined as computer representations, or
virtual copies, of the processes that determine
how a physical system operates, connected
by real-time data feeds with the physical
system they represent (Batty, 2024). While
digital twins have demonstrated potential

in engineering applications and to describe
physical phenomena, they are still not able
to properly include people behaviours in their
representations as well as the cultural, social
and economic dynamics which are so essential
to understand how cities function (Batty,
2024; Malleson et al., 2024).

More broadly, a criticism to the concept of
smart cities, and related solutions such as
the creation of digital twins, is that they are
fundamentally grounded in a technocratic
view to fixing urban problems (Malleson et
al., 2024). Scholars who see urban planning
theory and practice as the making of liveable,
sustainable and healthy places, where people
are at the very centre of the analysis, will
certainly find it hard to believe that a purely
technical solution can truly achieve the desired
outcome. Urban planning that seeks to
transform cities into better places to live must
account for existing inequalities, risks of sacial
exclusion, and people’s lived experiences in
order to achieve meaningful change.

In this contribution, | would argue that while
existing urban models may not be good enough
to find ready to implement solutions for place-
making, the deluge of geographic data that
we have seen flourishing in the last decades
can certainly play a key role in transforming
our cities by providing evidence urban planners
can build upon.

To date, the collection, storing and analysis of
geographic big data have greatly enriched our
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understanding of human and urban dynamics
(Batty, 2013; Thakuriah et al., 2017), by
generatingnewevidenceonseveral phenomena
such as spatial segregation dynamics, socio-
spatial inequalities, human mobility patterns,
the built environment impacts on health just
to mention a few. Geographic big data have
also been considered a fundamental asset
in urban sustainability research, allowing to
combine human behaviour, built environment
and environmental data in the attempt to
account for the complex and multidimensional
nature of sustainable development at scale
(Kong et al., 2020; Wang and Moriarty, 2018).
Leveraging new evidence to inform urban
planning has been therefore increasingly a
matter of discussion in the field, with scholars
trying to position the role data and evidence
may have to support the development of
planning theories and practice. Krizek et al.,
(2009) highlighted the potential of evidence-
based urban planning to bridge urban research
and practice. At the same time, they called
attention to the actual transferability of
research results into practice, as well as to
the importance of viewing evidence in a
wider sense, therefore including participatory
practice and accounting for the researchers
positionality which may drive biases (Krizek et
al., 2009).

Researchers creating Open Data Products
(ODPs) take a step forward in favouring such
transferability. ODPs can be thought as “the

final data outcome resulting from adding
value to raw, highly complex, unstructured
and difficult-to-access data to address a well-
defined problem, and making the generated
data output openly available” (Arribas-Bel et
al,, 2021). Raw data are therefore analysed
and reorganised to provide synthetic and more
readable versions of the original sources and
are developed to directly respond to certain
research questions.

ODP when created with geographic data can
respond to relevant questions about specific
locations, for example how much walkable or
bikeable an area is (Shashank and Schuurman,
2019, Lovelace et al., 2017), quantifying the
level of access to services (Nicolettiet al., 2023,
Calafiore et al., 2022) or sustainable urban
mobility (Danielis et al. 2018), suggesting the
extent to which the sustainable transport
demand is met by the sustainable transport
supply (Ballantyne et al, 2024), or what
the main features of an area are, either in
terms of their morphology (Alexiou et al.,
2016, Fleishmann et al. 2025) and/or the
land use (Arribas-Bel and Fleischmann, 2022;
Samardzhiev et al., 2022).

Although the creation of geographic data
products is increasingly common in urban
planning research, how they can become an
integrated part of urban planning practice is
still an open question. This paper aims at first,
describing the advantages and limitations
of geographic data products by critically



discussing two epistemologically distinct
perspectives in their making - theory-driven
and data-driven; second, highlighting current
challenges on how these research data can be

adopted in planning practice.

2. Creating human readable data
Creating multidimensional indicators and
classifications can be described as a series
of analytical tasks that transform raw data
into data products, where raw data are not
interpretable by humans while data products
are. Therefore, they have the potential to be
avaluable resource to inform decision-making.
In this contribution two widely used and
distinct approaches to build data products at
small area level are discussed.

2.15Small area composite indicators

Composite indicators emerge from the need
to describe a complex multidimensional
phenomenon with a synthetic measure, rather
than forcing a decision-maker to look at
multiple indicators individually (Mazziotta and
Pareto, 2017). As the volume of available data
grows, so does the opportunity to combine
information from multiple sources, making
the development of analytical toals — such as
composite indicators or indices — increasingly
common.

Several international organisations make use
of composite indicators and contributed to
standardise and support its development with

handbooaks, i.e. the Organisation for Economic
Co-operation and Development handbook to
construct composite indicators (Nardo et al.,
2008), or through working groups, i.e. the
United Nation Statistics Division Working
Group on Composite Indices'.

While many existing composite indicators are
related to entire countries, urban planning is
concerned with how cities and places function,
therefore the granularity of the data’s
spatial dimension becomes key to inform it.
Consequently, this contribution focuses on
those which provide synthetic information of
small geographical areas, although many of
the discussion points are generalisable to all
composite indicators.

At their core, these indicators are a statistical
aggregation of data that capture the various
dimensionsofaphenomenoninasyntheticway.
A fundamental step in constructing composite
indicators is the development of a theoretical
framework to define the multidimensional
phenomenon of interest. It is the central
importance of this step that distinguishes
composite indicators from multidimensional
classifications. The methodological choices
that follow are, along with statistical validity,
intended to best represent the underlying
theoretical framework.

When defining a theoretical framework, the
data creator must make three key decisions:
identifying the domain and its sub-domains,
specifying their properties, and determining
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mapped to

Theory  ———— > Data input

the relative importance of those properties.
The domain represents the highest level of
analysis, capturing the core characteristics
of the phenomenon of interest, while sub-
domains allow this phenomenon to be
broken down into meaningful components.
Properties describe the essential features
needed to characterise the phenomenon.
Their importance may be equal or vary across
domains and sub-domains, and this variation
is typically expressed through the use of
weights or hierarchical structures.

It is
indicators are ultimately made of numbers,

important to note that composite

therefore limited by the measurability of a
property or by the lack of data. Ideally, the
initial definition of the theoretical framework
should go beyond these limitations (Nardo et
al., 2008) in order to make explicit what is not
captured. However, a clear mapping between
the identified properties and the data is
also fundamental for the interpretability of
composite indicators (see Figure 1).

Theoretical frameworks are grounded in
existing theories, ideally backed by evidence,
that characterise the domain of interest.
In many cases, the resulting theoretical
framework is far from being universally
scholars often debating

the very definition of a phenomenon and

recognised with

evaluating the addition or deletion of certain
properties as well as the varying or their
relative importance. An example of composite

processing —— Data output

indicator in the context of urban planning that
has been highly debated in the last decades
is the walkability index. Extensive literature
review shows how the concept of walkability
and the way it has been measured is still
part of a broad discussion around what it
means for a place to be walkable (Shields et
al., 2023). However, the most established and
common theoretical frameworks to develop
walkability indices are influenced by the 3 Ds
(Diversity, Density and Design) theory, then
extended to the 5 Ds (Destination accessibility
and Distance to transit) theory (Venerandi et
al., 2024). Brought about by new urbanists,
the 3Ds theory suggests that a compact built
environment with a mixed land use and a good
design can reduce motorised travel, which has
also been confirmed by evidence leveraging
data (Cervero and Kockelman, 1997). This
principle has been translated into walkability
indices by using variables that convey the 3 Ds
as in Frank et al. (2005) combining residential
density, land use mix and street connectivity.
Building on Frank et al. (2005), variables
mirroring  Destination  accessibility — and
Distance to transit have been included by some
other walkability indices as in Neckerman et al.
(2009) where distance to subways and retail
areas are accounted for.

Theoretical frameworks can also be informed
by views emerging from the engagement of
the public. This approach is more common
in applied research or practice, where a non-
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academic perspective plays an important
role for the validity and acceptability of the
theoretical framework, especially when the
composite indicator is directly meant to
support policy making. The importance of
engaging the public lies primarily in the need
to incorporate bottom-up information that
more accurately reflects people's views and
lived experiences. This is evident in walkability
indices that integrate perceived walkability
through surveys (Zhang and Mu, 2020), rely
on interviews or fieldwork (Knapskog et al.,
2019), or in accessibility indices that consider
the preferences of specific population groups—
for example, older adults (Dunning et al.,
2023). Along with bottom-up knowledge,
expert knowledge coming from non-academic
stakeholders can also contribute to developing
a theoretical framework more targeted on
making impact on and influence decision-
making (Ballantyne and Singleton, 2024).

2.2 Small area classifications

While small area classifications for urban
planning are not built by ignoring urban
theories and dynamics, compared to combined
indicators they are mostly aimed at knowledge
data than
capturing existing knowledge ‘through™ the

discovery “from™ the rather
data. Creating small area classification relies
on machine learning methods that identify
clustering patterns across multidimensional
data.

The growing intersection between

Data Science and Geographic Information
Science — driven by the opportunities offered
by geographic big data — has been widely
discussed over the past decade, with many
calling for deeper integration between the
two fields (Singleton and Arribas-Bel, 2021).
Small-area classifications provide a compelling
example of this ongoing cross-pallination.
Clustering algarithms developed in data
science as unsupervised machine learning
approaches are now used in many geographic
applications. Broadly, a clustering task aims
at dividing data points into groups such that
the similarity among those in the same group
and the dissimilarity between data points
in different groups are maximised. When
applied to spatial data this task generates
new geographies of the urban environment,
where space is divided based on patterns
emerging from data. Such exercise has been
widely implemented to discover population
geographies also known as geodemographics
by characterising people living in the same
area; to synthetically describe the physical
urban environment by characterising the built
environment morphology in the same area; or
to classify places more broadly by accounting
forboth physical and population characteristics
in the same area.

While combined indicators are designed to
represent a well framed urban phenomenon,
small area classifications tend to be more general
purpose and then applied in different ways.
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Domain

Data input

The development of geodemographics have
found several applications to support urban
planning. Broadly speaking, geodemographic
classifications offer a condensed,
multidimensional  description  of  the
population living in an area and can be used
to better understand existing inequalities
among segments of the population rather
than focusing on individual variables. For
example, they can undercover inequalities
on who is getting access to green spaces
(Barbosa et al., 2007), to the urban amenities
people need (Dunning et al., 2023), or even to
assess how successful the spatial targeting
of urban policy initiatives has been for the
benefit of certain segments of the population
(Batey and Brown, 2007).

Along with mapping population groups, small
area classifications can provide an informative
layer describing the forms and functions of
the built environment. Land cover and land
use maps have been part of the urban planner
toolkit for decades; with the increasing
amount of spatial data at a more and more
granular resolution, a new generation of
small area classifications of the urban fabric
is emerging. These kinds of classifications
use a wider variety of data input that enable
more flexibility while providing descriptions

processing

— Data output

of the built environment, by developing novel
spatial units to better capture variations in
urban forms and functions (Arribas-Bel and
Fleischmann, 2022), by focus on specific types
of infrastructure such as green infrastructures
(Morpurgo et al.,, 2023), or analyse them in
combination with geodemographics (Alexiou
et al., 2016).

As mentioned in the beginning of this
section, small area classifications are mostly
aimed at knowledge discovery driven by data
patterns learned by algorithms; however,
there is a theoretical component behind the
development of these classifications in the
data selection stage. Selecting which data to
include or to exclude requires an understanding
of the phenomenon that you want to discover
through data. On the one hand, since machine
learning applications do benefit from the
guantity, along with the guality, of data, the
data selection tends to be less restrictive
than in composite indicators, and it is mostly
focused at capturing the general domain of
interest to then discover knowledge rather
than to align the data to existing theory and
knowledge as for composite indicators. On the
other hand, this theoretical component opens
up the opportunity to also engage the public
in the data selection process; an interesting
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example is the ageing in place classification
developed by (Yang et al., 2023) for which
consultations with stakeholders were made
in the data selection phase to obtain feedback
on the relevance of the included variables. In
Fleischmann et al. (2025), although there is no
direct mapping of the theoretical framework
to the data input, the role of theory goes
beyond data selection, to inform methods that
defines urban forms.

3. Comparing small-area indicators and
classifications

Cities are complex systems arising from
the mutual interaction between humans
and the built environment. While data offer
new opportunities to better understand and
eventually govern urban dynamics to make
cities more liveable and sustainable, cross-
fertilisation between data science expertise
and urbanism is needed to unlock the urban
data potential in supporting decision-making.
In this contribution, | have presented two
types of geographic data products that offer
strong potential for making emerging evidence
more intelligible to users while also aligning
more closely with urban planning theory and
practice.

Both composite indicators and classifications
aremultidimensional, capturinga phenomenon
from different perspectives with only one
measure. This is an advantage from at least
two viewpaints. First, studies have shown that

composite metrics tend to be more robust after
validation than single indicators (Shashank
and Schuurman, 2019); second, they provide
a more comprehensive description of a place
that is more easily legible than variables taken
individually. Concerning this latter aspect, it
is important to note a difference between
composite indicators and classifications:
the former can be seen as evaluative, it
aims at answering questions related to the
“how much™ of a specific phenomenon, i.e.
how much sustainable, liveable, walkable,
vulnerable an area is; the latter have a more
descriptive purpose and require additional
explanations that render them more legible
to users such as “pen portraits’ comprising
text and illustrative material summarising the
prevailing characteristics of groups and types
(Longley and Singleton, 2009).

As shown in Figures 1 and 2 multidimensional
indicators and classifications follow distinct
development workflows. The development
of composite indicators corresponds to a
theory-driven approach, relying largely on the
creator’s domain expertise to define how areas
are characterised and, importantly, ranked or
evaluated. In contrast, the development of
classifications — while still informed by theory
— focuses more heavily on drawing from a
broader range of data to uncover meaningful
patterns through data-mining techniques that
reveal hidden structures.
theoretical

From a perspective  the
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multidimensional
classification

descriptive

type

function

multidimensional
indicator

evaluative

synthetic description vs synthetic assessment

data mining development domain knowledge
data variety vs domain expertise
implicit interpretation explicit
theory is latent in the data output vs theory is
explicitely defined
discovered knowledge prompted

novel characteristics vs measured results

interpretation of composite indicators

and multidimensional classifications
come at different moments: composite
indicators should be grounded in explicit
theoretical frameworks that can be easily
situated and critically assessed by the
users even before looking at the resulting
maps; multidimensional classifications
cannot be scrutinised a-priori, making the
interpretation slightly more complex, as
it comes afterwards while assessing the

results. Such difference has a methodological

counterpart which results in distinct kinds
of outcome. Composite indicators require
methods that aim at combining data as much
representative as possible of the theoretical
framework, obtaining information about an
area that is prompted by such framework;
multidimensional classifications result from
methods that are thought to be the best
fit for mining the available data, generally
unsupervised, and obtaining new, data-driven,
description of an area.

While indicators  or

neither composite
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multidimensional classifications are
intrinsically better than the others, it is crucial
to appreciate their differences and make
a context dependent use of them. Cases
where a scholar or practitioner has a question
on a very specific urban phenomenon and
can easily access domain expertise on such
phenomenon should make use of composite
indicators; on the contrary, if the concern
is on exploring the characteristics of places
more broadly, multidimensional classifications
would be much mare useful and allow to make
knowledge emerge from data.

4. From research to practice: challenges and
opportunities

Composite indicators and multidimensional
classifications at small area level are widely
employed in research; however, they are not
often applied to real-word urban planning
practice. While data-driven solutions in the
context of smart cities often materialise as
part of a technocratic and top down view of
city governance, the advantage of legible and
easy to visualise geographic data products
is that they can become a valuable tool for
practitioners and policy makers to not only
develop evidence based urban plans, but
also to communicate and interact with the
local community about such plans in a more
informative and accountable way. As van Dijk
et al. (2020) put it the ambition for evidence-
based urban planning is that of creating

the basis for “an informed and empowered
community to engage democratically in
the local administration of our cities and
neighbourhoods”.

However, to maximise the opportunities of
transferring research outputs into real world
urban planning, it is argued that there are still
somechallengesthat mustbe addressed onthe
way such outputs are developed and packaged.
Notably, it is suggested to prioritise reflexivity,
situate knowledge, acknowledge uncertainty,
and embrace openness throughout the data
production and use process.

4.7 Reflexivity

Data are never neutral and can be thought
as “socially constructed artefacts that reflect
the contexts and processes of their creation”
(Iliadis and Russo, 2016). Composite indicators
result from the way a phenomenon of interest
is defined by the data product creator and
their (Shashank
and Schuurman, 2019); likewise, interpreting

underlying assumptions
results to provide legible descriptions from
classifications cannot be seen as objective but
influences by the data creator positionality.
Both these aspects need to be taken into
consideration while interacting with any
type of data products. It therefore becomes
fundamental to accompany geographic data
products with digestible pieces of information
making theoretical choices, assumptions and
possible source of biases explicit.
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4.2 Situating knowledge
Urban
their descriptions

contexts vary substantially, and
in-depth

understanding of their history, culture and

require an

socio-economic  structure. The increasing
availability of data globally renders the
development of indicators and classifications
for cities across the world now possible. While
this is certainly an advantage to generate
far-reaching geographic data products and
enable comparisons between countries, it risks
excluding locally relevant perspectives in their
making. Because power dynamics shape both
people and data, a Western-centric perspective
on urban planning can easily permeate the
development of geographic data products,
excluding relevant views in the making.
Moreover, research shows that biases rooted
in structural inequalities are often reproduced
in the data itself, leading to the over-
representation of certain areas or population
groups at the expense of others (Robinson
and Franklin, 2021). One avenue that could
be pursued moving forward would involve the
data creator providing a degree of flexibility
in the outputs, for instance by decomposing
the data product into constituent components
that can be recombined and augmented with
locally specific knowledge.

4.3 Uncertainty
As Couclelis (2003) puts it, GIS and

geographic knowledge are limited by the

certainty of uncertainty. Some of the errors
and uncertainties can be attributable to the
specificities of geospatial data processing
such as the use of different spatiotemporal
scales and zonal schemes or the definition of
geographic context in space and time (Chun et
al., 2019). The Modifiable Area Unit Problem
(MAUP) is a well-known problem in geographic
data processing whereby the definition of the
area unit determines the way a phenomenon
is represented, and its variation can bring
inconsistent results (Wong, 2004). Kwan
(2012) highlights that, especially when dealing
with place-people relationships, more dynamic
area unit definitions across space and time
are needed to overcome what she called
the Uncertain Geographic Context Problem
(UGCoP). While some technigues can minimise
the propagation of errors and uncertainty,
these remain an intrinsic characteristic of
geographic knowledge (Couclelis, 2003). To
make geographic data products that can
be reliably used in urban planning practice
is therefore crucial to be explicit on the
underlying uncertainty, how this has been
mitigated and what are the limitations in the
data employed. Furthermore, | would argue
that significant work remains in bridging
qualitative and quantitative approaches to
address the knowledge gaps arising from the
loss of non-measurable information when
relying exclusively on data, thereby enabling
more informed decision-making.



4.4 Openness and transparency

Openness and transparency are fundamental
to enable the reuse of geographic data
products both in research and practice. While
not all input data can always be publicly
shared, pushing towards opening the derived
data products as pure datasets or through
interactive visualisations is certainly an
effective way to enable their use in real world
urban planning scenarios. However, making
data products publicly accessible does not
come without challenges. The FAIR (Findable,
Accessible, Interoperable, Reusable)
principles provide guidelines to researchers on
how to publish their research data and serve
as a valuable example of how advocating
for data sharing is becoming increasingly
common (Wilkinson et al., 2016); academic
journals are also growingly recognising the
value of sharing research data and creating
outlets, i.e. Nature Scientific Data, or paper
types, i.e. urban data/code (Arribas-Bel et
al., 2021), specifically meant at research data
publishing. Although making research data
more accessible is taking on an increasingly
central role, how to make them accessible
beyond academia is still not broadly
discussed. Notably, accompanying geographic
data product with dissemination-oriented
documentation and designing interactive
visualisation could be among best practices
moving towards a more outreach focused

data publishing.

5. Conclusion

In the last decades, data have become a
fundamental resource in all sectors of our
society, including the planning of cities.
However, this brings about several challenges
encompassing the theoretical, methodological
and ethical sphere.

In this contribution, two types of rather
common data products that can support
decision-making in urban planning have been
presented and compared. Notably, these two
have been selected to contrast the theory-
driven approach of composite indicators and
the data-driven approach of multidimensional
classifications. The two approaches exemplify
some of the challenges that we broadly see
while using data with new Al methods in the
social domain.

The functioning of our societies and therefore
of our cities have been object of studies
way before the technologies we make use
of today were even part of our imagination.
The role of urban theory and the importance
to build on existing knowledge coming from
centuries of observations of cities and their
dynamics should never be underestimated.
Interdisciplinary work and cross-fertilisation
between urbanism and data science need
to become more common to avoid the
development of a technocratic vision of
cities, where data products are not properly
interpreted and challenged.

At the same time, geographic big data allow
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to scale observations up to an unprecedented
level and this is an unmissable opportunity to
discovernew knowledge about urban dynamics.
Al methods often develop solutions coming
from a so-called black-box where the rationale
behind a machine decision is not known. Since
a city is not an engine and there is no unigue
optimal solution to make it a better place
to live in, urban planners have to motivate
their decisions which may not be the best
solution in absolute terms, but what a planner
believes being the best in a certain context or
based on a certain vision; as a consequence,
to inform decision-making with data-driven
evidence there need to be a comprehensive
understanding of what the determinants of
such evidence are, which is still not always
possible with Al. A promising development
of Al in this direction is explainable Al that
aims at providing metrics to describe how a
machine solved a e.g. classification problem,
including which one of the data input have
played a more significant role. Furthermore,
in light of bridging urban planning with Al
there need to be an effort in providing not only
more accessible data products but also more
accessible documentations on data quality
and awareness of the intrinsic uncertainty of
any guantitative science dealing with human
dynamics?.

It is also important to note that some of
the uncertainty we have to deal with using
data is also due to privacy concerns. Ethical

data collection and usage are still a very
open issue since Al systems came into play.
The combination of increasingly personal
information people give freely to big platforms
with the growing computation capability
generates significant ethical concerns. Such
concerns invest data that can be used to
inform urban planning too. There are already
a multitude of studies that made use of the
so-called ‘new forms of data’ which include
those coming from relatively new sources such
as social media or mobile phone applications.
These new forms of data inevitably open up
new opportunities to fill that uncertainty gap
with more and more detailed information on
how people navigate city spaces and their
preferences (Ki et al., 2023). While this is
certainly an advantage for urban research,
ensuring that there is ongoing and explicit
consents from data subjects is still an open
issue.

"https://unstats.un.org/unsd/methods/wgci/default.
htm

2 Franklin (2022) defines uncertainty “broadly as the
gap that exists between real-world, ‘true but unk-
nown'’ values and relationships and what we are able
to observe, given the methods and data available”
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