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Residential differentiation reflects the complex patterns by which social groups distribute themselves across
urban spaces, fundamentally shaping social, economic, and spatial structures. This paper reviews the method-
ological development of geodemographic classification, tracing its evolution from early social area analysis and
factorial ecology through to contemporary approaches. We critically evaluate this lineage of methods for
quantifying residential patterns, and identifying persistent limitations in capturing the non-linear complexities of
contemporary urban environments. Building on this review, we explore potential future directions involving
learned representations of the social landscape, which may offer alternatives to traditional linear dimensionality
reduction techniques. Drawing on recent empirical work applying deep learning to geodemographic classifica-
tion, we consider how such approaches might address identified limitations while acknowledging that their
advantages over established methods remain context-dependent and require further empirical validation. We
emphasise that any adoption of these techniques must prioritise transparency and interpretability. The paper
concludes by outlining potential directions for future research, including how learned representations might be

integrated within existing geodemographic workflows.

1. Introduction

In the fields of urban geography, planning, and sociology, there is a
longstanding tradition of developing data-driven classification systems
to identify patterns of residential differentiation. Such approaches aim
to deepen our understanding of urban structure and those spatial pro-
cesses that shape its evolution, combining theory with empirical
observation. For the purposes of this discussion, we define residential
differentiation, as referring simply to the spatial distribution of different
demographic groups across urban areas. Residential differentiation
emerges from a complex interplay of processes through which distinct
groups become concentrated in areas of a city, often reflecting variations
in socioeconomic status, ethnicity, race, family composition, lifestyle, or
other demographic characteristics (Timms, 1971; van Ham et al., 2021;
White, 1987).

While residential differentiation and segregation are closely related
concepts, they differ in emphasis and analytical focus. Segregation often
carries normative connotations about inequality and exclusion and is
often associated with involuntary separation resulting from discrimi-
nation or structural constraints (Iceland, 2004; Musterd, 2005).
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However, such residential clustering also emerges through voluntary
processes, as population groups may choose to live in neighbourhoods
inhabited by those they perceive as similar; whether for reasons of
cultural affinity, social networks, or access to ethnic institutions (Clark,
1992; Peach, 1996). Regardless of whether such patterns arise volun-
tarily or involuntarily, segregation can lead to negative outcomes
including unequal access to resources, services, and opportunities
(Williams & Collins, 2001). Research in this area focuses on explaining
why certain spatial configurations of population groups exist in urban
spaces, examining both the mechanisms of constraint and the role of
residential preferences in producing these patterns. Residential differ-
entiation, by contrast, serves as a more neutral descriptor of spatial
patterns that focuses on describing the outcome of different groups
living in different places without necessarily implying causality or
making value judgments about the observed distributions.

For as long as cities have existed, differences in socioeconomic status
have manifested geographically. However, as urban areas have grown
increasingly complex, so too have the patterns of residential differenti-
ation (Maloutas, 2012; Tammaru et al., 2019). Residential differentia-
tion continues to be shaped by multiple factors including housing

Received 23 June 2025; Received in revised form 16 December 2025; Accepted 18 December 2025

Available online 7 January 2026

0198-9715/© 2026 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).


mailto:alex.singleton@liverpool.ac.uk
www.sciencedirect.com/science/journal/01989715
https://www.elsevier.com/locate/ceus
https://doi.org/10.1016/j.compenvurbsys.2025.102396
https://doi.org/10.1016/j.compenvurbsys.2025.102396
http://crossmark.crossref.org/dialog/?doi=10.1016/j.compenvurbsys.2025.102396&domain=pdf
http://creativecommons.org/licenses/by/4.0/

A. Singleton and S.E. Spielman

affordability, employment accessibility, urban planning initiatives, and
the legal, market, and social forces that drive segregation, both histor-
ical and contemporary. Extensive evidence demonstrates that these in-
fluences contribute to diverse outcomes, including the formation of
affluent enclaves, economically disadvantaged areas and culturally or
ethnically distinctive communities (Johnston et al., 2007; van Ham
et al., 2021). Over time, such patterns of residential differentiation can
profoundly impact social cohesion, economic vitality and the overall
quality of life experienced by urban residents.

Despite advances in computational methods, many existing geo-
demographic models of residential differentiation struggle to capture
the multidimensional and non-linear nature of contemporary residential
patterns, particularly in rapidly changing urban contexts. This is perhaps
most evident in the UK Output Area Classifications for the 2001, 2011
and 2021/22 Censuses where the extent of Greater London suffers much
worse clustering outcomes than the rest of the UK (Singleton & Longley,
2015; Singleton & Longley, 2024). Traditional approaches, while valu-
able for their interpretability and extensive lineage, often rely on as-
sumptions of linearity that may oversimplify the fluid and overlapping
nature of urban residential patterns. For example, the relationship be-
tween educational attainment and residential location may vary sub-
stantially across income brackets: among high-income households,
educational differences may have minimal effect on neighbourhood
choice, whereas among middle-income households, the same differences
may strongly predict sorting into distinct areas; a conditional relation-
ship that linear methods may not adequately represent.

This review paper examines how quantitative methods of residential
differentiation have evolved, with particular focus on geodemographics:
which are classification systems that segment small area geography into
clusters based on their demographic, built, socioeconomic and behav-
ioural characteristics. The review juxtaposes a rich theoretical and his-
torical perspective with emerging computational approaches to consider
how machine learned representations of the social landscape might
complement traditional geodemographic methods. Machine learned
representations are numerical summaries of data produced by algo-
rithms that automatically discover patterns and relationships from data,
offering an alternative to traditional data reduction techniques such as
Principal Component Analysis (PCA). We explore whether such ap-
proaches could help capture the increasingly complex patterns of resi-
dential differentiation in contemporary cities, while discussing how
interpretability might be preserved. We proceed by reviewing quanti-
tative representation approaches (Section 2) and tracing the historical
development of geodemographic methods (Section 3). Following a
critical evaluation of current methods' advances and limitations (Section
4), we explore potential future directions involving learned represen-
tations (Section 5) and outline a possible framework for integrating
these approaches with traditional geodemographics (Section 6). The
paper concludes with critical reflections on future directions for resi-
dential differentiation research and implications for urban theory and
practice (Section 7).

2. Quantitative representation of urban residential patterns

In the process of distilling the complexities of the real world into
quantifiable metrics of residential differentiation, critical choices are
required regarding the specificity of appropriate models. Foundational
concepts include the choice of representation, which includes consid-
erations of how residential characteristics are encoded within the model
whether as individual household-level data points, aggregated spatial
units, or continuous surfaces, and which variables best capture mean-
ingful differentiation patterns. The spatial scale frames both the reso-
lution of an analysis (from individual property to census tracts to
metropolitan regions) and the geographic extent of the study area,
directly influencing the detection of segregation patterns through well-
documented modifiable areal unit problem (Openshaw, 1984). Simi-
larly, temporal scale determines whether models capture static cross-
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sectional patterns or dynamic processes of neighbourhood change,
including decisions about measurement frequency (annual versus
decennial), the treatment of temporal lags in segregation processes or
the incorporation of path dependencies in residential sorting. The bal-
ance between process and outcome represents a fundamental tension
between models that emphasise the mechanisms driving residential
differentiation (household mobility decisions, housing market dy-
namics) versus those focused on measuring resulting spatial patterns
(dissimilarity indices, exposure metrics). These conceptual decisions are
not merely technical specifications but fundamentally shape how resi-
dential differentiation is understood, measured, and ultimately
managed through policy interventions (Borrego-Diaz et al., 2012;
Duckham et al., 2001; Fisher & Tate, 2015).

2.1. Challenges of generalisation and classification

Any classification system requires that categories are defined
distinctly, avoiding overlap and ambiguity, thereby enhancing both
clarity and practical utility. In residential differentiation analysis, this
often involves classifying neighbourhoods or regions based on contin-
uous socio-demographic measures, which requires establishing value
boundaries and intervals to create meaningful categories (Reibel, 2011).
For example, while some measures like Shannon entropy operate on
continuous scales without inherent boundaries, researchers must define
thresholds when categorising spatial units for comparative analysis.
However, determining and operationalising these thresholds, essentially
converting continuous scales into ordinal, interval, or categorical vari-
ables varies in difficulty. Some boundaries are well-established through
convention or policy (such as age brackets or income thresholds relative
to median values), while others require greater judgement, particularly
when measures lack natural breakpoints or when definitions vary across
contexts. Furthermore, any boundary delineation introduces edge ef-
fects: observations near category thresholds may be assigned to different
classes with only minimal changes in their underlying values, poten-
tially overstating differences between similar areas or obscuring mean-
ingful distinctions (Openshaw, 1984).

Contemporary measures of residential differentiation must capture
underlying spatial patterns and socio-economic structures that may not
be absolute value of variables but manifest through complex, non-linear
associations. For example, the relationship between education levels
and residential choice may vary substantially across income brackets, or
ethnic clustering patterns may intensify or dissipate at different spatial
scales. Within late capitalist societies, technological and economic
transformations have fundamentally altered traditional patterns of res-
idential sorting. For instance, the widespread adoption of remote work
technologies following 2020 has decoupled some employment locations
from residential choice, enabling affluent professionals to relocate from
urban centres to peripheral areas while maintaining metropolitan sal-
aries, thereby disrupting established urban-suburban income gradients
(Ramani et al.,, 2024). Additionally, the proliferation of short-term
rental platforms like Airbnb has converted some residential housing
stock into quasi-commercial properties in tourist-adjacent neighbour-
hoods, displacing long-term residents and altering demographic com-
positions (Cocola-Gant & Gago, 2021; Wachsmuth & Weisler, 2018).
Furthermore, online property purchasing platforms that filter and rank
neighbourhoods based on proprietary scoring systems (for schools,
walkability, or safety) can amplify residential segregation by steering
homebuyers towards algorithmically similar neighbourhoods, reinforc-
ing existing spatial inequalities (Besbris & Faber, 2017; Boeing, 2020;
Nadiyah, 2023).

Further complicating measurement is the distinction between
directly observable variables and context-dependent constructs.
Consider poverty measurement: while income can be measured directly
in monetary terms, poverty represents a relative condition that varies by
geographic context, household composition, and local cost of living
(Ringen, 1988; Tomlinson et al., 2008). A household earning $50 k
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annually might be considered impoverished in San Francisco but
middle-class in rural Mississippi. Similarly, educational attainment,
ostensibly a straightforward categorical variable, can become prob-
lematic when measuring migrant populations, as many countries in the
Global North do not recognise university degrees awarded in Global
South countries. This creates “brain waste” situations where highly
educated migrants are registered as having only basic education due to
non-recognition of their qualifications and consequently cannot obtain
employment matching their actual skill level (Devos et al., 2025; Mattoo
et al., 2008). In both examples, the same underlying reality (household
resources, educational achievement) is represented differently depend-
ing on institutional and geographic context, introducing systematic
measurement bias into residential differentiation analyses. Such
context-dependency creates generalisation challenges when developing
universal measures of residential differentiation across diverse urban
contexts. Even earlier studies on residential differentiation questioned
the spatial stationarity assumptions embedded in traditional ecological
modelling approaches (Hughes & Carey, 1972). A more recent contri-
bution has sought to address these challenges by developing
geographically weighted composite measures, allowing coefficients and
relationships to vary spatially and aiming to offer more nuanced as-
sessments of local spatial structures (Lu et al., 2014).

2.2. Scale considerations

Spatial scale represents a critical consideration in residential differ-
entiation analysis, encompassing multiple geographic abstractions from
data collection zones to the range of spatial process variation
(Goodchild, 2001; Oshan et al., 2022). The chosen scale fundamentally
shapes observed patterns; small area analysis may highlight nuanced
socioeconomic or racial variation, whereas analysis at broader scales
can obscure this variation, producing homogenised representations of
urban structure that mask underlying heterogeneity. Scale selection is
guided by pragmatic constraints including data availability and
analytical objectives, with the spatial extent of available data directly
influencing both methodological choices and the development of
context-specific models for characterising residential differentiation
(Reibel, 2011; Singleton & Longley, 2015).

2.3. Outcome versus process

Residential differentiation research has evolved along two distinct
analytical perspectives: one focusing on spatial outcomes and another
on underlying processes. Outcome-based approaches excel at describing
the spatial configuration of population groups at specific points in time:
mapping where different socio-economic, ethnic, or demographic
groups concentrate within cities. However, these approaches often fail
to capture the mechanisms driving these patterns: why certain groups
cluster in particular neighbourhoods, how migration flows reshape
urban demographics, or what factors trigger neighbourhood transitions?
(Lietal., 2022; Massey & Denton, 1988). Understanding these processes
requires examination of the temporal dynamics and statistical associa-
tions that produce the observed spatial distributions.

Contemporary measures of residential differentiation predominantly
describe single periods of time which contrast with some of the earliest
models of urban form that emphasised processes, focusing on how social
factors such as immigration shaped the evolution of urban form and the
distribution of social groups within a city (Park et al., 1925). As such,
contemporary models of residential differentiation do not necessarily
improve an understanding of spatial processes behind neighbourhood
change that lead to the observed patterns (Delmelle, 2022; Liborio et al.,
2022; Owens, 2012). Although, some models of residential differentia-
tion have been operationalised to represent change in both specific
urban settings or for national extents (Delmelle, 2015; Jung & Song,
2022; Kinahan, 2021; Silver & Silva, 2021; Singleton et al., 2016; Skupin
& Hagelman, 2005). The validity of static measures of residential
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differentiation depends on the stability of the populations being classi-
fied. A neighbourhood classified as ‘young professionals’ illustrates this
dependency. If residents of this type persist, the classification validly
describes who lives there but becomes outdated as they age. If popula-
tion turnover maintains the area's profile, the classification instead de-
scribes what kind of place it is, a transient zone through which
successive cohorts move. Static measures cannot distinguish continuous
population replacement from residential persistence, yet these carry
fundamentally different implications. The former suggests stable de-
mand for housing types and amenities, with the area functioning as a
transitional zone likely to retain its character. The latter signals
impending demographic transition as residents enter family-formation
years, bringing shifts in service needs and housing demand that the
static classification cannot anticipate. Such ambiguity limits the utility
of cross-sectional classifications for anticipating neighbourhood trajec-
tories or designing responsive policy interventions. Past work has
explored how such changes can be detected for a national extent
(Singleton et al., 2016) or the degree to which neighbourhoods age or
are replenished by residents of similar characteristics (Wyszomierski
et al., 2022).

Recent advances in residential mobility research has begun to bridge
the traditional outcome-process divide by combining the interpretability
of econometric frameworks with the predictive power of machine and
deep learning. For example, Bostanara et al. (2024) used a survival
analysis framework integrating tree-based ensemble methods to model
the timing of household relocations, highlighting the importance of
homeownership and accessibility as key predictors of residential
change. Jin et al. (2023) employed an explainable deep learning
approach to model individual relocation trajectories across the US,
revealing path-dependent effects of prior mobility and localised neigh-
bourhood context. Noferesti and Mirzahossein (2025) demonstrated the
capacity of gradient boosting models to substantially outperform
discrete choice models in predicting residential location decisions,
effectively capturing complex, non-linear decision processes. At the
neighbourhood scale, Silver and Silva (2021) combined geodemo-
graphic clustering with Markov modelling to simulate transition dy-
namics, offering new insights into path dependence and neighbourhood
evolution. Such methodological innovations suggest further promising
avenues for integrating process-oriented insights into geodemographic
frameworks, extending past work in this area (Martin et al., 2018;
Singleton et al., 2012).

3. Historical development of geodemographic methods for
residential structure analysis

Geodemographic classification is the current dominant quantitative
paradigm for mapping residential differentiation. In this section we
trace the lineage of techniques, from early social surveys through
ecological models to contemporary open and commercial systems,
focusing on the rationale behind the methods, the types and limitations
to the representations that they have presented.

3.1. Foundations: social surveys and urban ecology (1880s-1950s)

One of the earliest examples of systematic residential differentiation
research is Charles Booth's analysis of neighbourhood-level poverty in
London (1886-1903)," which produced a series of detailed maps
combining survey data, census records, and ethnographic observation to
classify small areas into poverty-based categories (Vaughan, 2018). This
body of work aimed to highlight the consequences of unregulated

! The original study was published in two volumes - Life and Labour of the
People, Vol. I (1889) and Labour and Life of the People, Vol. II (1891);
including a series of maps. These can be viewed online - https://booth.lse.ac.
uk/map
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capitalism (Marr, 1904; Pfautz, 1967). Although influential, Booth's
reliance on class rather than income-based definitions and use of
moralistic labelling has subsequently attracted criticism (Spicker, 1990);
and further related studies, such as Hubert Llewellyn Smith's “New
Survey of London Life and Labour” (1928-35) have had concerns raised
about their data quality and collection methods (Abernethy, 2017). In
the United States, residential differentiation research emerged pre-
dominantly from the Chicago School's ecological tradition
(1920s-1950s), where Park and colleagues applied biological principles
to urban structure through their concentric ring model. This also
explicitly acknowledged Booth's influence on this work (Park et al.,
1925). Later models by Hoyt (1939) and Harris and Ullman (1945),
expanded this approach through sector and multiple nuclei frameworks,
though all faced criticism for their limited generalisability beyond their
original contexts. These foundational studies established two enduring
principles: that residential differentiation could be systematically
observed and mapped, and that urban neighbourhoods constitute
meaningful units of social analysis. However, both Booth's surveys and
the Chicago School's ecological models relied primarily on qualitative
judgement and theoretical abstraction rather than standardised quan-
titative methods, limiting their replicability across contexts.

3.2. Social area analysis and factorial ecology (1950s-1970s)

Post-Second World War studies in Los Angeles advanced an ecolog-
ical tradition through Social Area Analysis which used detailed small-
area census data to position neighbourhoods within a broader social
context (Rees, 1971; Timms, 1970). Shevky and Williams (1949) and
later Shevky and Bell (1955) developed these measures through indices
of social rank, urbanisation, and segregation; although the approaches
faced criticism for lacking generalisability (Ericksen, 1949; Hawley &
Duncan, 1957). Nevertheless, Social Area Analysis demonstrated the
utility of multivariate data for analysing residential patterns, directly
influencing what became termed Factorial Ecology (Singleton & Spiel-
man, 2014). Enabled by growing computational access, Factorial Ecol-
ogy dominated residential differentiation research from the 1960s to
1970s and continues to be applied as a technique in some contemporary
research (Al-Shawamreh & Farhan, 2018; Hirokane & Amemiya, 2023;
Montosa Munoz, 2023; Salvati et al., 2018). Like Social Area Analysis,
factorial ecology identifies latent urban structures through combina-
tions of variables, though it derives constructs empirically via factor
analysis rather than from predetermined indices (Berry & Kasarda,
1977; Hale & Austin, 1997). However, despite its wide use, factorial
ecology encountered persistent challenges that included: reduced clarity
when mapping complex multidimensional data, and limited general-
isability due to localised specificity and the inconsistency of city
boundary definitions (Rees, 1971), the non-linear nature of geographic
data (Johnston, 1977) and the sensitivity of outcomes to analytical
choices, which raised concerns over reproducibility (Hughes & Carey,
1972; Hunter, 1972; Vies, 1978).

Social Area Analysis and Factorial Ecology made a critical method-
ological contribution by demonstrating that multivariate census data
could be systematically reduced to interpretable dimensions of urban
structure. Yet such approaches also highlighted persistent challenges
including sensitivity to analytical choices, limited generalisability
beyond their original contexts, and the assumption of linear relation-
ships among variables that would constrain subsequent geodemographic
methods.

3.3. The emergence of applied geodemographics (1970s—1980s)

During the 1970s, advances in computing and digitised administra-
tive and census data significantly enhanced the potential for multivar-
iate analysis of urban areas. A pivotal early example is the “Social
Malaise in Liverpool” study (Amos, 1970), which was commissioned to
guide social service resource allocation. This study, integrated data from
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multiple municipal departments and the 1966 Census, combining social
and built environment variables, though it lacked sophisticated sum-
mary methods such as factor analysis (Cullingford et al., 1975).
Following this study, the UK Department of Environment commissioned
comparative studies for several inner urban areas in Birmingham, Liv-
erpool, and London (Lambeth) in 1977 (Department of Environment,
1977). However, the Liverpool study stood out due to its collaboration
with the Planning Research Applications Group (PRAG) at the Centre for
Environmental Studies (CES) (Parliament. House of Commons, 1967).
Two landmark studies on residential differentiation emerged from this
collaboration. Cullingford et al. (1975) applied Principal Component
Analysis (PCA) to summarise census and programme data into compo-
nents that guided cluster analysis. Webber (1975) then refined this
approach using 1971 Census data, aggregating enumeration districts
into unified areas and creating hierarchically nested clusters, a structure
that became a defining feature of what would be later termed geo-
demographic classification.

As part of work within CES, Webber's team extended their developed
methods to other local authority areas and motivated by the goal of
national standardisation, developed a nationwide enumeration district
classification (Webber, 1979). This marked the final effort to produce a
national residential differentiation model within the CES. In 1979
funding from the government was withdrawn, and the centre closed in
the early 1980s. The financial stability of CES had been questioned to-
wards the end of its operations, as by 1976 government funding
accounted for over 80 % of its total revenue because of declining sources
of other income (Parliament, 1976).

The Liverpool studies and subsequent national classifications estab-
lished an operational template for residential differentiation that re-
mains foundational to current geodemographic practice: variable
selection, standardisation, linear dimensionality reduction, clustering
and hierarchical labelling. This workflow has proved remarkably
effective for policy targeting and commercial applications, yet its core
methodological architecture, particularly where there is reliance on
linear dimensionality reduction, has remained largely unchanged for
five decades.

3.4. Commercialisation, critique and the open geodemographics
movement (1980s—present)

The evolution of geodemographic residential differentiation ap-
proaches demonstrated a shift from narrowly focused models towards
national-scale classifications designed to generalise across contexts
(Batey & Brown, 2007; Batey, 2022; Webber, 1979). This however
attracted criticism: Openshaw et al. (1980) questioned whether national
classifications sufficiently represented local realities, while Webber
(1980) defended their practicality and user acceptance. However,
despite such challenge, it is worth noting that Openshaw and his wider
team also subsequently developed national classifications (Blake &
Openshaw, 1995; Charlton et al., 1985).

The commercialisation of geodemographic residential differentia-
tion models emerged somewhat incidentally. In the late 1970s, inte-
gration of the CES classification with consumer survey data revealed
variations in consumer behaviour linked to residential typologies,
generating significant commercial interest (Webber & Burrows, 2018).
Moving from CES in 1979, Webber joined CACI, which rebranded the
CES classification as ACORN (A Classification of Residential Neigh-
bourhoods), marking the beginning of commercial geodemographics.
Comprehensive accounts of this commercial history are provided by
Webber and Burrows (2018) and Harris et al. (2005) for the UK, and
Singleton and Spielman (2014) and Weiss (1988, 2000) for North
America.

Commercial success, particularly as an integral component of direct
marketing during the 1980s and 90s, distanced geodemographics from
its public-sector origins until renewed interest emerged in the mid-
2000s, driven by the development of social marketing and as a tool



A. Singleton and S.E. Spielman

for public service delivery improvements (Longley, 2005). Academic
applications supported this renewed interest and expanded across health
(Farr & Evans, 2005; Moon et al., 2019; Petersen et al., 2011), education
(Butler et al., 2007; Hayden et al., 2006; Singleton, 2010; Singleton
et al., 2012) and policing (Ashby, 2005; Williamson et al., 2006).

In parallel to renewed public use, critical GIS scholars also ques-
tioned geodemographics' societal implications more generally during
this period, arguing that classifications perpetuated existing social
structures by strongly associating identity with location (Goss, 1995,
2003; Pickles, 1995; Thrift & French, 2002). The introduction of ‘open
geodemographics’, beginning with the 2001 Output Area Classification
(OAC) developed collaboratively between academia and the Office for
National Statistics (ONS) can be argued both as a response to such
critique, as they aimed to build public trust through transparency,
reproducibility, and openness; but also were a facilitator of broader
public sector adoption of geodemographics. Open Geodemographics
differentiate from most commercial offerings by being created entirely
from open data sources and with published and reproducible methods,
enabling free access and in formats that are fully open to scrutiny
(Vickers & Rees, 2007). Following 2001 OAC, updates followed subse-
quent censuses (Gale et al., 2016; Wyszomierski et al., 2022), and
similar open approaches have been extended internationally (Spielman
& Singleton, 2015). Geodemographic models have also faced criticism
for their limited theoretical engagement (Singleton & Longley, 2009),
especially in commercial contexts. However, concurrent efforts have
sought to reconcile geodemographics with social theory from both the
commercial (Webber, 2007) and academic sectors (Burrows, 2008;
Burrows & Gane, 2006; Parker et al., 2007; Uprichard et al., 2009), and
more recently in unison (Webber & Burrows, 2018). Efforts have
included drawing parallels between geodemographics to Bourdieu's
concepts of habitus and field (Tapp & Warren, 2010) and linking clas-
sifications to phenomena like gentrification (Gray et al., 2023a; Lees,
2000; Somashekhar, 2021) or concepts such as habitus (Robson, 2003;
Webber, 2007).

Today, the geodemographic industry operates through a bifurcated
market structure. In the commercial sector, major providers including
CACI (Acorn), Experian (Mosaic), and in North America, Claritas
(PRIZM) and Esri (Tapestry) continue to dominate consumer segmen-
tation markets across retail, financial services, utilities and telecom-
munications. These proprietary systems have evolved considerably from
their census-dependent origins; and most no longer rely on census data
alone for their core classification, instead drawing on continuously
updated commercial and open data sources. Concurrently, the open
geodemographics tradition has continued through successive iterations
of the Output Area Classification, most recently updated following the
2021/22 Census (Wyszomierski et al., 2022). Public sector adoption
remains substantial, with geodemographic classifications now
embedded across health service planning, educational targeting, and
local authority resource allocation. Yet despite this institutional matu-
ration, fundamental questions persist about whether the core method-
ological approaches developed in an era of computational constraint and
data scarcity remain optimal given contemporary analytical capabilities
and data environments.

4. Advances and limitations of current geodemographic
methods

Methodological advances in geodemographic classification have
largely been driven by increased computational power, enabling clus-
tering without reliance on sample-based methods or pre-aggregated
zones, alongside an expanded range of input variables facilitated by
the growth of the spatial data economy, although core analytical
workflow has changed little since the 1970s. While commercial pro-
viders commonly adopt variations of standard methods, detailed de-
scriptions remain limited in publicly accessible literature, with Chapter
6 of Harris et al. (2005) providing one of the few comprehensive

Computers, Environment and Urban Systems 125 (2026) 102396

reviews. Across open and commercial classification, variable selection
remains heavily dependent on researcher judgement and data avail-
ability, with limited systematic frameworks for identifying optimal in-
puts (Otley et al.,, 2021) and normalisation and standardisation
techniques. Most critically, when linear dimensionality reduction
methods such as PCA are applied, these constrain the capacity to detect
complex, non-linear relationships between socio-demographic charac-
teristics. Similarly, while clustering algorithms have diversified, the
dominant approaches of k-means and hierarchical clustering remain
fundamentally limited in their ability to capture overlapping or fluid
category memberships (Fisher & Tate, 2015).

The methodologies underpinning recent iterations of the UK's Output
Area Classification (OAC) for 2001, 2011, and 2021 represent some of
the most thoroughly documented approaches to residential differentia-
tion. Nonetheless, their methods have remained largely unchanged, with
incremental enhancements made to clustering techniques and data
normalisation based on ground truthing (Vickers & Rees, 2007) and
critical evaluations (Gale et al., 2016; Wyszomierski et al., 2022). Sta-
bility in method has often been justified by the proven utility and
acceptance of previous classifications, a rationale similarly cited in
regional classifications (Singleton & Longley, 2015). While this
approach leverages established frameworks and their documented
effectiveness, it may limit the exploration of potentially superior
methods offering enhanced descriptive capability. Nonetheless, the
geodemographic field has responded constructively to criticism (Knaap
et al., 2024), fostering methodological innovations such as real-time
classification using advanced computational platforms (Adnan, 2011),
bespoke, application-specific models (Alexiou et al., 2016; Singleton
et al., 2020; Yang et al., 2023), improved variable selection (Liu et al.,
2019) and clustering methods (Brunsdon et al., 2018; De Sabbata & Liu,
2023; Spielman & Thill, 2008), increased transparency and reproduc-
ibility (Vickers & Rees, 2007), and public interfaces supporting user
feedback (Longley & Singleton, 2009).

The emergence of detailed individual-level data from integrated
consumer and synthetic databases has also driven interest in personal-
level geodemographic classifications. Commercial systems such as
Experian's UK Mosaic have evolved offerings from area-based to
household-level classifications by linking consumer transaction records,
credit data, and lifestyle surveys to individual addresses (Farr & Webber,
2001). Academic efforts have similarly explored individual-centred ap-
proaches, with Burns et al. (2018) developing classifications that assign
demographic profiles directly to synthetic individuals rather than
geographic units, while Tuccillo (2021) employed machine learning
techniques to create person-level typologies from integrated adminis-
trative and survey data. However, these developments have attracted
critical scrutiny. Dalton and Thatcher (2015) argue that the apparent
precision of individual-level geodemographics represents “inflated
granularity”, a veneer of accuracy that obscures the inferential as-
sumptions underlying such classifications. They also contend that
personal-level profiling intensifies concerns about surveillance, privacy,
and the potential for discriminatory outcomes, as individuals may face
differential treatment in credit, insurance, or service provision based on
algorithmically assigned characteristics they cannot see or contest.
These critiques underscore the tension between the analytical appeal of
finer-grained classification and the ethical responsibilities accompa-
nying such granular profiling of populations.

These methodological advances have also not fully resolved concerns
regarding an apparent bifurcation away from process-oriented models of
residential differentiation (Knaap et al., 2024), despite recent efforts
towards predictive geodemographics (Gray et al., 2023a, 2023b).
Fundamentally, this debate hinges on whether geodemographics should
intrinsically aim to articulate residential differentiation theories, or
function primarily as an inductive framework facilitating external the-
ory development. Examples of the latter approach have included inte-
grating geodemographic clusters within multilevel models (Harris et al.,
2007; Harris & Feng, 2016), spatial interaction models (Singleton et al.,
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2012), and microsimulation frameworks (Moon et al., 2019). Our
perspective also aligns more closely with the view that geodemographic
classifications should function primarily as inductive frameworks facil-
itating external theory development, rather than intrinsically aiming to
articulate theories of residential differentiation themselves. Historically,
attempts at developing endogenous, generalisable theoretical models
have struggled to maintain applicability beyond their original
geographical contexts. However, the increased availability of spatially
referenced data and significant advancements in computational tech-
nologies present substantial opportunities for enhancing theory devel-
opment through empirical generalisation. We argue that the limited
methodological evolution of geodemographics since their inception has
constrained their analytical potential, while their complex historical
positioning across academic, public, and commercial domains has
created ambiguity about their purpose and credibility. Together, these
factors have arguably hindered broader acceptance within the social
sciences and limited recognition of geodemographics as a valuable tool
for urban research. In the subsequent section, we propose some new
avenues for advancing models of residential differentiation.

5. Exploring potential directions: learned representations of
data in geodemographics

5.1. Traditional geodemographic methodology

Creating geodemographic representations typically involves a two-
stage process. In the first stage, input variables such as demographic,
socioeconomic, built environment and behavioural data are selected
based on both availability and theoretical relevance derived from
ecological theories. These variables may have transformation applied
and then are typically standardised using statistical techniques. In the
second stage, clustering methods are applied to these variables to group
geographic areas with similar characteristics. The most frequently
employed clustering algorithms in geodemographic analysis are k-
means, which partitions data into a predefined number of clusters based
on centroids, and hierarchical clustering, which creates nested groups by
progressively merging clusters.

5.2. Learned representations of data as a potential direction for
geodemographics

When building a geodemographic classification, cluster analysis is
highly sensitive to the structure of the input data; for example, using
many correlated variables in a k-means analysis may bias the resulting
clusters to disproportionately reflect the group of correlated variables.
For this reason, it is common to reduce input dimensionality via careful
variable selection, weighting or some other form of statistical data
reduction. PCA has been widely applied as a linear transformation onto
input data. However, where PCA identifies linear combinations of var-
iables, this results in the loss of complex patterns such as conditional
relationships between variables and non-linear associations. Newer de-
velopments within the machine learning literature, and specifically in
the development of neural networks, have established alternate ap-
proaches that can identify compressed representations, sometimes
called “embeddings”, that better capture non-linear interactions. Such
methods provide an alternative to traditional data reduction methods
like PCA, while acknowledging important caveats. Where PCA identifies
linear projections that maximise variance, neural network architectures
can learn nonlinear transformations that may better capture the intrinsic
structure of certain datasets. In one such example, Hinton and Sala-
khutdinov (2006) demonstrated that deep autoencoder networks that
compress inputs through a bottleneck layer before reconstructing them
substantially outperform PCA in preserving data structure when
reducing high-dimensional datasets to low-dimensional representations,
particularly when underlying relationships are non-linear. Subsequent
work has confirmed these advantages across diverse domains, showing
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that learned representations more effectively preserves local neigh-
bourhood relationships and complex feature interactions than linear
alternatives (Goodfellow et al., 2016; Wang et al., 2016). Within
geographic applications, preliminary evidence suggests similar benefits
for spatial data, with learned representations capturing place-based
characteristics that linear methods fail to detect (De Sabbata & Liu,
2019; Yan et al., 2017). This could prove valuable for clustering when
groups are separated by nonlinear boundaries, as PCA's linear constraint
may fail to disentangle clusters that are clearly separable in the original
space but become mixed when projected linearly. Additionally, PCA's
variance-maximisation objective does not necessarily align with cluster
separability; the directions of greatest variance may be orthogonal to the
directions that best discriminate between clusters. Learned representa-
tions, through nonlinear encoding, could potentially bring similar points
closer together in latent space while pushing dissimilar points apart,
even when this structure is not accessible through linear projection.

However, it is essential to acknowledge that the superiority of non-
linear methods is not guaranteed. Empirical comparisons across
various domains have demonstrated that learned representations do not
universally outperform PCA. Fournier and Aloise (2019, p. 211) found
that k-NN classifiers achieved comparable accuracy on PCA and
autoencoder projections when sufficient dimensions were retained,
while “PCA computation time was two orders of magnitude faster than
its neural network counterparts”. Their conclusions underscore that the
potential advantages of learned representations depend heavily on the
specific characteristics of the data and research objectives. Where re-
lationships in the data are predominantly linear, the additional
complexity of deep learning methods may offer little practical benefit
while introducing interpretability challenges.

Furthermore, the flexibility of learned representations comes at the
cost of losing PCA's interpretability and theoretical guarantees about
variance preservation. The “black box” nature of neural networks pre-
sents particular challenges in policy-relevant contexts where trans-
parency is essential (Liu et al., 2024). Other non-linear dimensionality
reduction techniques may also warrant consideration. t-SNE and UMAP
excel at preserving local neighbourhood structure in high-dimensional
data. Although, while t-SNE creates visually interpretable clusters with
strong local structure preservation, it becomes computationally pro-
hibitive at scale and often distorts global relationships. UMAP mitigates
these computational concerns while maintaining comparable local
structure preservation. Parametric neural network approaches provide
complementary advantages that address several limitations inherent in
both linear methods like PCA and non-linear techniques such as t-SNE
and UMAP, making them particularly suited to geodemographic appli-
cations requiring scalability, interpretability, and flexibility. Unlike t-
SNE and UMAP, which require recomputing learned representations for
new observations, neural networks learn a parametric encoder function
that can efficiently map unseen data into the latent space. Architectures
with decoder components also enable reconstruction back to the original
feature space, potentially facilitating interpretation. Furthermore, such
approaches naturally extend to multi-task learning frameworks where
clustering objectives can be jointly optimised with reconstruction. The
learned representations can be interrogated using gradient-based attri-
bution methods, SHAP values, or activation maximisation to identify
which input features drive specific latent dimensions, potentially
providing mechanistic insight into the learned structure that purely
algorithmic methods like t-SNE cannot offer (Liu et al., 2024).

The potential value of learned representations in geodemographic
research therefore remains an empirical question requiring systematic
comparison with established methods. We propose this direction not as a
demonstrated improvement, but as a methodological hypothesis war-
ranting investigation, given the theoretical possibility that residential
differentiation involves complex non-linear interactions that current
methods may inadequately capture.
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5.3. Enriching input feature sets, and further considerations for data
quality and bias mitigation

The integration of learned representation into geodemographic
workflows would also enhance the potential for integration of more
complex and heterogeneous datasets, potentially uncovering new in-
sights about residential differentiation features and processes. Tradi-
tional variables used to build geodemographic indicators could
potentially be augmented with many new sources of spatial and tem-
poral data sources, including those which are unstructured (see Fig. 1).

However, given such potential to integrate wider sources of data, this
also brings enhanced responsibility for ensuring data quality and
representativeness. Without rigorous attention to such issues there is
enhanced risk of perpetuating or amplifying systemic inequalities
already embedded within datasets, reflecting broader critiques of data-
driven urban analyses as articulated by Kitchin (2014). The inherent
opacity and complexity of models used to generate learned representa-
tions exacerbates the “black box” problem, limiting interpretability
which can be problematic in those contexts where a nuanced compre-
hension of underlying social dynamics is crucial, particularly when
informing or needing to justify equitable and just policy interventions
(Liu et al., 2024; Sieber & Haklay, 2015).

As such, we would argue that proactive measures would be essential
to assess such issues in any application that might apply learned rep-
resentations. Rigorous data audits should systematically examine sour-
ces, collection methods and historical contexts that could introduce bias.
Techniques including demographic parity analyses (Feldman et al.,
2014; Kamiran & Calders, 2012; Mehrabi et al., 2022), counterfactual
fairness tests (Kusner et al., 2017) and bias impact assessments (Raji
et al., 2020) could all help to quantify and mitigate unintended biases.
Inclusive participatory processes involving diverse community members
and local stakeholders could also further help ensure that data repre-
sentativeness accurately reflects community realities. More generally,
beyond data quality, we would also argue that prioritising model
transparency and interpretability would be essential for any practical
application within a geodemographic context. The integration of

Census & Administrative

Age structure, household composition,
tenure
Education & occupation mix, deprivation

Housing & Market Dynamics

Median price, price growth, sales density
Dwelling type mix, build-age bands
Rental levels, occupancy/void rates
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Explainable AI (XAI) methodologies is not merely beneficial in such
context, but essential for responsible deployment in urban contexts.
Recent work has begun to address this challenge: Liu et al. (2024) pro-
posed combining graph convolutional networks with GNNExplainer for
urban analytics applications, demonstrating how explainability methods
can be integrated with spatial deep learning. Feature attribution tech-
niques, saliency maps, and sensitivity analyses (Lundberg & Lee, 2017;
Ribeiro et al., 2016) can also illustrate how deep learning models
interpret urban space. We suggest that future research should prioritise
the development of domain-specific interpretability tools that decom-
pose learned representation outputs to reveal which spatial, social, and
economic patterns drive latent representations. Such transparency
would be crucial for building trust among policymakers and commu-
nities affected by geodemographic classifications.

6. Towards a future framework: considering the integration of
learned representations with traditional geodemographics

This section outlines a potential framework that could integrate
learned representation architectures within established geodemo-
graphic classification workflows. The framework remains speculative
and would require empirical validation to determine whether the pro-
posed advantages discussed in the previous section translate into
meaningful improvements. As noted, existing comparative studies sug-
gest that the advantages of non-linear dimensionality reduction are
context-dependent and may not materialise in all geodemographic ap-
plications (Fournier & Aloise, 2019). The framework presented here
should therefore be understood as a research agenda rather than a
demonstrated improvement over existing approaches. Fig. 2 illustrates
the key differences between traditional and proposed approaches.

This proposal differs from traditional methods in several interrelated
respects. First, the capacity to identify relationships would expand from
purely linear associations to encompass both linear and non-linear re-
lationships, potentially enabling detection of complex interactions be-
tween variables, such as how the relationship between education and
residential choice varies across income brackets, that linear methods

POIs & Land Use

Amenity densities by category
Diversity/entropy indices, kernel density

Mobility (Aggregated) Remote Sensing (Aerial/Satellite)

Travel times to jobs/centres
Centrality / isochrone areas
Local transport access

Street-level Imagery

Green-view index, tree canopy & verge
presence
Facade condition, cleanliness

Text & Document Signals

Topics from planning apps/policy
Amenity review sentiment/subjects
Local newsllistings keyword rates

Population & Socio-Economic . Built Environment . Networks, Accessibility and Spatial Structure . Environment

In/out flow volumes, commute share
Destination entropy, dwell-time profiles
Day-night & weekday-weekend patterns

Environmental Exposure

Emissions, noise decibels
Flood/industrial hazard proximity
Urban heat, greenspace access

Year-on-year deltas across modalities
Rolling means/volatility indicators stats
Event/scheme start-end step changes

NDVI, built-up indices
Seasonal composites, texture,
Surface temperature/heat island

Urban Morphology & Form

Intersection density, block size,
cul-de-sacs
Building height, floor-area ratio

Temporal Change Features

Moran’s | / Geary’s C neighbourhood

Road/commute flow graph embeddings

Mobility & Dynamic Process

Fig. 1. Potential areas and example inputs to a learned representation of data for residential differentiation.
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TRADITIONAL APPROACH

Tabular Data Sources

!

Principal Component

Analysis
(Optional)

!

Linear Components

!
Clustering (e.g., K-Means)

(informed by urban geography, sociology,
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PROPOSED APPROACH

Multi-source Data Quality

(e.g., census, imagery, mobility traces,
text, transactions)

Control

Data audits
Learned Representation

Method

Sensitivity tests

Non-linear Latent
Space Representation

Interpretability

Theory-guided Clustering

housing studies etc)

Note: This proposed approach captures both
linear and non-linear relationships in multimodal
data, in contrast to traditional methods limited to

linear associations.

Fig. 2. A comparison of traditional and proposed approaches for developing geodemographic classifications. The traditional framework (left) employs linear
dimensionality reduction techniques such as PCA, which constrain pattern detection to linear associations between variables. The proposed framework (right)
substitutes learned representations, enabling identification of both linear and non-linear relationships in the input data while preserving compatibility with

established clustering methods.

cannot capture. Second, data integration potential might increase sub-
stantially, allowing diverse and previously incompatible measures (for
example, census tabulations, satellite imagery, mobility traces, and text-
derived sentiment indicators) to coexist within a unified analytical
framework. Third, interpretability mechanisms such as SHAP values,
saliency maps, and activation maximisation could offer insights into
how individual features contribute to emergent latent structures, though
this would require careful development and validation.

Building upon this representational foundation, such a framework
might also incorporate a theory-guided clustering stage that reintro-
duces conceptual reasoning into what has traditionally been a pre-
dominantly empirical process. This might involve using theoretical
priors derived from urban geography, sociology, or housing studies to
guide cluster granularity, assessing whether emergent segments reflect
known urban structures (such as core-periphery gradients, tenure
stratifications, or mobility catchments) or testing whether unexpected
patterns challenge prevailing assumptions about neighbourhood differ-
entiation. Whereas conventional clustering algorithms identify groups
based solely on statistical similarity, a theory-guided approach would
more closely align the clustering and interpretation of latent represen-
tations with established urban and social theories concerning spatial
segregation, urban morphology, or residential mobility. In practice, this
would involve iterative alignment between the empirical structure of the
latent space and the conceptual expectations derived from theory,
thereby aiming to ensure that the resulting classifications are not only
statistically robust but also theoretically coherent and socially inter-
pretable. Crucially, this does not imply imposing rigid theoretical tem-
plates on the data. Instead, we suggest that theory could function as a
structured interpretive lens, shaping how clusters are evaluated, refined,
and ultimately stabilised. The capacity of learned representation
methods to capture non-linear relationships might be particularly
valuable here: unlike PCA's linear projections, which may distort or
obscure urban structures that do not align with linear axes of variation,
they could potentially learn latent dimensions that more naturally
correspond to theoretically meaningful constructs. Through this process,

the analysis might become a dialogue between data and theory rather
than statistical optimisation alone, positioning the resulting typologies
as more conceptually anchored representations of urban structure.

Integral to this proposed framework would be rigorous quality con-
trol mechanisms. Data audits assessing representativeness and potential
biases should precede model training, while sensitivity analyses would
test the stability of learned representations across different architectural
choices and input configurations. Interpretability techniques including
feature attribution, saliency mapping, and counterfactual fairness tests
would need to be embedded throughout the analytical pipeline rather
than applied as post-hoc additions, ensuring that the framework main-
tains transparency despite the inherent complexity of non-linear models.
Moreover, the inner workings of neural networks lack direct interpret-
ability and we argue should also require the use of emergent eXplainable
Al (XAI) methods. Such practical and interpretability challenges repre-
sent significant barriers that optimally would need to be addressed
before such approaches could be widely adopted.

7. Critical reflections and future directions
7.1. Summary of contributions

This paper has advanced a proposition: that geodemographic rep-
resentations of residential differentiation may benefit from integrating
greater diversity of input data alongside learned representation
methods, while maintaining the theoretical grounding and interpret-
ability essential to urban research. The proposed framework presented
in Section 6 preserves a neutral definition of residential differentiation
established at the outset, as a descriptor of spatial patterns, while pro-
posing expanded capacity to capture non-linear complexities increas-
ingly characteristic of contemporary urban environments. The evolution
from Booth's pioneering social surveys through the Chicago School's
ecological models, Social Area Analysis, and factorial ecology to
contemporary geodemographics represents a progressive refinement of
methods for understanding urban residential structure. Each approach
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has been shaped by advances in data availability, computational ca-
pacity, and theoretical priorities, bringing new insights alongside
inherent limitations. Our proposed framework represents a suggested
continuation of this trajectory, specifically targeting the inability of
traditional linear dimensionality reduction techniques that may be
applied within geodemographic classification to capture complex, non-
linear interactions identified as a limitation in Section 4. The Liverpool
studies of the 1970s (Section 3.3) established the pragmatic utility of
multivariate classification approaches for policy intervention. Our pro-
posed framework seeks to maintain such operational utility while
exploring methodological possibilities through the inclusion of non-
linear dimensionality reduction, as illustrated in Fig. 2's comparison
between traditional and proposed approaches.

The research agenda proposed by this framework represents further
incremental development rather than wholesale replacement. Tradi-
tional clustering algorithms would be retained, preserving the inter-
pretability and potential for nested categorical hierarchies that have
proven valuable across decades of geodemographic application. What
changes is the feature engineering stage: where we argue for the po-
tential role of learned representations in data reduction to enable
detection of non-linear patterns that linear methods cannot capture.

7.2. Critical reflections

Methodological sophistication brings commensurate responsibility.
One longstanding tension in residential differentiation research con-
cerns the balance between empirical pattern recognition and the deeper
causal understanding valued in urban studies. Critics have argued that
data-driven methods, particularly within “urban science,” risk reduc-
tionism where complex social phenomena are abstracted into detached
numerical patterns (Kitchin, 2020). While learned representation
methods may reveal sophisticated patterns, their outputs are not
inherently explanatory, and their opacity may hinder theoretical
engagement or obscure harmful biases embedded within data (Sangers
et al., 2022; Selbst et al., 2019). Thus, we do not advocate for uncritical
adoption, but rather careful integration grounded in transparency and
interpretability. The tools identified in Section 5.2, including SHAP
values to quantify feature contributions, saliency maps to visualise
spatial patterns, and activation maximisation to reveal archetypal in-
puts, all represent potential safeguards that would require further
development and validation in geodemographic contexts. The objective
would be to transform any application of a learned representation
method from a black box into a more transparent analytical instrument,
enabling researchers to interrogate how models are interpreting the
attributes of geographic context.

Data quality considerations also remain foundational. Techniques
such as demographic parity analyses, counterfactual fairness tests, and
bias impact assessments, identified in Section 5.3 as relevant consider-
ations should ideally be adapted and operationalised for geodemo-
graphic contexts in future work. Participatory methods, including
feedback loops with local communities, could further ground model
outputs and enable contestability when algorithmic classifications
misrepresent lived reality (Acolin & Kim, 2024; Longley & Singleton,
2009). Public communication around model limitations and capabilities
is vital for building Al literacy in urban governance (Fontes et al., 2024;
Sanchez et al., 2025), ensuring that methodological developments do
not outpace the democratic and ethical frameworks essential to their
responsible use.

7.3. Future directions

Contemporary geodemographic models face ongoing challenges in
capturing the complex, non-linear, and dynamic characteristics of urban
residential patterns. We suggest that the proposed framework offers
potential avenues for advancing both descriptive and analytical capa-
bilities, though this remains to be demonstrated empirically. Key
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priorities for future research include: first, empirical testing of the pro-
posed framework against traditional approaches using appropriate
validation metrics; second, development of domain-specific interpret-
ability tools tailored to geodemographic applications; third, creation of
theory-grounded evaluation frameworks that assess alignment with
established indicators of urban processes; and fourth, inclusive partici-
patory approaches that ensure these methods serve society as compre-
hensively as they advance science. The framework's value will
ultimately be measured not by technical sophistication alone, but by its
capacity to generate insights that can meaningfully inform equitable
urban policy.
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