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ABSTRACT

Dimensionality reduction is fundamental to applied spatial data analysis, condensing high-dimensional indicators into parsimo-

nious representations for mapping and modeling. Principal component analysis (PCA) remains a dominant approach, yet its lin-

earity assumptions constrain its capacity to capture the complex, non-linear dependencies characteristic of spatial socio-economic

data. We evaluate the effectiveness of autoencoders as a flexible, parametric alternative for constructing composite measures of

neighborhood structure. Through encoder-decoder architectures, AEs learn non-linear representations that better reflect under-

lying data complexity, enable projection of new observations without refitting, and provide reconstruction-based diagnostics that

enhance transparency. We demonstrate the approach using small-area data from the 2021 Census of England and Wales, evaluat-

ing how effectively AEs summarize spatial variability and recover composite dimensions of residential differentiation compared

with PCA.

1 | Evolving Approaches to the Measurement
of Composite Neighborhood Structure

A composite measure of neighborhood structure is a numer-
ical representation derived from underlying patterns in
multidimensional spatial data, capturing key geographic char-
acteristics of neighborhoods, such as demographic composition,
socio-economic status, or built environment attributes. Unlike
a univariate measure, a composite can capture a broad range
of characteristics, including interactions, and represent more
abstract latent concepts that are not directly measurable such
as “deprivation.” Within a contemporary geographic context,
composite measures typically emerge from the application
of dimensionality reduction techniques to identify and quan-
tify otherwise hidden spatial relationships or structures. The
development of composite indicators is well established within
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the academic literature, and there is a lineage of different
methodological approaches (Harris et al. 2005; Singleton and
Spielman 2014, 2026; Batey 2022). Social Area Analysis was
developed by Shevky and Williams (1949) and had a particu-
larly strong influence in early work from the 1950s and 1960s.
Although this drew criticism regarding theoretical robustness
and generalizability across contexts (Ericksen 1949; Hawley
and Duncan 1957; Bassett and Short 1980), Social Area Analysis
established foundational methodology for the integration of mul-
tivariate census data into a spatial analytical framework (Shevky
and Bell 1955; Rees 1971; Timms 1971). Factorial Ecology
emerged later during the 1970s, and extended Social Area Anal-
ysis through the integration of factor analysis and a relaxation of
input measure specifications (Berry and Kasarda 1977; Hale and
Austin 1997). This was extensively applied through the 1980s and
continues in limited contemporary studies (Al-Shawamreh and
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Farhan 2018; Salvati et al. 2018; Hirokane and Amemiya 2023;
MontosaMuñoz 2023). However, Factorial Ecology has also faced
critique on issues of model interpretability, generalizability, and
reproducibility (Johnston 1977; Harris et al. 2005). Further-
more, given that spatial datasets are typically characterized by
complex non-linear relationships, scholarship has increasingly
emphasized the limitations of linear techniques in capturing
spatial patterns and dependencies (Hughes and Carey 1972;
Hunter 1972; Da Vies 1978).

1.1 | The Case for Non-Linear Representations

The composite measures of neighborhood structure discussed in
the preceding section have prevalently been underpinned by lin-
ear dimensionality reduction techniques, particularly Principal
Component Analysis (PCA) and related factor analysis methods.
PCA operates by computing a set of new orthogonal variables,
known as principal components, that are linear combinations
of the original variables (Jolliffe 2002). Each component is con-
structed to maximize variance, and the components are ordered
such that the first captures the largest share of total variance, the
second the next largest, and so forth. Dimensionality reduction
is then achieved by selecting the first n components that together
explain the majority of variance, allowing a high-dimensional
dataset to be represented by a smaller number of composite
dimensions that summarize the dominant axes of neighborhood
differentiation. However, because these components are con-
strained to be linear combinations of the input variables, there is
an inherent assumption that the underlying structure of the data
can be adequately described by linear relationships. These linear
assumptions can be problematic when applied to spatial data,
which frequently exhibit spatial heterogeneity (non-stationary
relationships across space) and spatial autocorrelation (nearby
areas having similar demographic profiles) (Demšar et al. 2013).
Socio-economic and demographic phenomena commonly
produce non-linear dependencies, interaction terms, and thresh-
old effects that PCA’s orthogonal linear components cannot
adequately capture.

Developing summaries of small-area residential structures that
better respect the non-linearities and dependence inherent in
spatial data remains under-explored. Within the broader fam-
ily of high-dimensional reduction techniques, manifold-learning
methods provide a principled response to this challenge. They
rest on the manifold hypothesis, which states that although
observations are recorded in a high-dimensional feature space,
the salient structure often lies on a much lower-dimensional
manifold embedded within it. By learning this geometry, rather
than relying on linear projections, such methods aim to uncover
meaningful patterns in residential datasets that would other-
wise be obscured. A diverse range of non-parametric tech-
niques has emerged, including t-distributed stochastic neighbor
embedding (t-SNE) (van der Maaten and Hinton 2008), Uni-
form Manifold Approximation and Projection (UMAP) (Healy
and McInnes 2024), Kernel PCA (Schölkopf et al. 1998), and
Diffusion Maps (Coifman and Lafon 2006). Alongside these,
parametric neural-network approaches can also learn complex
manifold structures. Autoencoders offer powerful unsupervised
dimensionality-reduction frameworks (Wang et al. 2016), pairing
an encoder that compresses inputs into a low-dimensional latent

space with a decoder that reconstructs the original data from that
representation (Rezende et al. 2014; Kingma and Welling 2019).

Manifold-learning methods have proved valuable for reduc-
ing complex, high-dimensional datasets. In geographic analy-
sis, they are especially prominent in remote sensing (Crawford
et al. 2011); for example, variational autoencoders have been
used for embedding extraction from satellite imagery (Belwalkar
et al. 2018; Singleton et al. 2022). t-SNE and Laplacian Eigen-
maps have been used to characterize multi-scale spatio-temporal
processes from satellite imagery and raster models (Sousa and
Small 2022), and t-SNE has supported cluster analysis and spa-
tial delineation in groundwater geochemistry (Liu et al. 2021).
UMAP has also been shown to be a powerful tool for exploring
population substructure and fine-scale genetic geographic rela-
tionships in human genomic data (Diaz-Papkovich et al. 2019;
Diaz-Papkovich et al. 2021). Applications that are related to
small-area socio-economic and demographic data remain more
limited, though the evidence base is growing. For example, diffu-
sionmaps have been used to analyze the 2011 England andWales
Census data (Barter and Gross 2019; Xiu and Chen 2023). Fur-
thermore, domain-specific studies include energy-infrastructure
analysis using UMAP and t-SNE on geolocated smart-meter
data (Khan et al. 2023) and housing market applications (Chen
et al. 2025). While such a body of work demonstrates the poten-
tial of manifold learning for geographic analysis, the suitability
for operational applications exploring residential differentiation
where transparency, updatability, and consistency over time are
paramount requires further scrutiny.

1.2 | Practical Requirements for Composite
Indicators of Neighborhood Structure

Composite indicators of residential differentiation are often
embedded in policy workflows, updated periodically, and sub-
ject to stakeholder scrutiny. Such operational demands place
specific requirements on dimensionality reduction methods that
extend beyond representational fidelity alone. When develop-
ing measures of residential differentiation, the application of
non-parametric manifold learning techniques does, however,
have a number of constraints. Although methods such as t-SNE
and UMAP have demonstrated utility as tools for exploratory
visualization, they are designed to preserve local neighborhood
structure at the expense of global distances, so the reduced
embedding does not faithfully retain the relative positions of
areas across the dataset as a whole (Sainburg et al. 2021; Healy
and McInnes 2024). Beyond this, standard implementations of
both methods lack any natural mechanism for inverse recon-
struction. This restricts their ability to quantify what information
is preserved or lost during reduction, which is an issue of par-
ticular concern where socio-economic indicators carry policy
weight and transparency may be prioritized. Practical imple-
mentation of non-parametric manifold learning methods may
also introduce operational hurdles that limit their effectiveness
where measures need updating over time. When new input data
become available, whether from temporal updates or through
the addition of geographic areas, t-SNE requires an entire dataset
to be reprocessed. For example, if a single new area was included
in an analysis, this could necessitate re-analyzing thousands of
existing areas, with no guarantee that the resulting patterns will
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align with previous findings. UMAP provides a partial solution
through an approximate projection method for new data points,
yet such an approach sacrifices accuracy and tends to not fully
replicate the quality achieved through complete retraining of the
model. Furthermore, neither Kernel PCA nor Diffusion Maps
naturally accommodate new data points without substantial
recomputation. While approximate out-of-sample extensions
exist (Williams and Seeger 2000; Coifman et al. 2005), such
methods can introduce approximation errors and also require
retention of the original training data for projection computa-
tions. Finally, sensitivity to parameter selection presents another
practical obstacle for many methods. Both t-SNE and UMAP
require researchers to specify parameters that fundamentally
shape the resulting analysis. For example, perplexity values in
t-SNE determine the balance between local and global structure
preservation, while UMAP’s neighborhood and distance param-
eters control how tightly clusters form in the reduced space.
Such parameters may require different values when analyzing
urban versus rural areas, or when examining data at different
geographic scales, making it difficult to establish standardized
global analytical approaches. Kernel PCA requires selection of
both kernel type (e.g., Gaussian, polynomial, and sigmoid) and
associated parameters, with the Gaussian kernel’s bandwidth
parameter proving particularly influential in determining the
scale at which demographic patterns are detected. Diffusion
Maps also face similar challenges with their scale parameter,
which controls the diffusion process that fundamentally shapes
the resulting geometric representation. Although parametric
variants of t-SNE and UMAP have been proposed to enable
mappings for new data and partial interpretability (van der
Maaten 2009; Sainburg et al. 2021), these techniques remain less
widely adopted and introduce additional model complexity.

We argue that autoencoder (AE) architectures offer a practical
and maintainable alternative for characterizing residential struc-
ture that addresses several constraints of non-parametric mani-
fold methods. First, AEs provide a parametric encoder, enabling
out-of-sample projection of new small areas without necessity
to recompute existing embeddings; and as such, models can be
fine-tuned when the geography or temporal update allows, while
keeping earlier embeddings valid. Second, the decoder enables
reconstruction diagnostics, allowing us to quantify what infor-
mation is preserved or lost and to relate latent dimensions back
to the original variables via variable-wise reconstruction error
and sparse surrogate models. We see this as an advantage for
policy-facing applications and transparency. Third, representa-
tion learning reduces reliance on fragile hand-tuned manifold
parameters; instead, the network learns non-linear structure
directly from the data. Prior work already points to their util-
ity for geodemographic preprocessing (De Sabbata and Liu 2023;
Liu andDe Sabbata 2019), the construction of geographic embed-
dings for zonal units (Cepeda et al. 2023; Agarwal et al. 2024),
and the derivation of built-environment structure from satellite
imagery (Singleton et al. 2022; Klemmer et al. 2024).

Building on this evidence, we develop an AE-based pipeline for
deriving a composite indicator of residential differentiation using
2021 Census small-area data for England and Wales. We then
evaluate this against PCA as a linear benchmark. Within this
context, our paper contributes to the literature on residential
differentiation by demonstrating how autoencoders can offer a

robust and effective alternative to traditional linear methodolo-
gies in deriving composite indicators.We showcase the efficacy of
this new approach through a detailed, extensive case study eval-
uation utilizing neighborhood-level data from the 2021 Census
for England and Wales. We argue that AEs, when applied for a
similar purpose to PCA as a dimensionality reduction method,
provide additional advantages by effectively capturing localized
non-linear relationships inherent in geographic data, directly
addressing a key limitation of PCA.

2 | Autoencoder-Based Census Dimensionality
Reduction

Inputs to this study were all extracted from the 2021 Eng-
land and Wales Census and downloaded in bulk from Nomis
(https://www.nomisweb.co.uk/sources/census_2021_bulk) at
the Output Area (OA) scale. An OA is the smallest unit for which
census data in the UK are disseminated and typically comprises
between 40 and 250 households. Data for England and Wales
were used in this study, which represent 188,880 OAs. Topics that
were extracted included Demography and Migration, Ethnicity,
Identity, Language and Religion, Work and Travel, Housing,
Education, and Health. Variables with limited geographic cov-
erage were excluded, including Welsh language (available only
for Wales), short-term non-UK residents, and second home type
(both containing non-zero values for only a minority of OA).
Population density was also excluded. This resulted in a subset
of 408 initial variables, all presented as percentages relative to
their appropriate table denominator. The initial inputs therefore
represented a very large multidimensional array (77,063,040 data
points) and contained measures that covered the full breadth
of topics within the Census at OA scale, with full coverage over
both England and Wales.

2.1 | Autoencoders

The structure of an autoencoder comprises two primary stages:
the encoder and the decoder (Figure 1). The encoder condenses
input data into amore compact representation, while the decoder
aims to reconstruct the original data from the condensed form.
The autoencoder’s architecture features a sequence of densely
connected layers that narrow, culminating in a “bottleneck” layer
which is the most compressed state. Autoencoders learn hierar-
chical features from the data, which can be far more expressive
than the linear combinations given by PCA. A deep autoencoder
can stack multiple layers that capture first simple patterns, then
more abstract ones. For instance, in image processing, early lay-
ers typically detect low-level features such as edges and textures,
while deeper layers capture higher-order representations like
object parts or spatial arrangements. Analogously, when applied
to spatial tabular data such as census variables, autoencoders can
learn composite latent factors that encode co-occurring charac-
teristics, for example, combining patterns of population aging
with high ethnic diversity into a single learned representation.

There are multiple ways in which an autoencoder can be
designed, with options including the number of layers, the types
of activation functions used and the choice of loss function. The
selection of these elements can influence the performance and
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FIGURE 1 | The model encoder-decoder architecture. D1, D2, D3, and B indicate the layer dimensions, with D1 the input and output layer, D2 and

D3 the hidden layers, and B the bottleneck that sets the latent dimensionality.

capability of the autoencoder. The number of layers determines
the depth and complexity of the network architecture. Deeper
networks with more layers can learn increasingly abstract repre-
sentations of the input data, while shallower architectures may
be sufficient for simpler patterns. The bottleneck layer, posi-
tioned at the network’s center, defines the dimensionality of the
compressed representation and thus the degree of information
reduction. Activation functions can introduce non-linearity into
the network, enabling it to capture complex, non-linear relation-
ships in the data. Common choices include ReLU (Rectified Lin-
ear Unit), sigmoid, or tanh functions. Without such non-linear
activation functions, the autoencoder would be limited to a lin-
ear transformation that recovers the same subspace as PCA (Baldi
and Hornik 1989). The model is operationalized against a loss
function which evaluates how themodel’s accuracy changes dur-
ing training, essentially measuring error related to the recon-
struction of the original source data. By training to minimize
this reconstruction error, the autoencoder focuses on preserving
essential structure, potentially yielding features that align better
with meaningful geographic patterns, at the cost of being less
directly interpretable than PCA components.

2.2 | Model Architecture and Training

For this implementation we designed anAEwith a depth of three
dimensionality-reducing layers, each followed by a Leaky ReLU
activation function that aimed to introduce non-linearity into the
model. The model architecture is shown in Figure 1 where D1,
D2, D3 signify different dimensions resulting in the most com-
pressed state at B, the “bottleneck” within the autoencoder. D1 is
fixed by the data as the 408 input variables and is also the dimen-
sionality of the reconstructed output. D2 and D3 are the hidden
layers,with dimensions decreasing linearly in three steps fromD1
to B. Single lines between each layer are illustrated, but in real-
ity the connections are dense, as their number is the product of
the number of neurons in the preceding layer and the number of
neurons in the subsequent layer.

The model was implemented with a loss function compris-

ing the mean squared error (MSE), normalized by the mean

squared value of the input. Squaring the error penalizes larger

deviations more heavily. The normalization ensures the loss
is scale-invariant, preventing variables with larger magnitudes

from dominating the training process. The autoencoder is trained

for a series of epochs, where an epoch represents each training
cycle. TheMSEwithin each epoch can bemonitored until further

iterations result in very limited improvement to the loss function.

Although it was possible to utilize the whole dataset for training,

a “mini-batch” approachwas implemented instead. This involved
splitting the dataset into small (1% in our case) and randomly cho-

sen subsets. All subsets were then processed separately during

each epoch, thus updating the model parameters multiple times
(100 times in our case) per epoch, rather than just once using the

entire dataset. This also resulted in the returned models show-

ingmarginally betterMSE scores. This occurs because processing

smaller subsets of data multiple times per epoch provides more
frequent and stable gradient updates which helps the model to
avoid local minima. To assess training stability, we trained each
model configuration 10 times with different random initializa-
tions. The models were run on a pair of NVIDIA RTX A6000
Nvidia GPUs, using Pytorch and Pytorch Lightning with CUDA
enabled. Each model trained in under 10min with a storage foot-

print under 2MB. Table 1 contains the configuration and hyper-
parameters of the AE models used.

3 | Evaluating Non-Linear Information Gain

A key contribution of this paper is to examine the extent to which
non-linear geographic information can be captured by the com-
posite measures derived from AEs. As such, we evaluated the

performance of the AE in creating a compressed representation
of the England and Wales Census data by comparing it to a PCA
decomposition across a series of latent dimensionalities, ranging
from 2 to 128. Themodel architecture, as described above, is kept
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TABLE 1 | Autoencoder parameter settings.

Parameter Parameter setting

Bottleneck

dimensionality (B)

2, 4, 8, 16, 32, 64, 100, 128

Architecture Symmetric encoder-decoder

(D1, D2, D3, B)

Layer sizes Linear from 408 to B (e.g.,

D1= 408, D2= 274, D3= 141,

B= 8)

Hidden activation LeakyReLU (� = 0.01)

Optimizer AdamW (lr= 10−3, weight

decay= 10−2)

LR schedule ReduceLROnPlateau

(factor= 0.2, patience= 10)

Loss function Normalized MSE

Epochs 500

Batch size 1% of observations

Random seed 20210321+ (i× 1000) for

i∈ {0, 1, . . . , 9}

the same for each training run, with the layer size configured to
decrease linearly from the input layer to the bottleneck size.

The linear comparator was generated by calculating the recon-
struction error of the PCA decomposition using the number
of principal components (ordered by explained variance) corre-
sponding to each AE latent dimensionality. PCA was applied
to the same 408-variable input used to train the autoencoder,
expressed as percentages relative to their appropriate table
denominator. Reconstruction is achieved by projecting the data
into the reduced space and applying the inverse transformation
back to the original feature space. This reconstruction represents
the optimal linear approximation of the data for a given num-
ber of components. Any residual error, therefore, reflects variance
that cannot be captured by that number of linear combinations of
the original variables.

As discussed in Section 1.2, non-parametric methods such as
UMAP provide no natural inverse transformation to the origi-
nal feature space, so they are not included in the comparison.
The commonly used approximate inverse reconstructs a point by
interpolating between the original training observations at the
vertices of a Delaunay triangulation of the embedding, so it is not
self-contained. Furthermore, the cost of computing this inverse
grows exponentially with the latent dimension, so it becomes
intractable for our purposes, failing beyond eight dimensions.
The parametric variant of UMAP learns the embedding with a
neural network and can be paired with a neural decoder to recon-
struct the inputs, but this makes it an autoencoder-hybrid model
that overlaps with the approach evaluated here.

We initially assessed the performance of the respective meth-
ods using the root mean squared error (RMSE) between the
reconstructed and the original census data, computed across all
variables and Output Areas (OAs). Taking the square root of the
mean squared error returns the metric to the original units of

FIGURE 2 | A comparison of the reconstruction error between PCA

and autoencoder methods as a function of compressed latent space

dimensionality. Autoencoder results represent the mean RMSE over 10

independent training runs, with between-run variability too small to be

visible at this scale.

the input data, which in this case are percentages. Variability in
reconstruction error across runs was minimal, with the coeffi-
cient of variation (the ratio of standard deviation to mean RMSE)
below 0.014 for all tested dimensionalities. This demonstrates
stable training behavior and consistent performance, confirming
that differences between AE and PCA are robust.

Figure 2 illustrates the outcome of this comparison. For both
PCA and AE, as the latent dimensionality increases, the RMSE
decreases, as the compressed representation contains more
information and therefore produces a better reconstruction of
the original data. The AE outperforms PCA in reconstruction
accuracy for all tested dimensions, demonstrating its ability to
capture non-linear structure in the data that the linear decompo-
sition cannot. The performance gain ismost pronounced at lower
dimensionalities. As the latent dimensionality approaches that
of the original input data, the advantage of non-linear methods
diminishes: with minimal compression, there is less complex
structure for the autoencoder to exploit, and both methods
converge toward near-perfect reconstruction.

3.1 | Out-of-Sample Generalization

The reconstruction errors reported above are measured on the
same OAs used to fit each model. As the autoencoder has sig-
nificantly more free parameters than PCA’s linear projection, the
lower reconstruction error could in principle reflect its greater
capacity to fit the training areas rather than a genuinely more
efficient encoding of the data. Although the low-dimensional bot-
tleneck constrains capacity, a sufficiently flexible encoder and
decoder can still fit structure specific to the training areas rather
than structure shared across them. We use a spatially indepen-
dent hold-out set to assess how well each model encodes and
reconstructs areas that were not used in training.

Census variables are spatially autocorrelated, so a random
OA-level hold-out risks leakage between neighboring training
and test areas. We therefore withhold whole Local Authority Dis-
tricts (LADs), which nest OAs into 331 larger contiguous areas.
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TABLE 2 | Reconstruction RMSE (%) under 5-fold spatially blocked cross-validation.

Dimensionality PCA (train) PCA (held-out) AE (train) AE (held-out)

2 5.445 5.465 (5.335–5.539) 3.909 4.071 (3.999–4.114)

4 4.565 4.580 (4.498–4.677) 3.134 3.328 (3.273–3.385)

8 3.720 3.744 (3.683–3.846) 2.511 2.648 (2.593–2.681)

16 2.813 2.836 (2.744–2.897) 2.003 2.084 (2.024–2.112)

32 2.033 2.055 (1.970–2.110) 1.562 1.607 (1.560–1.634)

64 1.359 1.380 (1.317–1.413) 1.105 1.134 (1.098–1.165)

100 0.944 0.964 (0.915–0.989) 0.787 0.813 (0.770–0.870)

128 0.723 0.745 (0.704–0.780) 0.685 0.708 (0.665–0.792)

Note: Held-out values are the mean (min–max) across the five held-out folds; train values are the mean across the five training fits.

The 331 LADs are partitioned into five folds of entire districts,
each containing ∼20% of OAs (37,313–38,014 of 188,880), and
each fold is withheld in turn. Using the same architecture and
hyperparameters as in Table 1, the autoencoder is trained five
times, once per fold, each time on the remaining 80% of areas
and evaluated on the OAs in the held-out districts. The PCA com-
parison is likewise refit and evaluated on the same five train and
test partitions. Table 2 reports reconstruction RMSE on the train-
ing partition (“train”) and on the withheld districts (“held-out”),
with the range (min–max) across the five held-out folds.

The training-sample RMSE values from the five spatial hold-out
fits agree closely with the full-sample RMSE values reported
above, differing by less than 0.04 percentage points at every
dimensionality. This indicates that the refitted models are con-
sistent with the models trained on the complete dataset.

The autoencoder retains its advantage over PCA on the
out-of-sample areas at every dimensionality. Both models exhibit
some deterioration in error on the held-out areas. For PCA, the
train–held-out gap is almost constant at approximately 0.02
percentage points across dimensionalities, providing a useful
baseline for the change in error introduced by evaluating on
spatially separate areas. The autoencoder has a larger generaliza-
tion gap, particularly at lower dimensionalities. Across the more
compressed representations, held-out RMSE exceeds train RMSE
by up to 0.19 percentage points, equivalent to a relative increase
of approximately 6%. This gap falls as dimensionality increases.
At dimensions 32 and above, those most likely to be used in prac-
tice, the autoencoder’s held-out RMSE exceeds its training RMSE
by less than 0.05 percentage points, corresponding to a relative
increase of less than 3.5%. In these cases, the out-of-sample fold
ranges overlap the mean training RMSE, placing the train–test
difference within the scale of fold-to-fold variation.

These results address the concern that the AE’s advantage over
PCA could simply reflect its greater capacity to fit the train-
ing OAs. Were that the case, we would expect its error to
increase substantially on held-out areas. Instead, the gap between
training and held-out error remains small, particularly at the
higher dimensionalities most relevant for subsequent analysis.
The remaining evaluations therefore use models trained on the
complete dataset, so that the substantive analyses are based on
representations derived from the full set of OAs.

TABLE 3 | Global Moran’s I by latent dimensionality.

Dimensionality PCA Autoencoder (mean± SD)

2 0.536 0.407± 0.008

4 0.515 0.362± 0.008

8 0.528 0.316± 0.006

16 0.467 0.310± 0.003

32 0.444 0.355± 0.003

64 0.458 0.419± 0.002

100 0.494 0.474± 0.003

128 0.495 0.473± 0.008

Note: All p-values < 0.001.

4 | The Geography of Reconstruction Errors

This section examines the spatial structure of the reconstruc-
tion errors. We consider the RMSE per Output Area to better
understand within which geographic contexts each model strug-
gles to reconstruct the original data, and whether such residual
structure aligns with known socio-spatial patterns. Initially we
examine spatial autocorrelation and then explore these patterns
across both deprivation and density gradients, and across geode-
mographic clusters. Finally, we map the reconstruction errors to
visualize these spatial patterns directly.

A Global Moran’s I for each latent dimensionality is pre-
sented in Table 3, computed using a queen contiguity spatial
weights matrix of Output Areas. All values were positive and
statistically significant (p< 0.001), indicating spatial cluster-
ing of reconstruction errors for both methods. However, the
autoencoder consistently produced lower Moran’s I values
across all dimensionalities, suggesting it captures more of
the spatially structured variance in the original data, leav-
ing residuals that are more spatially random. This indicates
that the autoencoder learns representations that better pre-
serve the geographic coherence of neighborhoods compared to
PCA. Neither method exhibited a clear monotonic relationship
between dimensionality and spatial autocorrelation, though
the autoencoder showed a slight U-shaped pattern with mini-
mum values at intermediate dimensions (8–16). The persistent
spatial structure in reconstruction errors for both approaches
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FIGURE 3 | Reconstruction error distribution by IMD (1 most deprived, 10 least deprived) and population density decile (1 most dense, 10 least

dense). The dashed line indicates the mean improvement across deciles.

suggests that some geographic patterns remain uncaptured in
the latent representations, potentially reflecting unmeasured
local processes or spatial dependencies not fully encoded into the
input features.

To further evaluate and compare reconstruction scores, we
selected a latent dimensionality of 100 for the AE and 100 com-
ponents for PCA, a typical dimensionality for applications using
reduced census data as input (Liu et al. 2019). Given the low
variance in AE reconstruction performance across training runs,
we use the median-performing model for all subsequent spatial
and geodemographic analyses. For this dimension size, the mean
reconstruction RMSE across Output Areas is 0.943 for PCA and
0.760 for the median AE run, a relative improvement of 19.4%.
We then categorized or derived measures for each OA using sev-
eral metrics: population density, Index of Multiple Deprivation
(IMD),1 and the 2021 Output Area Classification (2021 OAC;
Wyszomierski et al. 2023) in order to systematically analyze the
characteristics of the error distribution. This identified which
types of neighborhood were most accurately represented and
which suffered the greatest information loss in each compression
method.

The first two of these measures are external to the model inputs.
Population density is independent by construction, since the
model was trained only on proportional census variables and
absolute density was not an input. The IMD is the official mea-
sure of relative deprivation for small areas, built from weighted
domains and compiled predominantly from administrative data,
with only a small number of census-derived indicators. The dis-
tribution gradients, shown in Figure 3, are broadly similar for
both PCA and the AE, with higher errors associated with more
deprived andmore densely populated areas. Reconstruction error

is 31.8% higher for themost deprived decile compared to the least
deprived for PCA, and 29.9% higher for AE. A similar pattern is
observed for population density, where error is 45.7% and 43.3%
higher in themost densely populated decile compared to the least
dense for PCA and AE, respectively. Across all indices, the AE
consistently yields lower reconstruction errors than PCA. How-
ever, the most substantial relative improvements are observed in
OA nested within Lower layer Super Output Area (LSOA) with
lower IMD deciles 1–4, highlighting its increased effectiveness
in capturing patterns in more materially deprived areas. Like-
wise, the greatest reductions in error for population density occur
in the highest density decile. This suggests that the autoencoder
not only outperforms PCA in terms of overall reconstruction
accuracy but also helps mitigate an unequal distribution of error
across socio-economic and spatial gradients.

The 2021 OAC is a hierarchical geodemographic classification
developed in partnership with the Office for National Statis-
tics that identifies OAs with similar population and built envi-
ronment characteristics (Wyszomierski et al. 2023). Constructed
using a subset of 2021 Census variables, the classification assigns
OAs to one of 8 Supergroups, which subdivide into 21 Groups
and 52 Subgroups. Table 4 contains a list of the Supergroups and
Groups produced by the classification; Subgroups are not used in
this study. Full cluster descriptions and statistics can be accessed
elsewhere.2

As the OAC is constructed using a subset of 2021 Census vari-
ables, some overlap exists with the variables used to train the
autoencoder.We therefore use it here as a descriptive way to com-
pare reconstruction error across recognizable area profiles, rather
than as an independent validation. As an established classifica-
tion of area types, the OAC provides a useful basis for assessing
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TABLE 4 | 2021 OAC Supergroup and Group names.

Supergroup Group

1: Retired Professionals 1a: Spacious Rural Living

1b: Small Town Suburbia

1c: Established Mature Families

2: Suburbanites and Peri-Urbanites 2a: Inner Suburbs and Small Town Living

2b: Rural Amenity

2c: Aging Communities

3: Multicultural and Educated Urbanites 3a: Student Living and Professional Footholds

3b: Ethnically Diverse Young Families

3c: Diverse Educated Urban Singles

4: Low-Skilled Migrant and Student Communities 4a: Ethnically Diverse Families in Less Connected Locations

4b: Established Multi-Ethnic Communities

4c: Challenged Multicultural Communities and Students

5: Ethnically Diverse Suburban Professionals 5a: Outer Suburbs

5b: Suburban Professionals

6: Baseline UK 6a: Challenged Communities

6b: Legacy Industrial and Coastal Communities

6c: Multicultural Inner Suburbs

7: Semi and Un-Skilled Workforce 7a: Established but Challenged

7b: Young Families in Industrial Towns

8: Legacy Communities 8a: Routine Occupations or Retirement

8b: Legacy and Demographically Mixed Communities

whether reconstruction error differs across different profiles of

places present in the census data.

Figure 4 displays the reconstruction error for the PCA and

AE, segmented by OAC Supergroup and the more granular

Groups. The distribution of reconstruction errors for both PCA

and the autoencoder is not uniform across Supergroups. Super-

groups 3 and 4 exhibit the highest overall errors, indicating

greater complexity or heterogeneity in these population clusters.

Notably, within these supergroups, Groups 3a (Student Living

and Professional Footholds) and 4c (Challenged Multicultural

Communities and Students) show the greatest improvement

in reconstruction error when using the autoencoder compared

to PCA. This suggests that the autoencoder better captures the

complex and non-linear structure of these areas. These Groups

are characterized by highly variable demographic, housing, and

socio-economic patterns associated with transient populations,

student accommodation, and diverse communities; patterns that

are less well captured by the linear assumptions of PCA but more

effectively modeled by the non-linearity and capability of the

autoencoder.

To further explore the geography of error, Figure 5 maps the spa-

tial distribution of reconstruction errors for both PCA and AE,

aggregated up to the level of Middle Layer Super Output Areas

(MSOAs) for visual clarity. EachMSOA comprises approximately

26 Output Areas (OAs). The density-related trends described ear-

lier are clearly reflected, with higher reconstruction errors con-

centrated in urban areas. This is most apparent in London, the

most densely populated city in the UK. Additional geographic
outliers in rural regions such as Cornwall and North Wales can
be observed distinctly in the PCA map. Here poorer reconstruc-
tion of variables regarding national identity contributes signifi-
cantly to this error. The Cornish and Welsh identities are largely
unique to these parts of the country and therefore have non-linear
relationships with other census variables, which PCA fails to cap-
ture effectively. The AE has a lower RMSE than PCA for all 7264
MSOAs, indicating that AE outperforms PCA almost universally.

5 | Case Study: Using the AE Embeddings
to Describe Salient Neighborhood Clusters

The preceding sections have demonstrated that the autoencoder
produces latent representations with lower reconstruction error
and greater spatial coherence than PCA across all tested dimen-
sionalities. These findings establish that the learned embeddings
encode meaningful geographic structure; however, the practical
value of such representations ultimately depends on their utility
within downstream analytical tasks. In this section, we evaluate
one such application by examining whether the AE latent space
can serve as a robust basis for geodemographic classification, a
common and policy-relevant use case for dimensionality-reduced
census data.

5.1 | Clustering Methodology

To assess the capacity of the AE embeddings to recover
coherent neighborhood typologies, we applied k-means cluster
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FIGURE 4 | Reconstruction error distribution by OAC Supergroup andOACGroup. The dashed line indicates themean improvement across Super-

groups and Groups.

FIGURE 5 | The mean reconstruction error for each MSOA in England andWales for (a) the PCA reconstruction with 100 components, and (b) the

Autoencoder reconstruction with a latent dimensionality of 100.
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analysis to the 100-dimensional latent space. This dimension-
ality was selected to maintain consistency with the evaluation
framework established in Section 4, where 100 components rep-
resent a typical operational specification for census-based appli-
cations (Liu et al. 2019). The number of clusters was set to k= 8,
determined through inspection of a Clustergram, following the
methodological conventions employed in the construction of the
2021 Output Area Classification (Wyszomierski et al. 2023). To
ensure stability of the final solution, the algorithm was executed
with 10,000 random initializations, with the configuration yield-
ing the lowest within-cluster sum of squares retained. An equiva-
lent clustering procedure was applied to the 100-component PCA
representation to enable direct comparison of the two dimen-
sionality reduction approaches as feature extraction stages for
neighborhood classification. In order to compare the results of
the two clustering outcomes, the cluster labels were aligned by
pairwisematching between AE and PCA clusters with the largest
OA overlap. Under this alignment, 84.3% of OAs were classified
identically by the AE- and PCA-based solutions. The Adjusted
Rand Index quantifying the overlap between the two solutions
was 0.68, indicating both solutions produce similar geodemo-
graphic structure.

5.2 | Spatial Coherence of AE-Derived Clusters

The resulting classifications produce spatially coherent neighbor-
hood groupings (Figure 6), with clear geographic structure visi-
ble at both national and metropolitan scales. Both the AE latent
space and the PCA components produce clusters with strong
spatial contiguity despite the absence of any explicit spatial con-
straint in the clustering algorithm, indicating each encodes geo-
graphic variation in a manner that naturally groups proximate
areas with similar socio-demographic profiles. Non-linear com-
pression therefore does not come at the cost of spatial regularity,
which is a desirable property for policy-oriented geodemographic
systems, where classifications are expected to reflect recogniz-
able local contexts rather than spatially fragmented artifacts of
the dimensionality reduction process.

To evaluate whether the AE-derived clusters capture substan-
tively meaningful population structure, we examined the corre-
spondence of both solutionswith the 2021OACSupergroups. The
2021 OAC represents an established geodemographic framework
constructed through conventional methods, including variable
selection, standardization, and iterative k-means clustering. As
it is derived from the same 2021 Census inputs used here, it pro-
vides a validated benchmarkmethod againstwhich the groupings
can be compared. Figure 7 presents a cross-tabulation of OA fre-
quencies betweenOACSupergroups and the eight clusters for AE
and PCA.

Given the substantial overlap between the two clustering solu-
tions, their correspondence with the OAC is broadly similar.
Several notable patterns emerge. The Legacy Communities
Supergroup maps almost entirely to a single cluster (Cluster 8)
under both the AE (92.7%) and PCA (94.7%), indicating that
both representations identify a distinct population archetype
corresponding to areas characterized by aging populations,
routine occupations, and demographic stability. The Semi- and
Un-Skilled Workforce Supergroup exhibits a near-identical

dominant mapping to Cluster 2 (73.5% AE, 74.4% PCA). Agree-
ment is not confined to Supergroups with a single dominant
cluster. The Ethnically Diverse Suburban Professionals Super-
group, for example, divides principally across Clusters 1, 3, and
5 under both solutions, in closely comparable proportions.

Disagreement between the two solutions is concentrated in
the Retired Professionals and Suburbanites and Peri-Urbanites
Supergroups, of which 23.1% and 23.3% of OAs, respectively,
change label, above the national rate of 15.7%. Retired Profes-
sionals is principally divided across three clusters under both
solutions (Clusters 1, 5, and 6), but the balance differs, with the
AE placing 37.5% in Cluster 6 against 18.1% under PCA and
the remainder shifting into Clusters 1 and 5. Suburbanites and
Peri-Urbanites shows the same loss from Cluster 6, falling from
26.3% under the AE to 15.2% under PCA, though here the mass
is absorbed principally into Cluster 3. This is where divergence
would be expected. Retired Professionals are distributed through-
out England and Wales, and Suburbanites and Peri-Urbanites
across suburbs and rural fringes nationwide, rather than being
concentrated in particular settings. Neither Supergroup is sharply
bounded in the census attributes on which the classification is
built, and boundaries drawn through gradual variation of this
kind therefore depend on how those attributes are compressed,
which linear and non-linear methods do differently.

5.3 | Cluster Quality Benchmarking

To assess cluster quality, we compared the AE-based and
PCA-based classifications using two standard internal valida-
tion metrics that capture complementary properties of cluster
geometry. The AE achieved a higher Calinski-Harabasz index
(AE: 27,293; PCA: 26,125), reflecting a slightly stronger global
ratio of between-cluster to within-cluster dispersion, whereas
PCA achieved a higher silhouette score (AE: 0.111; PCA: 0.125),
reflecting a marginally clearer separation between each area’s
assigned cluster and its nearest alternative. The two metrics
therefore favor different methods, and both differences are small.
We interpret modest differences in metrics as indicating broadly
comparable classification quality across the two approaches.

5.4 | Decoder Validation of Cluster Centroids

A distinctive advantage of the autoencoder framework is that
the trained decoder can be used to project cluster centroids from
latent space back into the original variable space, yielding inter-
pretable neighborhood profiles for each cluster. To assess the
fidelity of this inversemapping,we computed the centroid of each
cluster in the 100-dimensional latent space, decoded it through
the trained decoder network, and compared the resulting recon-
structed variable profile against the actual mean of census vari-
ables for all Output Areas assigned to that cluster. The decoded
centroids matched actual cluster means with an RMSE below
0.3 percentage points. As the decoder is non-linear, decoding
this averaged point is not equivalent to averaging the members’
profiles in the original variable space, so the close agreement
is not guaranteed by the training objective. It instead indicates
that each cluster occupies a region of the latent space coherent
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FIGURE 6 | Geographic distribution of the eight cluster geodemographic classification produced by k-means clustering (k= 8) on the

100-dimensional compressed space, shown for the AE-derived classification in England and Wales (a) and Greater London (c), with the equivalent

PCA-derived classification in (b) and (d).

enough for its centroid to decode to a neighborhood profile rep-

resentative of its members. This result has important practical

implications: it demonstrates that the decoder provides a reliable

mechanism for translating abstract latent representations into

policy-legible descriptions expressed in the original census vari-

able space. Stakeholders can therefore examine what each clus-

ter “means” in terms of concrete demographic, socio-economic,

and housing characteristics without requiring direct access to the

latent space itself. This addresses one of the principal concerns

raised regarding the application of neural network approaches

in operational geodemographic contexts,where transparency and
communicability of results are essential requirements.

6 | Discussion and Conclusion

6.1 | Summary of Findings

This study set out to evaluate autoencoders as a non-linear alter-
native to PCA for deriving composite measures of neighborhood
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FIGURE 7 | Cross-tabulation of theOA frequency (%) betweenOACSupergroups and the 8 clusters produced for bothAE (top left) and PCA (bottom

right).

structure from census data. The results provide consistent evi-
dence that autoencoders capture information that linearmethods
do not. Across all tested latent dimensionalities, from 2 to 128, the
autoencoder achieved lower reconstruction error than PCA, with
the performance differential most pronounced at lower dimen-
sionalities where compression is greatest. At 100 dimensions,
a specification typical of operational census-based applications,
the autoencoder reduced mean reconstruction RMSE by 19.4%
relative to PCA. Training was stable across 10 independent ini-
tializations, with a coefficient of variation below 0.014 at all
dimensionalities, indicating that the observed improvements are
robust to random seed selection rather than artifacts of favorable
initialization.

Spatial analysis of reconstruction errors reinforced these aggre-
gate findings. The autoencoder produced residuals with con-
sistently lower spatial autocorrelation (Global Moran’s I) than
PCA at every dimensionality tested, indicating that it captures
a greater share of the spatially structured variance in the orig-
inal data. When reconstruction errors were stratified by depri-
vation, population density, and geodemographic classification,

the autoencoder outperformed PCA across all categories. The
largest relative improvements were concentrated in the most
deprived areas (IMD deciles 1–4), the most densely populated
areas, and OAC Supergroups characterized by complex demo-
graphic composition, notably Supergroup 3 (Multicultural and
EducatedUrbanites) and Supergroup 4 (Low-SkilledMigrant and
Student Communities). These patterns are consistent with the
theoretical expectation that non-linear relationships are most
prevalent in neighborhoods where multiple demographic pro-
cesses interact simultaneously.

The case study application in Section 5 demonstrated that the
autoencoder’s latent representations also serve as effective inputs
for downstream geodemographic classification. K-means cluster-
ing of the 100-dimensional latent space recovered spatially coher-
ent neighborhood groupings with substantial correspondence to
the 2021 OAC Supergroups. Measures of cluster quality were
broadly comparable between the AE- and PCA-based classifica-
tions, with the AE achieving a higher Calinski-Harabasz index
and PCA achieving a higher silhouette score. Decoded cluster
centroids matched actual cluster means with RMSE below 0.3%,
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confirming the decoder’s utility as a mechanism for translat-
ing latent representations back into interpretable census variable
profiles.

6.2 | Non-Linear Structure in Neighborhood
Data

The systematic outperformance of autoencoders across all tested
configurations provides empirical support for their use as a
method to represent meaningful non-linear structure within
neighborhood-level census data. PCA’s reconstruction error at
any given dimensionality represents the optimal linear approx-
imation of the data; the autoencoder’s ability to improve upon
this bound therefore reflects variance that is attributable to
non-linear relationships among the input variables. The magni-
tude of this non-linear information gain is not uniform across
geographic contexts. The analysis revealed that it is greatest in
areas with complex socio-demographic compositions: deprived
urban neighborhoods, areas with high population density, and
communities characterized by diverse ethnic composition, tran-
sient populations, or the co-occurrence of high educational
attainment with economic disadvantage. These are precisely the
contexts in which one would expect threshold effects, interaction
terms, and non-stationary relationships to be most pronounced.

The geographic analysis of reconstruction errors also identified
specific spatial contexts where linear methods exhibit systematic
weakness. Regions with geographically concentrated cultural or
linguistic identities, such as Cornwall andNorthWales, produced
elevated PCA reconstruction errors that the autoencoder sub-
stantially reduced. In these areas, variables relating to national
identity have localized distributions that correlate weakly with
other census variables at the national level. PCA, which con-
structs components to maximize variance across the full dataset,
allocates limited representational capacity to such localized pat-
terns. The autoencoder’s non-linear encoding accommodates
these configurations without requiring them to conform to glob-
ally linear relationships, resulting in more geographically equi-
table reconstruction performance. This finding carries implica-
tions for applied research: composite neighborhood measures
that systematically underperform in specific geographic contexts
risk introducing spatial bias into any downstream analysis or pol-
icy application that relies upon them.

6.3 | Contributions

This paper makes three principal contributions to the litera-
ture on composite measures of neighborhood structure and
residential differentiation. First, it provides a detailed empiri-
cal evaluation of autoencoders as a dimensionality reduction
method for census-based neighborhood analysis, benchmarked
against PCA across a comprehensive range of latent dimension-
alities using a national-scale dataset (188,880 Output Areas, 408
input variables). While prior work has applied autoencoders to
geographic data in specific domains, including satellite imagery
(Singleton et al. 2022), geodemographic preprocessing (De
Sabbata and Liu 2023), and geographic embeddings (Cepeda
et al. 2023; Agarwal et al. 2024), the present study offers a

systematic comparison of linear and non-linear reduction for the
specific purpose of deriving composite indicators of residential
differentiation from census data. The evaluation extends beyond
aggregate accuracy to examine the spatial distribution of recon-
struction errors across deprivation gradients, density gradients,
and geodemographic typologies, providing a granular account of
where and why non-linear methods offer improvements.

Second, the study demonstrates that the practical advantages of
autoencoder architectures, identified in Section 1.2 as address-
ing key constraints of non-parametric manifold methods, are
realized in this application. The parametric encoder enables
out-of-sample projection of new areas without recomputation of
existing embeddings, an essential requirement for periodically
updated indicators. The out-of-sample evaluation in Section 3.1
demonstrates this in practice, with areas withheld from training
projected into the existing latent space and reconstructedwithout
refitting the model. The decoder enables reconstruction-based
diagnostics that quantify information preservation and loss at the
level of individual variables and individual areas, and provides a
principledmechanism for translating latent cluster centroids into
interpretable census variable profiles. These capabilities directly
address concerns regarding transparency and updatability that
have limited the adoption of non-linear methods in operational
neighborhood analysis.

Third, the case study application demonstrates that autoencoder-
derived latent representations can serve as effective inputs for
geodemographic classification, producing neighborhood typolo-
gies with strong spatial coherence and meaningful correspon-
dence to established classification frameworks. Alongside the
decoder’s capacity to reconstruct interpretable cluster profiles,
these results suggest that non-linear dimensionality reduction
can provide a useful basis for census-based neighborhood clas-
sification, particularly where the aim is to combine dimension-
ality reduction, classification, and profile interpretation within a
single modeling framework. Comparison with a PCA-based clas-
sification on the same inputs shows that approximately one in
six OAs receives a different label depending on the representa-
tion used, with divergence concentrated in suburban, peri-urban,
and older-population areas. This should not be read as establish-
ing that one classification is correct and the other is not, since no
ground-truth geodemographic partition exists. It does, however,
illustrate that the choice of dimensionality reduction is not neu-
tral for policy applications such as service targeting and resource
allocation. Open and reproducible pipelines, such as that pre-
sented in this paper, allow that choice to be tested against the
requirements of a given classification.

6.4 | Limitations

Several limitations should be acknowledged. The interpretability
of autoencoder features remains less direct than that of princi-
pal components. Principal components can be examined through
variable loadings that express each component as an explicit
linear combination of the original inputs, enabling straight-
forward identification of the variables that drive each dimen-
sion of variation. Autoencoder features, by contrast, represent
complex non-linear transformations for which no equivalent
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closed-form expression exists. Although the decoder provides a
mechanism for relating latent dimensions to original variables
through reconstruction, and surrogate modeling approaches can
approximate these relationships, the resulting interpretations are
inherently less transparent than PCA loadings. For policy appli-
cations where stakeholders require clear and auditable explana-
tions of how composite measures are constructed, this reduced
transparency presents a genuine constraint.

Finally, the computational requirements of autoencoder train-
ing, while modest in absolute terms (under 10min per model on
GPUhardware,with a storage footprint under 2MB), nonetheless
exceed those of PCA, which admits a closed-form solution. For
organizationswithout access toGPU infrastructure or deep learn-
ing expertise, this represents a practical barrier. Hyperparameter
selection, including network depth, layer widths, activation func-
tions, learning rate schedules, and regularization strength, intro-
duces additional complexity that requires domain knowledge and
systematic experimentation. Although the configurations tested
in this study exhibited low sensitivity to random initialization,
the broader hyperparameter spacewas not exhaustively explored,
and optimal configurations may differ for datasets with substan-
tially different characteristics.

6.5 | Future Directions

The findings of this study suggest several directions for future
work. First, advances in more interpretable representation learn-
ing, including disentangled autoencoders and attention-based
architectures, could be explored as a means of combining the
non-linear modeling capacity demonstrated here with greater
transparency of the learned features. Disentangled represen-
tations, in which individual latent dimensions correspond to
distinct and separable data-generating factors, would be particu-
larly valuable for policy applications that require each dimension
of a compositemeasure to carry a clear substantive interpretation.
Second, temporal extension presents an important opportunity.
The parametric nature of the autoencoder means that models
trained on one census period could, in principle, be applied to
project data from subsequent periods into the same latent space,
enabling analysis of neighborhood change within a consistent
representational framework. Evaluating the stability and trans-
ferability of learned representations across census periods would
be a valuable contribution to understanding residential dynam-
ics. Third, the autoencoder framework could be extended to
incorporate auxiliary objectives beyond reconstruction, such as
downstream prediction targets, to produce latent representations
that are jointly optimized for both representational fidelity and
task-specific utility. Finally, the architecture evaluated here is
aspatial, treating each Output Area independently of its neigh-
bors. This is by design, since spatial encoding would change the
question from whether non-linear autoencoders better capture
census structure than PCA to whether spatial autoencoders
outperform aspatial ones. Spatial structure could be introduced
through the objective, via a spatial contiguity penalty on the
latent representations, or through the architecture itself, with
graph neural network components allowing the encoding to
draw on the attributes of surrounding areas (De Sabbata and
Liu 2023).

6.6 | Concluding Remarks

This study has established autoencoders as an effective and
practical alternative to PCA for deriving composite measures
of neighborhood structure from census data. The consistent
improvements in reconstruction accuracy, the reduced spatial
autocorrelation of residuals, and the more equitable distribution
of errors across socio-economic and geographic gradients col-
lectively demonstrate that non-linear dimensionality reduction
captures information about residential differentiation that linear
methods do not. The parametric nature of the encoder, the diag-
nostic capacity of the decoder, and the demonstrated utility of the
latent space for geodemographic classification address several
operational requirements that have constrained the adoption of
non-linear methods in applied neighborhood analysis. While
challenges of interpretability and computational accessibility
remain, the evidence presented here supports the incorporation
of autoencoder-based approaches into methods for constructing
composite indicators of residential differentiation.
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