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Abstract. Spatial data, data with some form of location
attached, are the norm: all data are spatial now. However
spatial data requires consideration of three critical charac-
teristics, observation spatial auto-correlated, process spa-
tially non-stationarity and the effect of the MAUP. Geog-
raphers are familiar with these and have tools, rubrics and
workflows to accommodate them and understand their im-
pacts on statical inference, understanding and prediction.
However, increasingly researchers in non geographical do-
mains, with no experience of, or exposure to quantitative
geography or GIScience are undertaking analyses of such
data without full or any understanding of the impacts of
these spatial data properties. This short paper describes re-
cent interactions and work with research in gene analysis
and Spatial Transcriptomics, and highlight the opportuni-
ties for GIScience to inform and steer the many new users
of spatial data.
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1 Introduction

All data are spatial - they are collected collected some-
where and come with some form of locational information
attached to them. Location may be the latitude and lon-
gitude of an observation directly captured using a GPS-
enabled device or it may be indirectly collected at a par-
ticular facility as some-one taps in to the transport system
with a travel card.

The endemic characteristics of spatial data and analyses of
spatial data are:

1. Observations are frequently auto-correlated across
space, violating assumptions of independence and
randomness in classic statistics

2. Many processes, when examined spatially, exhibit
spatially non-stationarity (i.e. have local relationships
over space). This requires explicit consideration of
location in statistical models.

3. All spatial data are affected by their spatial support —
the spatial scale over which it was collected or aggre-
gated. This MAUP (Modifiable Areal Unit Problem)
effect causes distortions in statical models, relation-
ships and other inferences.

These characteristics and issues are present in ALL spatial
data but unknown within many of the research communi-
ties, who are ubiquitously collecting and analysing spatial
data (from agriculture to zoology, via climate science and
sustainability). The danger of not explicitly accounting for
spatial data characteristics, are erroneous inference (un-
derstanding and prediction) and decision making.

Many disciplines have been brought into the world of spa-
tial data and analysis through the ease of spatial data cre-
ation and collection and the ease of analysis using power-
ful, free open source GIS software. These have frequently
addressed problems at scales that are familiar to geogra-
phers: landscape, neighbourhood, small area, agricultural
field parcel, administrative area, regular remote sensing
and modelling grid, etc. A typical workflow is in these
disciplines is that their analyses are correctly undertaken
if they have some geographic input, but not always if they
do not: Comber et al. (2015) documents many instances
where researchers seeking to "optimise" the spatial config-
uration of land based renewable energy using a location-
allocation approach, had misspecified the algorithm rela-
tive to the stated problem and pressed the wrong button
the GIS. As a result there have been a number clarion
calls from computational geographers for other research
communities to pay heed to these issues, to avail them-
selves of the many nuanced open source tools and toolkits
for undertaking spatial analysis, and to adopt transparent
and reproducible practices in their analyses of spatial data
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(Brunsdon and Comber, 2021; Comber and Wulder, 2019;
Brunsdon and Comber, 2020; Brunsdon, 2016; Franklin,
2023; Comber and Harris, 2022; Niist et al., 2018; Niist
and Eglen, 2021). There is some recent evidence the some
of non-geographical research communities investigating
processes at these scales, using spatial data are respond-
ing to this (e.g. Thorson et al. (2023); Zhao et al. (2024);
Sa’adi et al. (2023)). However, some disciplines using spa-
tial data operate in a very different way, without strong tra-
ditions of openness, sharing and reproducibility) and work
with data at very different spatial scales that are unfamiliar
to geographers.

One such domain is Bioinformatics and specifically
genome analysis undertaken using a relatively recent tech-
nology: Spatial Transcriptomics.

2 Spatial Transcriptomics

The traits of a cell (its phenotype) are determined by
its Transcriptome, the protein-coding of the organism’s
genome. The spatial patterns of gene expression provide
indicators of the molecular biology of the cells that com-
prise the tissue and thus of tissue function. Recent devel-
opments in methods for in-situ hybridisation (ISH) have
resulted in the ability to comprehensively examine gene
expression spatially. This is Spatial Transcriptomics, (ST)
in which intact tissue section is probed (i.e. stretches of
single-stranded RNA are identified) at discrete locations
within the cell (“spots”) and the RNA is associated with
the closest spot, supporting RNA analysis over specific lo-
cations. ST combines tissue imaging with comprehensive
transcriptome quantification, with analyses undertaken at
increasingly finer spot resolutions (from 100 pum to 500
nm), and now supporting sub-cellular analyses.

A typical ST problem is shown in Figure 1 which shows
gene expression data from a 10X Genomics Visium ex-
periment with the histological image, as included in the
Spaniel R package (Queen et al., 2019).

The ability to undertake RNA sequencing and to exam-
ine the spatial patterns of gene expression with ST has re-
sulted in it being highlighted as a ‘method of the year’ by
Nature Methods in 2021 (Marx, 2021) and ST technology
has since gained significant interest in the wider field of
molecular biology. For example, the Human Cell Atlas is
an international project that aims to profile every cell in the
human body using ST technology to create large cellular
maps (Rozenblatt-Rosen et al., 2017). However, the cur-
rent state of the science in ST data analysis is naive from
a spatial data science perspective: it does not take account
of critical considerations in spatial data analysis, and does
not take full analytical advantage of the opportunities af-
forded by location. Often a simple (a-spatial) clustering to
group similar observations is the only analysis undertaken,
with little use made of the spatial information except to
map the clusters. This is evidenced in a number of recent
key ST review, methods and advances papers (Marx, 2021;
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Noel et al., 2022; Dries et al., 2021; Rao et al., 2021): the
world of ST is working with spatial data but is completely
unaware of the 60+ years of tool development and method
refinement in computational and quantitative geography.
In one instance, ST researchers, observing spatial autocor-
relation, suggested the need for more spatially aware anal-
yses of the variation in gene expression (Svensson et al.,
2018). They proposed an approach (SpatialDE) that mea-
sures spatial dependence by "testing whether gene expres-
sion levels at different locations covary in a manner that
depends on their relative location", without any reference
to existing methods such as Moran’s I, Anselin’s LISA,
Geary’s C, Getis and Ord’s G and so on. This is typical of
the ST domain, where researchers are not inherently inter-
and cross-disciplinary, and method development does not
look outside of the ST / Bioinformatics domains.

Some recent work has started to promote robust and open
spatial data science approaches within ST. It has under-
taken a number of initial investigations using tools from
computational geography and is starting to link compu-
tational geographers and bioinformaticians working with
ST. It has identified a key deficiencies in current ST ap-
proaches, a summary of which from Zormpas et al. (2023)
is shown in Figure 2, and has identified opportunities for
ST that have not yet been fully exploited within ST, some
which are described below. More recent work has also sug-
gested opportunities for computational geography to ex-
plore processes at the micro-scale and in 3D.

3 Current ST Opportunities

Currently, spatial information in mainstream ST analyses
is used in only very limited ways:

1. To cluster gene expression at spot locations.
2. To examine specific cell and or gene positioning

3. To evaluate variations in gene expression, for be-
tween clusters, located over space.

Typical ST workflows treat at best location quite arbitrar-
ily, at worst ignore it completely.

Example 1: the activation state of an immune cell is deter-
mined by examining its neighbourhood. Sub-cellular ob-
servations are aggregated in different ways (grid, image-
segmentation etc) to at least cell level. The choice of
aggregation unit will influence process understanding
through scale (MAUP) driven distortions but this is com-
pletely unknown and ignored.

Example 2: the typical approach for clustering gene ex-
pression constructs a graph weighted by gene expres-
sion similarity (actually the principal components from
a PCA) using a user-specified number of nearest neigh-
bours. Graph-based partitioning methods are used to iden-
tify homogeneous sub-graph regions, about which biolog-
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Figure 1. An example of Spatial Transcriptomics gene expression data, plotted using the Spaniel package: counts of all genes per spot
(right) and of ENSMUSG00000024843.
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Figure 2. The parallel inferential and analysis opprotunities for Spatial Transcriptomics arising from computational geography methods
and paradigms (figure from Zormpas et al (2023).

ical processes are inferred from their spatial pattern and e Spatial Gene Expression Patterns: Investigate and vi-
distribution. sualise spatial patterns of gene expression across tis-
sues to identify spatially regulated genes and under-

Effectively such workflows firstly treat observations as . : e
stand their functional implications.

discrete and ignores their relative locations. Treating data

independently in this way risks missing important infor-

mation that can be extracted from location.

e Cellular Heterogeneity: Explore the heterogeneity
within tissues by identifying distinct cell populations
and understanding their spatial distributions (this has
a central role in cancer research and the investigation
of the tumour micro-environment).

There are a number of opportunities to leverage thinking,
concepts, tools and approaches from computational geog-
raphy to enhance the ST analyses that are currently under-
taken. These include:
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e Spatial Interaction Networks: how different cell types
or genes interact spatially, providing insights into the
local cellular environment.

e Functional Annotation: Connect spatial information
with functional annotation, helping to decipher the bi-
ological relevance of gene expression patterns in spe-
cific locations.

e Pathway Analysis: Explore spatially enriched biolog-
ical pathways, shedding light on the functional sig-
nificance of gene expression patterns within specific
regions.

In some of these activities, location is being include but
only as a covariate and in others it is being used but not in
an spatially informed or transparent way.

4 Future ST Opportunities

In a similar way there are also opportunities to leverage
computational geography to develop new ST approaches,
that to support wider and deeper analyses of the spatial pat-
tern of gene expression within cell and tissue and extend
standard techniques from from computational geography
and spatial data handling into ST. These include:

e Spatial Autocorrelation metrics such as Local Indi-
cators of Spatial Association (LISA) statistics could
be used to identify SA, i.e. spatial clusters of genes
with similar expression patterns. This would iden-
tify and detect local patterns of spatial autocorrela-
tion and pinpoint regions with significant clustering.
Different SA detection techniques identify different
kinds of SA: from its simple presence in Moran’s I,
to local measures LISA statistics, and the identifica-
tion of high and low value clustering in Getis and
Ord’s G-statistic. Some gene toolkits are using these
approaches e.g. MERINGUE, but not in a way that
takes advantage of the latest CG developments both
in terms of data structures, and toolkits.

e Spatial Error models could be used to simulate SA
by incorporating a spatial error term in order to test
for the probability that unobserved factors are influ-
encing gene expression in spatially correlated ways.
Such factors potentially include protein levels, chro-
matin structure, molecules that activate or inhibit cer-
tain pathways, or even sets of genes whose expression
is relative constant with the result at they are omit-
ted from downstream analyses because they are not
sufficiently interesting (i.e. they don’t pass the high
variance filter).

e Geostatistical approaches can be used to continuous
construct surfaces of gene expression over unsampled
locations, by interpolating observed expression pat-
terns at sampled locations. There are many CG tech-
niques for continuous surface construct from point

observations: from kriging (gold standard but com-
plex) to IDW (good enough and quick). Such ap-
proaches may be useful in situations where spots have
large distances between them (e.g. Visium).

e Hotspot and Coldspot detection would also be sup-
ported by methods for geostatistical and SA analy-
ses. These would identify localised regions with un-
usually high or low gene expression levels, helping to
pinpoint biologically relevant areas for further inves-
tigation.

e Spatial Overlay can be used to integrate gene expres-
sion data with other spatial resolved information. In
a manner similar to a GIS analysis, layers represent-
ing tissue structures or landmarks (i.e., central veins
in the liver) could be used to examine the spatial rela-
tionships between gene expression patterns and spe-
cific anatomical features. Buffer Analyses can be in-
corporated in the spatial overlay operations above, al-
lowing for zones around sampled locations to analyse
the impact of nearby geographical features on gene
expression, helping to elucidate the influence of the
local micro-environment on spatial transcriptomics.

The above is not an exhaustive list but these are standard
techniques in computational geography, often undertaken
in a GUI GIS by practitioners, but more commonly using
R or Python packages.

5 And what about Computational Geography?

There are also opportunities for quantitative and computa-
tional geography to learn from the domain of spatial tran-
scriptomics. Much of computational geography operates
at landscape related scales: from river catchments to cen-
sus areas, and many of the rubrics we are familiar with in-
cluding the various "laws" of spatial dependence / distance
decay and spatial heterogeneity / non-stationarity (Tobler,
1970; Goodchild, 2004), are empirical in origin: they were
developed and tested through empirical observation of the
world we live in, which is not normally or even randomly
distributed. The theory, reasoning and logical came later.
Thus they are also grounded in landscape scale spatial pro-
cesses and their measurement mostly captured in 2D, with
some occasional extensions into the z-dimension (height,
depth or elevation) but more frequently into time to con-
sider spatio-temporal processes.

Exploring new domains at new scales provides opportuni-
ties for quantitative and computational geography to de-
velop new understandings and knowledge of spatial pro-
cesses and behaviours at previously unexplored micro-
scales, and potentially techniques in micro-scale 3D. this
inter-disciplinary turn allows current accepted geographi-
cal wisdoms and accepted paradigms to be examined and
tested at finer scales. For example, how relationships be-
tween process grain, spatial sampling (support) and scale
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distortions manifest themselves at sub-cellular levels. Or
how to extend spatially informed statistical regression
models into 3D. These have the potential to stimulate new
and generalisable insights into interactions between (spa-
tial) sampling frameworks and processes.

6 Conclusions

This is a not a standard research paper. But its message
has relevance to the broader GIScience, Quantitative and
Computational Geography community:

e All data are spatial and many researchers from other
domains are increasingly working with spatial data.

e But as we know, spatial data and geographic process
are subject to the MAUP, observation spatial autocor-
relation and process non-stationarity.

o This makes spatial data analysis different from data
analysis.

e In some cases new communities using spatial data
are doing it well and have recognised the benefits of
working with us, but in others they have not.

e Thus there are opportunities for computational geog-
raphers and GI scientists to enhance research activ-
ities in important domains and applications that are
working with spatial data (especially the ones that so-
ciety deems to be important and funds more highly
like gene transcription analysis).

The contribution that the GIScience and computational ge-
ography community can make are to create environments
for robust analyses of spatial data, ones that are informed
by observation spatial autocorrelation, an expectation of
process spatial non-stationarity (heterogeneity) in statisti-
cal model outcomes, and consideration of MAUP effects.

Such activities could, for example include the develop-
ment of route maps for spatial regression models. This
would take the naive user from basic whole map / whole
transcriptome regression models, regression with spatial
dummies (fixed effects), through spatial econometric mod-
els, multi-level models, GWR and MGWR in the manner
of Comber et al. (2023) and into recent work with space
and space-time GAMs (Comber et al., 2024). They could
create guides to encourage users to really consider the na-
ture of any spatially varying processes that are found with
such tools. Spatially vary processes may be found due to
a number of confounding reasons, including a poor con-
ceptual model, the lack of universal laws do not govern
gene behaviours, bad measurements with locational bias,
or unaccounted for local factors. Or they could be due to
a truly spatially varying process that exhibit process spa-
tial heterogeneity. Finally, methods to explore MAUP ef-
fects could be illustrated. Despite the MAUP being a core
consideration in all analyses of spatial data, its effects are
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rarely tested for (including in much geographic research).
However, there are well established approaches for quan-
tifying the impact of the MAUP and for determining ap-
propriate sampling and aggregation scales as documented
in Comber and Harris (2022). It is essential to make spa-
tial data users aware of these issues and to provide rubrics,
tools and workflows to support them and their work.
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