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Integrating Spatially-Resolved Transcriptomics Data Across
Tissues and Individuals: Challenges and Opportunities

Boyi Guo, Wodan Ling, Sang Ho Kwon, Pratibha Panwar, Shila Ghazanfar,*
Keri Martinowich,* and Stephanie C. Hicks*

Advances in spatially-resolved transcriptomics (SRT) technologies
have propelled the development of new computational analysis methods to
unlock biological insights. The lowering cost of SRT data generation presents
an unprecedented opportunity to create large-scale spatial atlases and enable
population-level investigation, integrating SRT data across multiple tissues,
individuals, species, or phenotypes. Here, unique challenges are described
in the SRT data integration, where the analytic impact of varying spatial
and biological resolutions is characterized and explored. A succinct review of
spatially-aware integration methods and computational strategies is provided.
Exciting opportunities to advance computational algorithms amenable to
atlas-scale datasets along with standardized preprocessing methods, leading
to improved sensitivity and reproducibility in the future are further highlighted.
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1. Introduction

Comprehensive molecular atlases with
spatial resolution have the power to
provide novel and unique insights into
human health and disease, which can
transform the future of medicine via
improved diagnostics and targeted
therapies.[1,2] Recent commercializa-
tion has led to broad accessibility and
hence substantial amounts of spatially-
resolved transcriptomics (SRT) data
being collected, signifying a new era
for spatial cellular atlases to chart the
unknown territory of life science.[3]

These technologies enable the mapping
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of heterogeneous cell populations in situ to tissue architec-
tures, equipping investigators to study the relationships between
structure and biological activities.[4] Computational tools and
analytic strategies that can fully exploit the atlas-scale SRT
data and increase the power to detect small biological signals
are critically needed.[5–7] Especially, spatially-aware integrating
multiple tissues,[8] developmental stages,[9,10] species,[11,12] or
phenotypes[13] to perform population-level analyses faces new
and unique challenges.
In contrast to single-sample analyses,[14] integrative anal-

ysis of SRT datasets enables unbiased analysis at the pop-
ulation level and has the potential to identify generalizable
spatially-dependent commonalities and differences across dis-
ease states or conditions such as Alzheimer’s disease,[15,16]

schizophrenia,[17] and cancer.[18,19] In addition, integrating SRT
datasets from different stages of a disease provides insights into
the dynamics of spatial gene expressions, revealing mechanisms
of tissue development underlying the disease progression.[20,21]

Moreover, integrating massive SRT datasets from different stud-
ies pertaining to various body sites, phenotypes, etc. helps estab-
lish reference atlases,[22,23] which standardizes the baseline for
translational biomedical research. Altogether, large-scale and in-
tegrative SRT research is an unstoppable trend, whichmaximizes
the value of SRT datasets and empowers reliable spatial molecu-
lar discoveries for a range of scientific advancements.
However, in order to realize this potential, considerable ef-

fort needs to be made to overcome challenges brought on by
the specifics of SRT technology and datasets.[24–26] SRT datasets
are varied in underlying biotechnology and therefore in data
structure, and affect the scope and quality of integration appli-
cations. Coupling these issues with broader applications across
the research community to atlas-scale efforts, there is a need
to focus efforts on addressing issues that can lead to more ef-
fective harmonization of disparate datasets across distinct SRT
technologies.
Here, we discuss the computational challenges involved in an-

alyzing an integrative spatial atlas across tissues and individuals
with a focus on the existing computational strategies currently
available as well as future opportunities for development. We fo-
cus on the challenge of integrating SRT samples where observa-
tions are measured at different levels of spatial resolution due to
the inherent capabilities and limitations of the employed tech-
nologies. We illustrate that varying levels of resolution combined
with differences in the features captured can lead to spurious
findings in downstream analyses, such as dimensionality reduc-
tion, both conceptually and via real-world data analysis. These
problems are exacerbated by challenges faced in bulk and single-
cell/nucleus RNA-sequencing (sc/snRNA-seq) data, such as spar-
sity and noise.[27] Finally, we summarize the state-of-the-artmeth-
ods for integrating multiple SRT samples to perform population-
level analyses.

1.1. From Bulk to Single-Cell and Spatial Resolution

Integration has become commonplace as the number of SRT
datasets increases. Its value in the reliable identification of shared
or distinctive spatial cellular features across individuals or phe-
notypes has already been demonstrated.[28–30] Unwanted varia-

tion across SRT datasets is an inevitable challenge faced dur-
ing integration.[27,31] The challenge is ubiquitous across most se-
quencing modalities ranging from bulk to single-cell data,[32,33]

and is routinely referred to as batch effects. This undesired het-
erogeneity usually comes from artifacts such as differences in
handling protocols, library preparation, and sequencing plat-
forms. Correcting for batch effects has long been a major goal of
genomics data integration. Examples for how to correct for batch
effects in bulk RNA-seq include the use of statistical modeling
to adjust for sample-level differences[34–36] along with the use of
control genes.[37]

In contrast to bulk RNA-seq, which measures gene expression
in one sample that is averaged across measured cells, scRNA-
seq measures gene expression across thousands to millions of
cells and introduces more heterogeneity in the gene expression
space. Therefore, as wemoved frombulk to single-cell resolution,
one type of integration strategy that was developed for scRNA-
seq experiments was to identify groups of cells that share sim-
ilar expression patterns across batches (called anchors). Broadly
these approaches use similarity-based methods in a reduced di-
mension space, such as mutual nearest neighbors (MNN),[38]

Harmony,[39] and canonical correlation.[40] The key idea is that
similar cells should follow a common distribution in the la-
tent space regardless of the batch. As an extension of dimen-
sion reduction methods, generative models effectively help cap-
ture nonlinear characteristics of batch effects and systematic bi-
ological signals, such as improving the exhaustiveness of artifact
elimination.[41]

However, a prominent feature of scRNA-seq data is that the
measured observation, namely gene expression in one cell, is
the same, in principle, across all observations measured in mul-
tiple scRNA-seq experiments. With SRT, the observations that
we measure within a tissue may be the same, but the resolu-
tion of observations across multiple samples may not be the
same (Figure 1). Therefore, while these integrative methods de-
veloped for bulk and scRNA-seq experiments demonstrate sig-
nificant success when integrating bulk and single-cell data, it re-
mains unclear how well these methods will work for SRT data
due to intrinsic differences in experimental protocols and the bi-
ological context of generated data. For example, this motivates
the use of alternative pieces of information, such as anatomical
landmarks,[42,43] to assist in the construction of population-level
spatial atlases, but these are not always relevant, for example with
cancer tissue.

1.2. Inconsistent Spatial and Biological Resolutions Challenge
Data Integration

“Spatially-resolved transcriptomics”,[44] is often used as an um-
brella term for distinct technologies that measure gene expres-
sion with spatial resolution.[26] However, due to intrinsic differ-
ences in these technologies, for example, sequencing-based ver-
sus imaging-based, data generated by these technologies have
various resolutions, leading to unique computational and bio-
logical properties that make using integration strategies devel-
oped for bulk or scRNA-seq data analysis challenging. For exam-
ple, the units in which we measure observations, namely indi-
vidual cells or groups of cells, referred to as observational units,
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Figure 1. Schematic of experimental platforms and cellular resolutions across transcriptomics technologies. Considering three different experimental
platforms i) bulk RNA-sequencing, ii) single-cell/nucleus RNA-sequencing, and iii) spatially-resolved transcriptomics, each of these can profile gene
expression at different cellular resolutions, including cellular, near-cellular, and sub-cellular. Differences in experimental platforms also have differences
in the units being measured, including observational units and biological units, where observational units describe the observations that we measure
and the biological units describe the cellular structure that the observation unit captures.

vary substantially across the SRT platforms. In image-based, tar-
geted, in situ, transcriptomic profiling, such as MERFISH[45] or
Xenium,[46] gene expression is captured from a targeted subset
of genes at the molecule-level resolution, where the molecules
are aggregated together to computationally infer the “cellular”
observational unit using cell segmentation algorithms. In con-
trast, non-targeted RNA capture and sequencing profiling, such
as Slide-seq[47] or Visium,[48] captures RNA on an array-based
platform at different resolutions, including “near-cellular” (such
as 55 μm spots on the Visium platform) or “sub-cellular” (such
as 2 μm grids on the VisiumHD platform).[49] Integration of data
generated across technologies with different observational units
requires special attention.
Unlike the concept of the observational unit whose distinc-

tion across SRT technologies is well acknowledged,[3] the hetero-
geneity in biological content being profiled across observations
generated from the same SRT technology is often overlooked.
Sc/snRNA-seq protocols often employ cell dissociation tech-
niques to isolate individual cells or nuclei. When processed cor-
rectly, data observations have a uniform and biologically mean-
ingful unit (referred to as biological unit hereafter), cell or nu-
clei, across samples and studies. However, because the profil-
ing happens in situ, this property is often missing in SRT data.
For example, with sequencing-based SRT technologies, the pro-
filing within the observational unit is constrained by physical

size, for example, spots or grids, so the generated data observa-
tion frequently does not maintain a uniform biological content,
and hence the biological unit of data observations varies widely.
Specifically, the cellular structures being captured across obser-
vations could include both the soma of cells and the extracellular
space between multiple cell bodies (Figure 1). Inconsistency in
biological units in SRT datasets greatly challenges the fundamen-
tal assumption that many integration methods for sc/snRNA seq
data depend on, namely that each observation is an individual
cell. This can lead to spurious results or biases in fundamental
data preprocessing steps, such as data normalization,[50] quality
control,[51] and in turn, propagate through downstream integra-
tion steps.
Even single-cell resolution image-based SRT technologiesmay

suffer from the inconsistency of biological units across data ob-
servations. Despite individual SRT tissue sections being concep-
tually treated as 2D objects, each tissue section has a 3D structure,
meaning that the tissue section has some dimension into the Z-
plane. Depending on their orientation, it is possible for cells to
be bisected during tissue sectioning. In this scenario, a cell will
not maintain full integrity since only a portion of the cell struc-
ture is captured (Figure 1). Moreover, many image-based SRT
technologies require iterative imaging of small regions of a tis-
sue section. This iterative imaging procedure creates cells that
are located at the boundary of images and hence only partially
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profiled, resulting in variation in captured genes.[50,52] Although
the degree of variation in biological units is smaller than
sequencing-based SRT data, further research is necessary to un-
derstand the downstream impact of these confounders in data
analysis and integration.
Another significant challenge in integrating across different

SRT datasets is to mitigate the inclusion of divergent sets of as-
sayed genes across platforms or studies. While targeted profiling
technologies provide better spatial resolution, owing to their ba-
sis in microscopy, they are often limited by the identity and num-
ber of genes profiled via targeted gene panels.[53] Specifically, tar-
geted panels focus on measuring pre-selected sets of genes that
are often tissue- or disease-specific, occasionally with some addi-
tional genes that are customized to individual studies. For exam-
ple, a recent study in breast cancer[46] performed joint profiling
of a single tumor tissue using the 10x Genomics Xenium plat-
form of 313 genes, alongside the 10x Genomics Visium platform
of≈20 000 genes. While recent commercial offerings of targeted-
panel-based SRThave expanded to thousands of genes, this is still
not to the full-transcriptome level. Unlike transcriptome-wide se-
quencing technologies that allow for reads to bemapped to a con-
sistent set of genes across studies, the divergent sets of assayed
genes from targeted panels lead to missing gene features when
integrating data collected from different studies. Across many
such datasets, this could lead to a vanishingly small set of fully
intersecting genes, therefore affecting the choice of inclusion of
datasets alongside other analytical steps such as normalization.
Also, the mismatching of gene profiles due to the frequent miss-
ing genes issue of the targeted technologies prevents the direct
adoption of scRNA-seqmethods to integrate data generated from
targeted and non-targeted platforms, since integration methods
often require non-missing input data.

1.3. Thought Experiment: Cross-Platform Integration Using Cell
Type-Based Anchors

In the following section, we highlight a few examples of how
the unique properties of SRT data generate computational chal-
lenges for integrating multiple samples.
Normalization is a critical precursor in processing transcrip-

tomics data to remove variation due to technical noise within
each dataset. Without proper normalization, artifacts or biases
may not be effectively aligned across datasets during integra-
tion. Therefore, normalization is considered an integral part of
integration in a broader sense and is discussed here as the ini-
tial step of the cross-platform integration examples. Current nor-
malization practices for SRT data, regardless of platform, are di-
rectly adopted from the scRNA-seq pipeline. However, whether
this practice is uniformly appropriate for the diverse types of
SRT data remains unclear. A common practice is to normalize
the expression of each gene according to the total number of
transcripts detected, often referred to as library size normaliza-
tion. The library size normalization is based on the assumption
that the variation in library size across samples is due to tech-
nical reasons. However, due to the inconsistent biological unit
across samples, library size could reflect variation attributed to
the differences in underlying biology. Hence, library size normal-
ization can overcorrect the technical variation and potentially re-

duce the biological signal. As a result, downstream tasks, such as
spatial clustering to establish functional regions, are significantly
impacted.[54] Moreover, Atta et al. recently demonstrated that ap-
plying library size normalization to targeted SRT data could re-
sult in false positive and false negative findings in differential
expression testing and spatially variable gene detection.[50] Rel-
evantly, many QC methods rely on descriptive metrics such as
library size, total gene detected, which is not robust to the in-
consistent biological unit unique to SRT data. Totty et al.[51] re-
cently showed that scRNA-seq-inspired quality control methods
could result in differential removal of data observations across
multiple biological functional regions in an undesirable way. Ad-
ditionally, cell types, often used as anchors to harmonize mul-
tiple datasets in sc/snRNA-seq, could be substantially challeng-
ing to be properly defined from both the computational perspec-
tive and philosophical perspective. While the main intuition for
cell type annotation is that the difference in gene signature be-
tween data observations, that is, cells, is driven by the difference
of the cell types, the implicit assumption here is that the data
observations are single cells. Nevertheless, for near-cellular and
sub-cellular resolution SRT data, such an assumption is often vi-
olated. Mapping observations with different biological units to
the common latent space can create dubious clusters that lack
biological meanings and confound cell type-driven anchors for
cross-study integration. For example, in near cellular resolution
platforms, each observation could contain a homogeneous or
heterogeneous cell population, resulting in distinction in bio-
logical units across observations beyond simply capturing dif-
ferent numbers of cells. This creates challenges to define cell
type-driven anchors and leads to extra cell type clusters, which,
in fact, should be merged with existing clearly-defined cell types
(Figure 2B). In another case, targeted platforms can miss impor-
tant marker genes. Thus, when integrated with data generated
from transcriptome-wide platforms that have a full spectrum of
genes, the anchors cannot be accurately established such that
some cell types cannot be successfully differentiated (Figure 2C).
Analytically, the SRT technologies provide an unprecedented op-
portunity to study the molecular mechanisms underpinning the
heterogeneities in functions across tissue regions.Many research
questions of interest, investigated using SRT platforms, focus on
heterogeneity in gene expression associated with functional re-
gions instead of cell types, requiring a switch of thinking from
the cell-type centric to the tissue-centric.[55] As a result, the inte-
gration tools and strategies that account for both gene expression
space and physical space are highly motivated to establish a com-
mon coordinate framework.[43]

1.4. Case Study: Joint Analysis of Visium and MERFISH in Adult
Mouse Brain

To further demonstrate the challenges in the cross-technology
integration, we conducted a preliminary analysis where two
datasets of the adult mouse brain, assayed using the sequencing-
based Visium and imaging-based MERFISH respectively, are
jointly analyzed following the single-cell RNA-seq pipeline. The
preliminary analysis highlights the drastic differences in vari-
ous aspects of the generated data due to heterogeneity in ob-
servational and biological units, and their implication in the
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Figure 2. Schematic of cell-type driven integration in gene expression space across multiple SRT technologies. A) With accurate normalization removing
technical variation, integration of image-based SRT follows single-cell practice. B)Mapping observations that have different biological units to a common
latent space results in dubious clusters that lack biological meanings and confound cell-type driven anchors for cross-study integration. C) Integrating
SRT datasets generated with different gene panels (targeted vs non-targeted) creates challenges to computationally define gene expression space where
cell-type-based anchors cannot be clearly defined due to missing marker genes in targeted platforms.
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data-driven cell typing. These findings echo the concepts intro-
duced in previous sections and demonstrate the urgent need for
specialized analytic strategies and advanced computationalmeth-
ods for SRT data integration.While the following case study high-
lights challenges in cross-technology integration, similar chal-
lenges persist when integrating data generated in the same or
similar technologies.
Fundamental differences inmolecular profiling techniques re-

sult in variations across multiple aspects of the generated data,
ranging from the morphological level to the transcriptomics
level. Visium assay, limited by its 6.5 × 6.5 mm capture area, pro-
files one hemisphere of the mouse brain; in contrast, the MER-
FISH assay, with a one square-centimeter capture area, profiles
both hemispheres of the brain (Figure 3A). Despitemouse brains
having more consistent structure across individuals compared to
other tissues such as cancer, subtle differences in the anatomical
structure of the two brains could benefit from spatial registration,
especially when inquiring about the differential abundance of cell
populations across samples. At the transcriptome level, the two
datasets, when concatenated together, present a mosaic pattern
(Figure 3B). While providing single-cell resolution and hence an
extremely large number of data observations, MERFISH assays a
limited number of genes. The overlapping genes between the two
assays exist, but the number is disproportionately small. It is not
hard to foresee a situation where two datasets, likely both assayed
using targeted probes, contain completely disjoint sets of genes,
rendering feature-space integration extremely challenging if not
impossible.
The differences in the observational and biological units be-

tween the two assays lead to distributional differences in tran-
scriptomic profiles of data observations. To minimize the im-
pact of tissue difference, spatial registration was performed such
that data observations from the two assays can be directly com-
pared. The total number of profiled transcripts, also known as
library size, are different, as anticipated, between the two assays,
largely attributed to the different numbers of genes being pro-
filed (Figure 3C).While limiting the genes to only the overlapping
ones brings the library size to a similar scale, the distributions
are still different. The multimodal distribution of the MERFISH
data could indicate nuanced variance across biological units or
cell populations being captured due to the single-cell resolution.
Similarly, distributional differences are observed for individual
genes, for example, Baiap2, even after library size normalization
(Figure 3D). The distributional difference in normalized gene ex-
pression between the two assays suggests that library size nor-
malization does not completely address non-biological variation,
highlighting the opportunity to advance cross-technology nor-
malization methods.
These key differences in technologies and undressed com-

putational challenges impact fundamental biological investiga-
tions, such as cell typing. Outstanding batch effect exists between
the two assays. (Figure 3E) When projecting MERFISH and Vi-
sium data to a common latent space, the Visium observations
form a tight cluster among different clusters of MERFISH ob-
servations. This suggests the biological variations captured in Vi-
sium andMERFISH are on drastically distinct scales and require
additional attention. Additionally, when integrating with MER-
FISH, Visium data needs to reduce its genes to the overlapping
ones, whose size is modest. This reduction of genes limits the

ability to detect nuanced cell populations when compared to us-
ing transcriptome-wide information. This is demonstrated in the
data-driven clustering (graph-based with default settings) of Vi-
sium observations using overlapping genes and 2000 highly vari-
able genes respectively. (Figure 3F) When necessary, annotating
cluster labels across multiple datasets creates additional burden
and hence hardly practical when integrating across a large num-
ber of datasets (Figure 3G).

1.5. State-of-the-Art Methods

Broadly, methods developed for bulk or scRNA-seq are being
widely applied to spatial data, despite the problems outlined
above. However, new methods to integrate multiple samples for
spatial transcriptomics data have recently been developed. In this
section, we outline themodernmethods specifically designed for
spatial data and give recommendations to data analysts and users
of these methods.

1.6. Integration in a Physical Space

The first category that we consider is to integrate multiple sam-
ples in a physical space. Within this category, we further distin-
guish approaches based on the type of data being integrated in-
cluding i) the alignment of two tissue slices from the same tissue
block or from different tissue blocks, but both profiling the tran-
scriptome in a 2D space and ii) the registration of a set of disso-
ciated single cells to one tissue slice profiling the transcriptome
in a 2D space.
Early work of spatial alignment was computer-assisted, requir-

ing human input, such as manually defined anatomical land-
marks, and computationally relies on the affine transformation,
for example, using iterative closest point algorithm,[57] of high-
resolution images of samples, for example, hematoxylin and
eosin (H&E) or immunofluorescent images, to address rotations
and shifting. Then, various methods were developed to address
possible nonlinear distortion, leveraging thin plate spline,[58]

Gaussian process,[59] diffeomorphic metric mapping.[56] Because
spatial alignment of tissue images normally requires different
degrees of involvement in manual labor, a significant challenge
is how to scale it to atlas-scale data sets that contain hun-
dreds of samples. Considerable approaches have been proposed
to address this challenge, most involving modeling the entire
gene expression profiles accounting for the global structure of
the spatial unit arrangement, including the two-layer Gaussian
process model,[59] diffeomorphic metric mapping,[56] optimal
transport,[60] and a graph adversarial matching strategy.[61] These
methods seem to be well motivated for the alignment of i) sam-
ples with partial matching, also referred to as spatially hetero-
geneous samples, ii) spatial alignment to a reference or tem-
plate, such as a reference include a predefined Brain atlas,[62,63]

or iii) samples across different SRT technologies or possible of
various phenotype readouts, such as gene expression and protein
expression.
In addition, the spatial registration of single cells to a 2D tissue

section provides another venue for spatial integration that miti-
gates analytic challenges due to morphological variation. Specif-
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Figure 3. Computational challenges in cross-technology integration – a joint analysis of Visium and MERFISH datasets of coronal sections of the adult
mouse brain. A) Variation in tissue morphology exists between the Visium sample (orange) and the MERFISH sample (purple) and is addressed by
spital registration using STalign.[56] B) Heatmap of gene expression shows the inconformable dimensions of data generated via Visium and MERFISH,
highlighting the small number of overlapping genes (light orange) between technologies and substantial missing genes (grey) inMERFISH. C) Ridge plot
and spatial plot visualize the differences in the distributions of total transcripts profiled across observations of MERFISH (purple), Visium (orange), and
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ically, isolated single cells, or possibly spots, are computation-
ally mapped to a spatial common coordinate system, for exam-
ple a spatial template, based on their molecular signature. By
mapping all cells isolated from a tissue (either experimentally
through scRNA-seq or computationally with SRT data) to a ref-
erence or template tissue with uniform morphology, the tissue
slices are hence aligned in the physical space with conformable
shapes. Developed for the spatial reference assayed with low-
throughput technologies, early methods use a set of pre-specified
marker genes to anchor cells to a limited number of spatial po-
sitions, such as the tessellation of a 2D surface, in Gaussian
mixture models[64] or Monte Carlo simulations.[65] To allow non-
informativemapping without external reference and improve the
spatial resolution of the mapping, advanced machine learning
frameworks are adapted, includingmultiple variations of optimal
transport algorithms,[66,67] convex optimization using the Jonker–
Volgenant shortest augmenting path algorithm,[68] and deep neu-
ral networks.[69,70] Some spatially-aware deconvolution methods
can be also used for the spatial registration of cells.[71]

While these methods are promising, it is important to be cau-
tious in the interpretation because it is possible that spurious
gene expression correlations are found due to known problems
such as “double dipping”.[72] Given the fast-paced nature of this
research area, multi-modal integration approaches might also be
useful to avoid the circular problem of double dipping and di-
rectly use different data modalities.

1.7. Integration in a Latent Space

The second approach ignores (for the most part) the physical
space, and focuses on integrating the samples in the latent space.
Recent examples are the use of deep learningmodels,[73–75] which
combine spatial neighbor networks and graph auto-encoders to
learn latent embeddings. In contrast to integration in the physi-
cal space, integration in the latent space is anchored in the fea-
ture (gene expression) space, while also borrowing information
from nearby, physically adjacent cells/spots. Feature space inte-
gration has a long history in scRNA data analysis, such as the
MNN, Harmony, and canonical correlation methods mentioned
in discussing the evolution of genomics data integration. The
fundamental idea is to project gene expression data into the same
latent space accounting for batch effects and the downstream in-
vestigation is completed in the shared latent space. However, in-
tegration that ignores the physical relationships between cells is
vulnerable to noise in the data, particularly when the biological
signal is small. The spatial information is introduced to the la-
tent space integration to remove the noise, such as in the form
of dimension reduction, or possibly in the form of clustering.
Distinctly, PRECAST[76] models any arbitrary tissue architecture

across multiple tissue samples by factorizing the input into a la-
tent factor with a shared distribution for cell, or domain,i and
then using an intrinsic conditional autoregressive component to
capture the spatial dependence for spatial clustering. In addi-
tion, the spatial information can be also used to smooth out any
possible noise. For example, BayesSpace[77] uses majority voting
to accomplish spatial smoothing of cluster membership. Once
these spatial domains are identified, which normally aligns with
anatomical definitions, cells/spots are pseudo-bulked across in-
dividual samples, followed by nominal analysis, such as differ-
ential expression analysis. However, this pseudo-bulking analy-
sis normally lacks sensitivity for local spatial signals and hence
would not be helpful for any granular analysis to study themicro-
environment.

1.8. Integration Using Pseudobulking Approaches

Given the flourishing development of pseudobulking approaches
in the integration of scRNAseq data,[78,79] it is natural to extend
this for SRT data where gene expression is aggregated across
spots within a spatial domain and a tissue section. As the analysis
is conducted at the observational unit of a spatial domain and tis-
sue section, there is no need to address morphological variation.
Furthermore, this approach enables existing methods, designed
for bulk RNA-sequencing to be used in this setting. For example,
pseudobulking SRT data can be used to identify differentially ex-
pressed genes (DEGs) across spatial domains with multiple tis-
sue blocks or individuals, which has been successfully applied in
human brain tissue including dorsolateral prefrontal cortex,[30,80]

locus coeruleus,[81] and the hippocampus.[82] In addition, pseu-
dobulking provides a scalable solution to analyzing atlas-scale
SRT data, motivated by the underlying “divide-and-conquer” or
“map-and-reduce” philosophy.
However, this approach is not necessarily appropriate for all re-

search questions and methods for integrative analysis using SRT
data. While this approach sidesteps the challenges due to mor-
phological variation, it also ignores variation due to gene expres-
sion patterns varying within a spatial domain as that informa-
tion is aggregated together into one summary statistic. This loss
of information might be particularly important for some down-
stream analyses, such as identifying spatially variable genes, cel-
lular deconvolution, and cell–cell communication. Pseudobulk-
ing or other approaches that summarize features at the sample-
level[83] might not be appropriate in these cases.
Furthermore, there are open opportunities to improve the sen-

sitivity and robustness of the statistical models used to perform
integrative analyses using pseudobulk data. Current approaches
use linear models with empirical Bayes techniques to identify
DEGs where the spatial domains are assumed to be discrete.

Visium with overlapping genes only (light orange), highlighting the heterogeneity in both the observation unit and biological unit across technologies.
D) The distributions of library-size normalized Baiap2 expression differ between MERFISH and Visium, suggesting the immense need for advanced
normalization methods that account for differences in observation and biological units. E) Naive analysis by simply concatenating gene expression
(Panel B) without computational integration highlights the outstanding batch effects between technologies. The variation between cell populations in
MERFISH is considerably large in reference to the total variation within Visium technology, quantified by UniformManifold Approximation and Projection
(UMAP). F,G) Data-driven clustering of Visium observations using the 466 MERFISH-overlapping genes (K = 9) greatly limits the potential to identify
nuanced cell types, compared to clustering results (K = 17) using 2000 highly variable genes (HVGs) identified from the transcriptome-wide gene set
(Cluster legends are shown in Panel G). G) Heatmap displays the concordance between data-driven clusters identified using 466 genes and 2000 HVGs.
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However, more modern models could be considered where the
spatial domains are more continuous across a 2D space. In addi-
tion, this approach requires labor-intensive human intervention,
for example, the need to harmonize the labels corresponding to
the spatial domains from unsupervised clustering algorithms.
Specifically, the spatial alignment can be addressed via a man-
ual operation, but this can be time-consuming and is prone to
human error, leading to potentially unreliable and unreplicable
results.

2. Discussion

The aim of this work is to both describe the historical context and
summarize state-of-the-art strategies to perform population-level
analyses that can overcome potential systematic biases in SRT
data. The three approaches can broadly be summarized as i) in-
tegration in a physical space, ii) integration in a latent space, and
iii) integration using pseudobulking or similar approaches. De-
spite this, approaches developed for scRNA-seq remain widely
used in practice.While it remains unclear which type of approach
is best to integrate SRT data, there are many ongoing and ac-
tive efforts to begin comparing these approaches through robust
benchmark evaluations.
Furthermore, while much progress has been made toward

early strategies, there remain important open challenges to be
addressed. For example, when using approaches to integrate tis-
sue sections in a physical space, it remains unclear how to iden-
tify the partial overlap and quantify how much area is needed for
successful alignment. In addition, smoothing of gene expression
is often used implicitly or explicitly as a step in the alignment pro-
cess before passing to downstream analysis. Further validation to
avoid potential over-smoothing that eliminates nuanced biologi-
cal signals inmicroenvironments would be greatly encouraged to
avoid introducing computational artifacts. These challenges also
relate to potential differences in the amount of biological tissue
measured, where one can imagine new spatial platforms captur-
ing a larger tissue area compared to older spatial platforms.
There also remain challenges with the current state-of-the-art

strategies, such as the accuracy of cell segmentation, which re-
mains one of the largest challenges with SRT data. Also, while
pseudobulking enables the integration across datasets with dif-
ferent observational units, this approach also potentially masks
important spatial variation within a given spatial domain. There-
fore, we imagine new computational tools being developed that
can integrate multiple samples measured with different obser-
vational units to take advantage of the full rich information pro-
vided by multi-sample SRT datasets.

3. Data Analysis

STalign[56] is used to spatially register the Visium and MERFISH
mouse brain sections, where a threshold of 0.95 is used to iden-
tify the overlapping hemisphere between Visium andMERFISH.
The Visium dataset, using transcriptome-wide genes and 466
MERFISH-overlapping genes respectively, and the MERFISH
dataset are library size normalized and log2 transformed, using
scuttle::logNormCounts.[84] To select a subset of genes from the
transcriptomic-wide dataset, we used scran::getTopHVGs[85] to

identify top 2000 highly variable genes (HVG). To identify cell
populations of the Visium data in a data-driven manner, the Vi-
sium datasets, the 2000-HVG and 466 MERFISH-overlapping
version, respectively underwent the principal component analy-
sis (PCA) using scran::fixedPCA, followed by graph-based clus-
tering, implemented using scran::clusterCells with default pa-
rameters. To create a common latent embedding of Visium and
MERFISH datasets, the concatenated dataset of MERFISH and
Visium (only 466 genes) are log normalized jointly, followed by
PCA andUniformManifold Approximation and Projection using
scater::runUMAP. Spatial visualization of Visium andMERFISH
is constructed using escheR package.[86]
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