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Abstract

Imaging-based spatially resolved transcriptomics can localise transcripts within cells in 3D. Cell
segmentation precedes assignment of transcripts to cells and annotation of cell function. However,
cell segmentation is usually performed in 2D, thus unable to deal with spatial doublets arising from
overlapping cells, resulting in segmented cells containing transcripts originating from multiple cell-
types. Here we present a computational tool called ovrlpy that identifies overlapping cells, tissue
folds and inaccurate cell-segmentation.

Main

Spatially resolved transcriptomics (SRT) has revolutionized the study of cellular architecture within
tissues®. However, despite profiling 515 um thick tissue sections, most available SRT studies ignore
the vertical dimension and interpret their data in a completely flat 2D coordinate space?™. This
common practice overlooks the vertical complexity inherent in the tissue, potentially conflating
signals from overlapping cells and generating multi-cell ‘doublet’ artifacts®. These spatial doublets
may result from biological cell associations or technical artifacts, such as tissue folding or smearing,
posing challenges in accurate cell-typing and downstream analysis®’. While sequencing-based SRT
methods that involved tissue dissociation measure gene expression in 2D, imaging-based SRT
methods can resolve transcript locations in 3D depending on the image acquisition device?.

We developed geometric noise models to explore the impact of collapsing 3D spatial information
into 2D (Figure 1, Supplementary Figure 1). By simulating spherical cells within dense tissue sections
of various thicknesses, we calculated the “signal-to-total” ratio, representing the proportion of signal
originating from the target cell versus vertically adjacent structures. For a 10 um diameter cell in a 10
pum slice section, the model predicts an average signal-to-total ratio of 0.4, while a thinner 5 um
section raises the signal-to-total to 0.57. These relatively low ratios question the practice of treating
imaging-based SRT data as 2D, instead suggesting that SRT signal will routinely be contaminated by
its vertical environment.

To explore the 3D-to-2D projection effect in tissue sections, we virtually sub-sliced a 10 um thick 3D
mouse brain coronal section dataset profiled on the Xenium platform®. Based on their local vertical
position, transcripts were divided into 'top' and 'bottom’ virtual sub-slices (Figure 1d). We annotated
the cell segments in the top and bottom sub-slices independently using MapMyCells®°. Across
162,033 segmented cells, only 79% of cells were consistently assigned the same cell type between
top and bottom slices (Supplementary Figures 2). This was in line with the other Xenium replicates
(82% and 82%). Notably, the top-bottom mismatches implicated that glial cells like astrocytes,
oligodendrocytes and vascular cells are especially prone to doublet formation (Supplementary
Figures 3a) , consistent with the notion that glia act as architects of the central nervous system?!. We
further investigated the hippocampal CA1 region, which is a homogenous, well-structured tissue
section consisting mostly of a dense matrix of glutamatergic excitatory neurons interspersed with
sparse GABAergic inhibitory neurons and glial cells*? (Figure 1b). Among 182 detected inhibitory/glial
cells, less than 25% showed consistent cell-type assignment between top and bottom sub-slices,
while the majority formed spatial doublets with neighbouring glutamatergic neurons (Figure 1c,
Supplementary Figure 3a).

To investigate the effect of tissue thickness on overlap abundance we then analysed a thinner 5 um
mouse brain coronal section profiled on the MERSCOPE platform. We observed a vertical assignment
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consistency of 84% over the entire tissue, and 61% for non-neuronal cells in the hippocampal CA1
region (Supplementary Figures 3-5). The higher overall vertical consistency compared to the Xenium
dataset of a thicker tissue section was apparent for other MERSCOPE replicates (81% and 88%). This
matches our model’s assumption that thinner tissue sections result in fewer observed cell overlaps,
however, we noticed tears in the tissues, possibly due to the physical stresses of cutting thin sections

(Supplementary Figure 6).
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Figure 1: A model for vertical consistency in tissue sections. (A) Geometric model of signal integrity
after 3D-to-2D collapse. (B) MapMyCell annotation of cell segments in the top and bottom virtual
sub-slices in the CA1 region. Nuclei are colours, and white lines depict cell borders. (C). Transcript
coloured by cell-type classes in the top and bottom virtual sub-slices corresponding to panel B. (D)
Virtual top-bottom split of the hippocampus. (E) Consistency of ‘GABA’ and ‘glial’ assighment of
segments across the vertical split. (F) Combinatorial matrix of observation pairs in virtual
hippocampus sub-slices.
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To address vertical spatial doublets in imaging-based SRT data generated from tissue sections, we
implemented ovrlpy. Ovrlpy combines the vertical sub-slicing strategy with an unsupervised and
segmentation-free SRT analysis algorithm®>4. Ovrlpy generates tissue maps of vertical signal integrity
(VSI) by calculating local gene expression similarity between top and bottom virtual sub-slices. We
established a 0.7 threshold for identifying spatial doublets, based on theoretical and practical
validation (Supplementary Figure 7a-b). Ovrlpy can identify and visualise regions of interest (ROI) for
further inspection (Figure 2). The transcriptome signal is embedded both in 2D-UMAP-space and in
RGB-colour space. Subsequently, both 3D and 2D views of transcripts in the ROl are rendered.

An example application to the Xenium mouse brain data set of Figure 1 revealed different types of
low-VSI artefacts (Figure 2b-f, Supplementary Figure 8). The unsupervised colour assignment of
transcripts corresponded well to different cell-types (Supplementary Figure 9). Low-VSI peaks appear
throughout the entire tissue implicating widespread cell overlaps, alongside systematically low VSI
for tissue types like the meninges, choroid plexus and capillaries. Many of these observations were
consistent with the previous segmentation-based analysis (Supplementary Figure 10). The ventral
brain region on the bottom contains several prominent structures, which had low VS| and visual
consistency with sample preparation tissue folds (Supplementary Figure 8). Furthermore, ovrlpy
confirmed doublets involving glial and inhibitory cells in the CA1 (Figure 2e, Supplementary Figure
11). These observations were also found when applying ovrlpy to the MERSCOPE mouse brain
dataset (Supplementary Figure 12).

To investigate the generalisability of ovrlpy across tissues, we analysed a publicly available mouse
liver dataset profiled on the MERSCOPE platform (Supplementary Figure 13,14) and were able to
generate unsupervised gene expression embeddings consistent with the liver cellular composition®,
Patterning of the VSI map as well as instance visualizations suggest an increased tendency for liver
endothelial cells and stromal cells to form spatial doublets with their immediate environment
(typically hepatocytes as well as, in the case of endothelial cells, other building blocks of multilayered
membranes, Supplementary Figure 13,14).
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Figure 2: ovrlpy identifies overlapping cells in imaging-based spatially resolved transcriptomics
data. (A) A rendition of the ovrlpy signal-incoherence pipeline. (B) Colour-embedded transcriptome
signal at local maxima sampling locations. (C) Ovrlpy signal incoherence map. (D) Ovrlpy’s
segmentation-free, unsupervised transcriptome signal embedding. Scale bar corresponds to 20 um.
(E) Panels depicting of cell overlaps in the CA1 region. (F) Panels depicting of cell overlaps in the
tissue fold. Scale is the same as panel E.

3D segmentation methods offer a potential solution to address spatial doublets mainly for imaging-
based SRT data but are limited by technical challenges. Reduced microscopic resolution along the z-
axis impedes precise boundary delineation, and cells partially outside the tissue slice pose difficulties
for standard model priors as in the case of missing DAPI signal or inapt cell size constraints. To
demonstrate ovrlpy's utility as a cell-segmentation quality control tool, we investigated two 3D
segmentation datasets. First we performed 3D cell segmentation based on transcript locations of the
Xenium mouse brain dataset using Baysor®®. For the obtained segments, we observed a significant
correlation of MapMyCells’s reported cell typing correlation coefficient and ovrlpy’s reported VSI
score (Supplementary Figure 15). However, Baysor struggled to model the tissue fold artifact in the
ventral region, failing to correctly segment a number of leptomeningeal cells along a stretch of the
folded meninges in regions where the leptomeningeal markers were clearly present. We then
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investigated a publicly available 3D DAPI segmentation dataset of the mouse brain from Vizgen
(Supplementary Figure 16). Here, only 7% of the 609 high confidence doublets (VSI<0.5) identified by
ovrlpy were detected by Byasor, suggesting limitations in existing 3D cell segmentation models ability
to identify vertically overlapping cells effectively. These findings underscore ovrlpy's sensitivity to
spatial artifacts that may be missed by existing 3D cell segmentation methods and emphasize the
urgent need for robust quality control strategies in SRT analysis.

We further investigated the effect of ovrly-defined doublets on downstream clustering analysis
(Supplementary Figure 17). Mean VSl scores were determined across each cell segment, and
segments with a mean VSI below 0.7 were marked as vertical doublets. We then annotated all cell
segments and inspected their gene expression UMAP embeddings. We found that the doublets were
embedded in between the more distinct singlets, as observed with single-cell RNAseq doublet gene
expression embeddings'®. Removing the vertical doublets resulted in an improved singal-to-noise
ratio, demonstrated by a clearer separation of cell-types in both the Xenium and MERSCOPE
datasets.

In conclusion, our analysis offers a practical solution to reduce the artefacts introduced by assuming
SRT data to be 2D. Researchers should consider the frequent phenomenon of overlapping structures,
spatial doublets and partly-out-of-slice cell fragments when planning experiments, interpreting
results, or creating computational analysis tools. To the best of our knowledge, ovrlpy is the only tool
to mitigate the limitations of 2D SRT analysis, offering both a data augmentation mechanism and an
expanded toolkit for exploring VSI. Ovrlpy is an unsupervised algorithm thus making it suitable for
both known and unknown tissues and cell types. The identified overlaps are plausible given cell-type
specificity of transcripts and known cellular organisation within tissues. As SRT continues to evolve
and is increasingly applied to attack real-world biological problems, tools like ovrlpy will be essential
for ensuring the integrity and interpretability of high-resolution spatial data. Ovrlpy is compatible
with standard python SRT analysis infrastructure, provides tutorials of example applications as well
as guidelines for optimal model parameter selection and output interpretation.
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