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Abstract

The rapid emergence of spatial transcriptomics (ST) technologies are revolutionizing our
under- standing of tissue spatial architecture and their biology. Current ST technologies

based on either next generation sequencing (seq-based approaches) or flu orescence in situ

hybridization
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(image-based approaches), while providing hugely informative insights, remain unable to provide
spatial characterization at transcriptome-wide single-cell resolution, limiting their usage in
resolving detailed tissue structure and detecting cellular communications. To overcome these
limitations, we developed SpatialScope, a unified approach to integrating scRNA-seq reference
data and ST data that leverages deep generative models. With innovation in model and
algorithm designs, SpatialScope not only enhances seq-based ST data to achieve single-cell
resolution, but also accurately infers transcriptome-wide expression levels for image-based ST
data. We demonstrate the utility of SpatialScope through comprehensive simulation studies and
then apply it to real data from both seq-based and image-based ST approaches. SpatialScope
provides a spatial characterization of tissue structures at transcriptome-wide single-cell reso-
lution, greatly facilitating the downstream analysis of ST data, such as detection of cellular
communication by identifying ligand-receptor interactions from seq-based ST data, localization

of cellular subtypes, and detection of spatially differently expressed genes.
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Introduction

Single-cell RNA sequencing (scRNA-seq) characterizes the whole transcriptome of individual
cells within a given organ, providing remarkable opportunities for broad and deep biological
investigations of diverse cellular behaviors [1, 2, 3]. However, scRNA-seq does not capture the
spatial distribution of cells due to samples having to undergo tissue dissociation [4]. As spatial
information is so critical to understanding communication between cells, many related scientific
questions related to cellular communication cannot be fully addressed by scRNA-seq alone [5].

Current ST approaches are predominantly based on either next-generation sequencing
(seq-based) or fluorescence in situ hybridization (image-based). Seq-based approaches, such as
10x Visium [6] and Slide-seq [7], can detect transcriptome-wide gene expression within spatial
spots, but each spot often contains multiple cells. Therefore, the resolution of present seq-based
approaches do not achieve single-cell resolution, which limits their usage in resolving detailed
tissue structure and in characterizing cellular communications (e.g., identifying ligand-receptor
interactions [8]). Image-based approaches such as seqFISH [9] and MERFISH [10] achieve
single-cell resolution, but are limited to profiling panels of tens to hundreds of genes per sample,
leaving the majority of the transcriptome unmeasured. Users of these image-based methods
need to have well-defined biological hypotheses to design an appropriate and useful gene panel,
and it is unlikely to generate incidental discoveries in this scenario.

Ideally, the integration of single-cell and ST data should allow us to characterize the
spatial distribution of the whole transcriptome at single-cell resolution, by combining their
complementary information. However, existing integration methods are far from satisfactory
in real data analysis [11]. There are now several cell-type deconvolution methods for ST
data, including RCTD [12], Cell2location [13], CARD [14] and spatialDWLS [15]. When these
deconvolution methods are applied to seq-based ST data, they only estimate the proportions
of cell types in each spatial spot but cannot achieve single-cell resolution. Therefore, the
aforementioned limitations of not having single-cell resolution remain unresolved. For image-
based ST data, methods developed to infer unmeasured gene expressions, such as Tangram
[16], gimVI [17] and SpaGE [18] are not sufficiently accurate, especially when ST expression
data are sparse [11]. Therefore, there remains a need for accurate statistical and computational
methods for integrating single-cell and ST datasets [4].

Herein we introduce SpatialScope, a unified approach to integrating scRNA-seq reference
data and ST data generated from various experimental platforms, applicable to both seq-
based ST data (e.g., 10x Visium and Slide-seq) and image-based data (e.g., MERFISH). By
leveraging deep generative models, SpatialScope can resolve the spot-level data composed of
multiple cells to single-cell resolution when it is applied to seq-based ST data. There are

two key features of SpatialScope. First, it can greatly improve cell type identification by
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exploiting spatial information of cells through Potts model and properly correcting for batch
effect between ST and scRNA-seq reference data. Second, unlike alignment-based methods
such as Tangram [16] and CytoSPACE [19] that assign existing cells from scRNA-seq data to
spatial spots, SpatialScope can generate the gene expressions of pseudo-cells using the learned
deep generative model to match the observed spot-level gene expression in space. Consequently,
SpatialScope can decompose the observed gene expression at each spot into the single-cell level
gene expression accurately. In addition, for image-based ST data, SpatialScope can learn the
distribution of gene expressions from the scRNA-seq data and then infer transcriptome-wide
expression of the unmeasured genes in the sample, conditioned on the observed tens to hundreds
of genes in that sample. With the above features, SpatialScope allows more in-depth and
informative downstream analyses at single-cell resolution. Using ST data generated from
various experimental platforms, such as 10x Visium, Slide-seq and MERFISH data, we show
that the results of SpatialScope enable spatially resolved cellular communications mediated by
ligand-receptor interactions and spatially differentially expressed genes expression, highlighting
SpatialScope’s utility in elucidating underlying biological processes. By applying SpatialScope
to human heart data, ligand and receptor pairs that are essential in vascular proliferation and
differentiation are detected using higher resolution ST data generated by SpatialScope. Some
meaningful genes absent in MERFISH data are detected as DE genes through the imputation of
SpatialScope. Very recently, SpatialScope has been applied to enhance the resolution of ST data
generated from human embryonic hematopoietic organoids, producing single-cell resolution ST
data which was then used to detect spatially resolved cell-cell interactions and co-localization
of different cell types [20]. This single-cell resolution decomposition of the original data has

allowed us to identify additional biological findings that were not possible at spot-level.

Results

Overview of the SpatialScope method

By leveraging the deep generative model, SpatialScope enables the characterization of spatial
patterns of the whole transcriptome at single-cell resolution for ST data generated from various
experimental platforms. To present our key idea better, we begin our formulation with gene
expression decomposition of seq-based ST data from the spot level to the single-cell level. Let
y € RY be the expression levels of G genes (after batch effect corrections) at a spot in seq-based
data. Suppose that we already know that the spot-level gene expression y comes from two cells
of different types, y = 1 + x5 + €, where &1 and x5 are the true gene expression levels of cells
1 and 2 whose cell types are denoted as k; and ks, respectively, and the independent random

noise € is assumed to be N (0, 02I) for convenience. We aim to decompose y into x; and x,,
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Figure 1: Overview of SpatialScope. SpatialScope is designed to infer the spatially resolved
single-cell transcriptomes based on the distribution learned from scRNA-seq reference data.
SpatialScope first segments single cells in low-resolution ST data such as Visium, then identifies
the cell type label for each segmented cell within the spot. Finally, conditioning on the infer
cell type labels, SpatialScope decomposes the spot-level gene expression profile into single-cell
level, allowing more in-depth and informative downstream analyses at single-cell resolution.
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and thus obtain the single-cell resolution gene expression at the given spot. To achieve this,
we use a deep generative model [21, 22, 23] to learn the expression distributions of cell types
ki and ks from the scRNA-seq reference data, denoted as p (x| k1) and p (x| k2). Based on
Langevin dynamics [24, 22|, we can obtain the decomposition by sampling X = [x;; 5] from

the posterior distribution p (X |y, k1, ko),
X0 = XU 4 nVxlogp (X“) |y, ki, kz) +y/2ne®, (1)

Where e® ~ A(0,1) and n > 0 is the step size, t = 1,...,00. By Bayes rule, we have

log p (X(t) |y, ki, kz) =logp (y | X O, Ky, kz)Hogp (wgt) | k’1>+logp (wét) | kz) —logp (y | ki, ks)
Noting that Vx logp (y | k1, k2) = 0, this makes it easy to obtain posterior samples from

the Langevin dynamics as

() _ (v Vay logp (@1 | ks
X = XO s | Vxlogp (y | X ks ks ) +

+/2ne®, (2)

vmg logp wgt) | k2

where p <y | X0k, k2> N (y |2 12, 031) V. logp <w§” | k1> and V, log (a;gw | 1@)
are known as the score function which can be learned from the scRNA-seq reference data. The
samples from the posterior distribution p (X ®) | y, k1, k2> recover gene expression levels of the
two cells, achieving single-cell resolution.

To implement the key idea formulated above, SpatialScope comprises three steps of real
data analysis (Fig. 1): (i) Nucleus segmentation; (ii) cell type identification; and (iii) gene
expression decomposition with a score-based generative model. Specifically, we first perform
nuclei segmentation on the hematoxylin and eosin (H&E)-stained histological image to count the
number of cells at each spot. Second, for cell type identification (i.e., k1, and ks ) at each spot,
we develop a fast and accurate method by integrating scRNA- seq and ST data. Third, we learn
the conditional score generative model (i.e., V4, logp (a:gt) | k:1> and Vg, logp (:Bgt) | kg)) in
a coherent neural network to approximate the expression distribution of different cell types
from scRNA-seq data, and then use the learned model to decompose gene expression from the
spot level to the single-cell level, as outlined above. Based on the same modeling principle,
we generalize SpatialScope to infer the unmeasured gene expression for image-based ST data,
conditional on the observed gene expression levels. We introduce the details of SpatialScope in

the method section.

SpatialScope accurately identifies cell types and enables the integra-
tion of multiple slices

Without single-cell resolution in ST datasets, fine-grained cell gradients cannot be visualized,

and understanding cellular communication within tissues is not possible. Ideally, tools for
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ST data analysis should leverage single-cell expression profiles either generated from paired
samples or from the growing body of published tissue atlases to infer single-cell types and
their comprehensive gene expression profiles, which would in turn enable interpretation of
cell-cell interactions, localization, and spatial trajectories. To get reliable inferences of gene
expression profiles at single-cell resolution, accurately identifying single-cell types is fundamental.
Each spot in the ST data may contain multiple single cells whose signals are mixed at the
spot level and we can only observe the low-depth mixed signal for each spot. Successful cell
type identification means assigning cell type labels to the individual cells within each spot.
SpatialScope enables accurate cell type identification by integrating annotated scRNA-seq data
and ST data. Further, SpatialScope takes advantages of the inclusion of spatial information,
enabling reliable single-cell type identification. Although a few alignment-based methods,
such as Tangram and CytoSPACE, also can achieve single-cell type identification, the spatial
information is missing. SpatialScope utilizes spatial information by factoring in neighbor
cells” identities when assigning each cell’s cell-type, which is achieved by introducing a spatial
neighbor structure into the prior (Fig. 2a, Supplementary Method). To demonstrate the
strengths of SpatialScope in this aspect, we compared its ability to identify cell types on
spot-level ST data against several other computational tools for ST data. We compared
SpatialScope with Tangram and CytoSPACE, which can also perform cell type identification
at single-cell resolution. Since ground truth cell type of individual cells are unknown in real
low-resolution ST data, we used a single-cell resolution MERFISH dataset [25] to generate a
simulated dataset: The MERFISH data is partitioned into two regions, with one region serving
as the single-cell reference data, and the second region serving to mimic low-resolution ST data
by aggregating the cells on uniform grids to simulate spots (Fig. S1). Since the cell type of each
cell in MERFISH dataset is annotated, we used the annotated cell type labels for individual
cells within the simulated spots as ground truth.

We evaluated the performance of cell type identification within simulated spots of different
grid sizes (representing spatial data with different resolutions) and total UMI counts per spot
(Fig. 2b, Fig. S2). The number of cells in the spots ranges from 1 to 6 for grid size 42 x 42 pm
and from 1 to 3 for grid size 16 x 16um. The total UMI counts per spot range from 130 to
520, which respectively represent averaged half-cell UMIs and averaged two-cell UMIs in the
original MERFISH data. The cell type identification results are similar across settings, with
SpatialScope identifying clear layer structure at single-cell resolution at all settings. The results
under the setting, grid size = 34 x 30(pm); total UMI counts per spot = 260, are visualized
in Fig. 2b-c. Fig. 2b shows the ground-truth cell type labels and the cell type identification
results of SpatialScope, Tangram and CytoSPACE. SpatialScope produced closer results to
ground truth compared to Tangram and CytoSPACE.
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Figure 2 (previous page): Simulated study of cell type identification and Spa-
tialScope applying on a real multiple slices mouse brain cortex data. a, SpatialScope
utilizes spatial information by encouraging neighboring cells to belong to the same cell type.
Blue big circle shows the neighborhood when considering a single slice. Red big circle shows
the neighborhood when considering multiple slices, resulting in integrating information from
multiple slices. b, A spatial scatter plot displays identified single cell types on each cell location
from ground truth and different methods. Each grid represents a simulated spot containing
multiple cells. ¢, Scatter plot of single cells in simulated spatial data (left). Different colors show
cells with correct/wrong cell type identification and cells missed by each method. Confusion
matrix of true versus identified single cell types by different methods. Color in the confusion
matrix represents the proportion of the cell type on the y-axis identified as the cell type on
the x-axis. d, H&E staining histology of two adjacent slices of mouse brain cortex from 10x
Visium (top). White polygons indicate the region of interest. Alignment results using PASTE
[36] of the two slices (bottom). e, The SpatialScope identified cell type labels for the stacked
3D ST data constructed by two slices. f, Comparison cell type identification results of using
single slice (top) and multiple slices (bottom). The first column to third column show spatial
cell locations that identified as L4, 1.6 CT and L6 IT by SpatialScope, respectively. Circled
area indicates regions of different layers: L4, L6 CT and L6 IT.

By contrast, Tangram missed many cells because it does not use the actual number of nuclei in
the histological image to determine the output cell number. CytoSPACE inaccurately assigned
cell type labels in several layers, including the L5 IT layer (Fig. 2b). This is also reflected by
the confusion matrix, with Tangram having a lower on-diagonal correlation and CytoSPACE
showing noise and inappropriate off-diagonal correlation (Fig. 2c). The overall error rates of
cell type identification for SpatialScope, Tangram and CytoSPACE are 20.64%, 43.94% and
33.97%, respectively (Fig. 2f), indicating that SpatialScope substantially outperforms Tangram
and CytoSPACE in terms of cell type identification. We also performed cell type identification
on other three simulated datasets generated by various single-cell resolution ST data (e.g.,
STARmap [26], MERFISH data from different tissues, etc.) and SpatialScope also compares
favorably to Tangram and CytoSPACE on all datasets with respect to cell type identification
error rate (Fig. S3b-d). To compare SpatialScope with other deconvolution methods, we
calculated Pearson correlation (PCC) and root-mean-square error (RMSE) between true and
estimated cell type proportion of spots and found that SpatialScope is the top-performing
(Fig. S3a) and computationally efficient (Fig. S3e) method in all three simulated datasets.
Furthermore, when there are missing cell types in the reference dataset, we showed that
SpatialScope achieved the highest robustness over the compared methods by predicting the
cells as the most transcriptionally similar cell type in the reference (supplementary note section
2.7.2)

Recently, ST data with multiple parallel slices in a tissue from one or more samples is
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become more widely available and is being generated at an accelerated pace. SpatialScope is
also applicable to the data with multiple slices and its performance is further enhanced by
integrating multiple slices. SpatialScope leverages 3D spatial information by adding a prior
similar to 2D spatial neighbor structure. In the 3D case, the neighbors of a cell also include
those across slices in the z-direction (Fig. 2a), and taking this into account improves the
accuracy of cell type identification. To illustrate how SpatialScope is applied to multi-slices
data, we considered a real two-slice dataset of spot-level mouse brain cortex data (Fig. 2d).
Both of the two slices are from 10x Visium and they are adjacent slices from the mouse brain
cortex, and these two-slices data serve as the spatial data. Separately, we used a published
mouse brain scRNA-seq data (Smart-seq2) [27] as the single-cell reference, which is comprised
of 14,249 cells across 23 cell types (Fig. S4). We first segmented single cells independently
in the two corresponding H&E-stained histological images from the same tissue sections and
located 3,777 and 3,034 cells within 812 and 794 spots from the brain cortex of slice 1 and slice
2, respectively. Using PASTE [28] to align multiple adjacent tissue slices, we then successfully
constructed a 3D aligned ST data for the mouse brain cortex tissue (Fig. 2d). We applied
SpatialScope to the 3D aligned ST data for cell type identification. We evaluated the accuracy
of the inferred cell type labels based on the known spatial organization of cell types in the brain
cortex: The mouse brain cortex consists of four main layers of glutamatergic neurons (1.2/3,
L4, L5 and L6), and cell type labels identified by SpatialScope accurately reconstructed these
multi-layer structures in both slices of mouse brain cortex (Fig. 2e and Fig. S5). Alignment-
based and deconvolution methods can only handle one slice at a time, and as a result the
tissue layer structure can be misidentified (see Fig. S6 for more details). By incorporating
3D spatial structure and borrowing information from adjacent slices, SpatialScope reduces
cell mis-identification compared to when only a single slice is used by taking into account
neighboring cell types (Fig. 2f). For example, some mis-identified L6 CT and L6 IT cells in

the upper layer of brain cortex are corrected when using two slices (Fig. 2f).

SpatialScope generate single-cell resolution gene expression profiles
and enable interpretation of cell-cell interactions

The goal for gene expression recovery is to decompose mixed reads within each spot and generate
single-cell resolution gene expression profiles, which overcomes the limitation of low-resolution
ST data. For SpatialScope, this step follows the step of cell type identification. In the gene
expression decomposition step, SpatialScope first learns a conditional score-based generative
model, which is conditioned on cell type, to approximate the distribution of gene expressions
from a given scRNA-seq reference data (Fig. S7). Then based on the learned generative

model and cell-type label of each single cell, SpatialScope decomposes the spot level gene

10
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expressions into single-cell level (see Methods). Accurate cell type identification is necessary
for reliable inference of single-cell comprehensive gene expression profiles for SpatialScope as
well as other alignment-based methods. For example, Tangram and CytoSPACE complete
cell type identification and gene expression decomposition at the same time, and in this
process, alignment of cells with the wrong cell type naturally leads to unreliable single-cell gene
expression inference. As such, the results shown in the previous section and those of single-cell
resolution gene expression decomposition are closely related.

To evaluate the performance of SpatialScope in gene expression decomposition, we used the
same simulated data (Fig. S1) and compared SpatialScope with Tangram and CytoSPACE.
The gene expression profiles for individual cells within the simulated spots were used as ground
truth. We compared the gene expressions inferred by the three methods with the ground
truth gene expression. All the results of SpatialScope are produced based on the cell type

identification results in the last section.
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Figure 3 (previous page): SpatialScope generates single-cell resolution gene expres-
sion profiles and enable interpretation of cell-cell interactions. a, The UMAP plot of
gene expression decomposition example for a simulated spot with two cells from endothelial
and oligodendrocyte, respectively. Dots of different colors represent gene expression profiles
of two single cells decomposed from this simulated spot by different methods. The table
shows the cosine similarity between the ground truth and decomposed gene expressions of
two single cells in the simulated spot. In the table, “True label” represents ground truth
cell type label; “Estimated.” represents estimated cell type label by different methods; “Cos.
sim.” represents cosine similarity between ground truth gene expression profiles and estimated
gene expression profiles by different methods. b, The spatial expression pattern of two layer’s
marker genes before and after applying SpatialScope’s gene expression decomposition are
displayed. SpatialScope decomposes spots to single-cell resolution, resulting in a refined spatial
map of gene expression. ¢, The cosine similarities between the ground truth and decomposed
single-cell level gene expression profiles of different methods are displayed. Two different
single-cell reference data are used to evaluate the robustness of gene expression decomposition.
d, Top, spatial cell locations identified as 1.4, L5 IT, L6b/L6 CT/L6 IT, Oligo and VLMC by
SpatialScope using multiple slices. Middle, spot-level expression levels of the corresponding
cell-type-specific marker genes in original Visium data. Bottom, refined single-cell resolution
expression levels of the corresponding marker genes by SpatialScope e, Visualization of some
representative molecular interactions detected in the 3D aligned single-cell resolution spatially
resolved transcriptomic data produced by SpatialScope. The scatter plot shows the expression
level of ligand-receptor pairs in corresponding cell type pairs. The expression of ligands and
receptors are colored by orange and green, respectively.

Fig. 3a shows an example of how SpatialScope decompose spot-level gene expression profiles
into cell-level gene expression profiles, where a spot containing two cells is decomposed to
two single cell gene expression profiles conditioned on the fact that SpatialScope has already
identified those two cells as endothelial and oligodendrocyte respectively. The decomposed
gene expression of the two individual cells by SpatialScope (red dots) are clustered closely with
the ground truth expression levels (green dots), with mean cosine similarity as high as 0.90. In
contrast, inferred cells generated using Tangram (purple dots) and CytoSPACE (orange dots),
which both use alignment-based methods, are more dissimilar to ground truth with mean cosine
similarities of 0.44 and 0.57, respectively (Fig. 3a). By accurate gene expression decomposition,
SpatialScope recovers the higher spatial resolution afforded by the original MERFISH data that
is lost in the simulated ST data (Fig. 3b and Fig. S8a). As some cells with weak signals may
be missed in the nucleus segmentation step, we also evaluated the performance of SpatialScope
and the compared method when the ground truth cell number is inconsistent with the estimated
cell number in the spots. In brief, we observed that SpatialScope is robust over inconsistent
cell numbers and capable of identifying the remaining ground truth cells with highly matched

transcriptional profiles (supplementary note section 2.7.3).
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In real use cases, it may be impractical to generate paired scRNA-seq data for each ST
profiling experiment, either due to budget or sample availability. Thus, we also tested the
accuracy and robustness of different tools in generating single-cell gene expression decomposition
from ST-data based on either paired scRNA-seq data or an independently generated scRNA-
seq reference of the same tissue type. We calculated cosine similarities between the inferred
single-cell level gene expression and ground truth for all cells under different scenarios as a
measure of accuracy (Fig. 3c). As shown in Fig. 3c, SpatialScope achieved significantly higher
accuracy irrespective of paired/unpaired single-cell reference; the performances of alignment-
based methods, Tangram and CytoSPACE, decreased dramatically when the reference data
is generated from the same tissue type but different biological samples (unpaired setting in
Fig. 3c). Furthermore, when varying the UMI subsample rate in the construction of simulated
spots, we found that SpatialScope’s performance remains robust even when the simulated ST
data is very sparse (Fig. S8b). This is significant because the per cell transcript capture rate
of ST methods is known to be much lower than scRNA-seq, and ST data is generally sparse
in nature, which poses challenges in data analysis [29, 30, 31]; accurate decomposition that is
robust to sparsity alleviates this problem. The overall superior performance of SpatialScope is
likely due to leveraging the learned distribution to generate pseudo/unobserved cells that fit
the spot-level expression data, while alignment-based methods can only align existing cells from
scRNA-seq reference data to spatial data. By fitting the spot-level expression, SpatialScope
exhibits robustness to different reference data and adaptively improves when there is more
information (e.g. more UMISs).

To further investigate SpatialScope’s gene expression decomposition performance in real
data applications, we applied SpatialScope to analyze 10x Visium data of mouse brain cortex
that have two adjacent slices, which is also used in cell type identification analysis. Further,
we showed that gene expression decomposition enables more in-depth and informative cell-cell
interactions analyses at single-cell resolution. We also found that multiple slices increased the
power of cell-cell interactions detection by integrating information across multiple slices.

The same that the gene expression decomposition was performed after cell type identification
described in last section. Through decomposition of gene expressions from the spot-level into the
single-cell level, we refined the spatial transcriptomic landscape of mouse brain cortex at single-
cell resolution while maintaining accurate spatial patterns of gene expressions (Fig. 3d). By
contrast, Tangram and CytoSPACE cannot reconstruct the expected spatial expression patterns
for a few marker genes at single-cell resolution (Fig. S6d). Next, we show that spatially resolved
transcriptomic data at single-cell resolution produced by SpatialScope, with the additional
help of 3D alignment, enabled us to infer reliable spatially proximal cell-cell communications.
Compared to very few ligand-receptor signaling detected in a single slice only (Fig. S9d-e),

we detected widespread proximity interactions between Parvalbumin-positive neurons (Pvalb)
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and Oligodendrocytes (Oligo) when analyzing the 3D aligned ST data (Fig. 3e and Fig.
S9a). The identified ligand and receptor pairs show strong enrichment in multiple biological
processes/pathways that are essential in the regulation of neuronal development in the cortex,
including synapse organization and assembly, oligodendrocyte differentiation, and regulation
of gliogenesis (Fig. S9b) [32]. For example, the cell-cell communication mediated by Nrg!
and Frbbs interaction is well documented, and Neuregulin ligands play a role in proliferation,
survival and maturation of oligodendrocytes through Erbbj pathways [33]. Sppl-Itgav was also
suggested to mediate communication and migration between oligodendrocytes and microglia
[34]; our analysis shows that this molecular interaction might also occur between Pvalb neurons
and oligodendrocytes, providing a possible direction for further investigation. We also detected
extensive cellular communications between subtypes of neurons, such as Adcyap1-Adcyaplri
between L2/3 IT and L5 IT, Efna5-Ephab between L5 IT and Lampb, and Sema6d-Plznal
between L5 IT and L6 CT (Fig. 3e). These molecular interactions have been reported to
be vital for cortical development in brain [35, 36]. The interacting cell types detected by
SpatialScope provide more comprehensive understanding of cellular/molecular interactions in

the cortex.

SpatialScope enables high resolution identification of cell types and
candidate pathways for cellular communication in human heart tissue

The human heart is a highly functionally coordinated organ, and different cell types within the
same tissue must act in concert with precise feedback and control. Previous single-cell profiling
of the human heart identified cellular subtypes with high levels of specialization in their gene
expression corresponding to their roles in regeneration/renewal or as fully differentiated cells
that participate in blood circulation and pacing [37]. With spatial transcriptomics, there
is additional opportunity to understand these cellular specializations in the context of the
complex architecture of the human heart. We applied SpatialScope to a real ST dataset of adult
heart tissue profiled at spot-level [38], and show that decomposed single-cell transcriptomes
enables localization of cellular subtypes at high resolution. Furthermore, assessment of ligand-
receptor co-expression in neighboring cells reveals candidate pathways that facilitate cellular

communication in a given tissue region.
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Figure 4 (previous page): Analysis of vascular region in spot-based human heart
ST data. a, Cell type identification result at single-cell resolution for whole slice 10x Visium
data of human heart using SpatialScope. The background is H&E staining of human heart.
Black dotted line indicates ROI. b, Inferred cell type compositions across the whole slice by
SpatialScope, Tangram and CytoSPACE. ¢, UMAP of scRNA-seq reference data (blue dots)
and the pseudo cells (red dots) generated by the deep generative model. d, Top, cell type
identification result at single-cell resolution in ROI. Bottom, H&E staining of the heart ROI.
Black dotted line indicates vascular location. e, Expression of SMC and EC marker genes in
raw Visium data (top) and single-cell transcriptomes generated by SpatialScope (bottom). f,
The UMAP plot of SMCs in refined single-cell resolution spatial data generated by SpatialScope
and cells from all subgroups of SMC and EC in snRNA-seq reference. Red circle highlights
the overlap of inferred SMCs with real arterial SMC rather than venous ones. g, Dot plot
of ligand-receptor pairs that exhibit spatially resolved cell-cell communications inferred from
SpatialScope generated single-cell resolution spatial data. SMC: smooth muscle cells; EC:
endothelial cells; FB: Fibroblast; VC: ventricular cardiomyocyte. h, Schematic of the vascular
cells and inferred cell-cell interactions between SMC and EC in the arteries. i, Visualization of
molecular interactions between EC and SMC using single-cell resolution gene expression profiles
generated by SpatialScope. The scatter plot shows the expression level of ligand-receptor pairs
in EC and SMC, respectively.

First, we segmented single cells in the corresponding H&E stained image and located 10,734
cells within 3,813 spots in the whole slice (Fig. 4a, Fig. S10). As the paired single-cell reference
(produced from the same sample as the ST data) is not available, we used as reference another
human heart snRNA-seq atlas [37] consisting of 10 major cell types including cardiomyocytes
to less common adipocytes and neuronal cells (Fig. S11). SpatialScope learned the distribution
of the gene expression in each cell type from this atlas via a deep generative model. The
“pseudo-cells” generated using this learned model are indistinguishable from existing real cells
in the reference data (Fig. 4c), laying the foundation for SpatialScope to accurately resolve
spot-level ST data containing multiple cells to single-cell resolution. The overall cell-type
composition across all spots identified by SpatialScope was highly consistent with that of the
snRNA-seq reference from the same tissue type (the heart left ventricle) (Fig. 4b). These
results further validate the performance of SpatialScope on real data beyond the simulated
dataset. Alignment-based methods, on the other hand, did not provide satisfactory estimations
of cell-type composition. Tangram mis-identified many cells in the left ventricle as atrial
cardiomyocytes, and CytoSPACE was unable to identify pericytes, a major cell type in human
heart tissue. The SpatialScope estimated cell-type compositions remained highly consistent
even when using different non-paired human heart snRNA-seq atlases as reference (Fig. S12),
suggesting that it is robust to the choice of reference data in real data analyses, which is

important during practical implementation.
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That SpatialScope can construct pseudo-cells with inferred gene expressions offers a unique
advantage over other methods: through deep learning we recover additional information from
each spot that is missing in the original ST data due to dropouts of low expression genes,
and this enables statistically meaningful analysis of relative expression between cells (Fig.
4e). To illustrate this feature, we focused on a region of interest (ROI) that shows a spatial
pattern characterized by vascular cells. Figure 4d shows that the SpatialScope inferred smooth
muscle cells (SMC) accurately reside in the areas containing vascular structures, as marked by
the pan-SMC marker gene MYH11 in the original ST data and by the H&E staining in the
histological image (Fig. 4d; Fig. 4e). In comparison, alignment-based methods Tangram and
CytoSPACE were unable to identify SMCs in this region (Fig. S13a). Cell type deconvolution
methods RCTD and spatial DWLS performed better and correctly identified SMCs, while CARD
and Cell2location incorrectly identified many endothelial cells (EC) and atrial cardiomyocytes,
respectively (Fig. S13b). The SpatialScope inferred results also indicate that this region has a
much higher expression level of TAGLN than LGR6 (Fig. 4e). In both brain [39] and cardiac
vasculature [37], TAGLN was previously found to be highly expressed in arteriole SMCs while
much lower in venous SMCs, and high LGR6 expression was found to be associated with venous
SMC [39]. Based on these previous atlas studies, which labelled TAGLN-high/LGR6-low
SMCs as arterial, our result classifies this region as being arterial rather than venous. It is
worth noting that the same conclusion could also be drawn from the raw ST data as their
expression patterns were highly similar (Fig. 4e), but the single-cell resolution ST generated
by SpatialScope allowed us to significantly increase the confidence of the conclusion. To see
this, we projected the inferred single-cell level gene expression profiles of SMCs in this region
onto the UMAP of all SMCs and ECs in the snRNA-seq reference, obtaining a global view
of SMCs identified by SpatialScope. This reveals that the global gene expression of inferred
SMCs are clustered with real arterial SMC rather than venous ones (Fig. 4f), indicating that
SpatialScope accurately identified the arterial SMC. Other methods could not distinguish these
subtypes (Fig. S13c).

Spatially resolved single-cell expression profiles inferred by SpatialScope can further facilitate
downstream analysis, for example in exploring cell-cell communication between ECs and SMCs
in arteries (Fig. 4h). We applied Giotto [8] to identify statistically significant ligand-receptor
(LR) interactions between these two cell types when in close proximity (Fig. 4g) and found
LR expression patterns that are consistent with previous studies [37]. Spatial co-expression
patterns of these LR pairs was also verified by visual inspection (Fig. 4i, Fig. S14). We further
noted that the interacting ECs are arterial, marked by SEMAS3G expression (Fig. 4e), which is
concordant with our previous observation that these SMC are the arterial subtype. Among the
LR-pairs we identified as significant, Notch receptor-ligand interactions (e.g., JAGI-NOTCH3,

DLL4-NOTCHS3) are known to be essential for regulating vascular smooth muscle proliferation
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and differentiation [40, 41], and SERPINE2-LRP1 has been reported to act as a protector of
vascular cells against protease activity [42, 43]. RTN4-LINGO1 is commonly detected in brain
tissue due to its importance in regulating neuronal development [44]. With the inferred gene
expression profiles with single-cell resolution, here our results indicate that RTN4-LINGO1 has
a spatially strong co-expression pattern in the human heart vascular region (Fig. S14). The
RTN family of genes are also known by another name, the Nogo family, and RT'N4 protein
products are widely expressed in many cell types but most highly expressed on the surface of
glial cells. Both RTNj and LINGO1 are found to be expressed in multiple cell types including
smooth muscle cells and endothelial cells [45]. Literature has reported the interaction of this
ligand-receptor in the brain [44, 46, 47|, and the Nogo-B isoform was found to be important in
regulating vascular homeostasis and remodeling in mouse models [48]. Further research is need
to uncover the tissue-specific mechanisms and roles of the RTN4-LINGO1 pair in the human

heart.

SpatialScope enables accurate correction of dropouts in spot-level
ST data

Various spatial technologies differ in their resolution; as an example, Slide-seqV2 can achieve
a higher spatial resolution than the Visium technology but the trade-off is a lower transcript
capture rate [49]. For example, in a cerebellum Slide-seq V2 dataset with 10,975 cells within
8,952 spots (Fig. 5a), 98.55% entries of the gene expression matrix are zero and the median
UMI counts per spot is about 300 [12]. In this dataset, some marker genes exhibit unusual
sparsity (Fig. 5d, Fig. S15), with total UMIs across all spots as low as 25 in some cases (KIf2).
We can also leverage SpatialScope to correct the low-detection in situ transcripts, inferring
the missing signals using the gene expression distribution learned from the single-cell reference
(Fig. S16). As shown in Fig. ba, SpatialScope correctly assigned cell type labels and captured
the three-layer architecture (molecular layer, Purkinje cell layer and granular layer) of the
cerebellum [50, 51]; these high resolution single-cell level results are consistent with spot-level
RCTD results [12]. Other methods produced noisy results and even incorrectly estimated cell
type proportions: Cell2location missed most Astrocytes; Spatial DWLS wrongly detected a
large number of Fibroblasts in the Purkinje cell layer; alignment-based methods Tangram and
CytoSPACE could not reconstruct the granular layer, suggesting that alignment-based methods
are not robust to low capture rate data (Fig. S17).

To evaluate the performance of dropouts correction for SpatialScope, we randomly sub-
sampled the UMIs of existing marker genes with high-capture rates to mimic the technical
“dropouts”, and then applied SpatialScope to check if we could accurately recover the spatial

expression patterns of these marker genes (Fig. 5b).
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Figure 5 (previous page): Application of SpatialScope to Slide-seq V2 cerebellum
data. a, Cell type identification results of Slide-seq V2 cerebellum data by SpatialScope. b,
Correction of two simulated low-quality spatial measurements genes. Slide-seq V2 measurements
(first column), simulated low-quality spatial measurements after processing subsampling (second
column), SpatialScope-corrected gene expression level (third column), and Tangram-corrected
gene expression level (Fourth column). ¢, Accuracy of dropouts correction on simulated
low expression genes under different subsampling level. Two different metrics are used to
evaluate correction accuracy in terms of the similarity between the corrected expression and
true expression: Pearson’s correlation (PCC) and Mean Absolute Error (MAE). d, Correction
of low-quality spatial measurements on real data. Slide-seq measured (top) and SpatialScope
corrected genes (bottom). e, Dot plot of ligand-receptor pairs that exhibit spatially resolved
cell-cell communications inferred from corrected gene expression profiles by SpatialScope. Red
frame indicates ligand-receptor pairs further visualized in f. Purple frame indicates ligand-
receptor pairs that are newly found after dropouts correction by SpatialScope and further
visualized in g. g, Visualization of ligand-receptor expression in both corrected Slide-seq
data by SpatialScope (first row) and raw Slide-seq data (second row). h, Comparison of gene
expression level for ligand /receptor between raw Slide-seq data and corrected Slide-seq data by
SpatialScope, displayed by density plots. i, Comparison of cell counts between raw Slide-seq
data and corrected Slide-seq data by SpatialScope for each cell type.

Specifically, we selected 22 marker genes with high-capture rates, where the median UMIs
is about 3,600 across all spots, and then subsampled their UMIs to 50, 100, 200. Notably,
SpatialScope showed the best performance of the dropout correction in all settings in terms
of mean absolute error (MAE) and PCC (Fig. 5c, Fig. S18). As the subsampled UMIs
increased, SpatialScope further improved the correction accuracy but the performance of
Tangram plateaued. We then used SpatialScope to correct low-capture genes in Slide-seq
data. A close inspection of the corrected sparse marker genes showed clear expression patterns
concordant with spatial cell type organization, indicating that SpatialScope can effectively
address the dropout issue in Slide-seq ST data (Fig. 5d, Fig. S15).

Low capture rates means that many ligand and receptor pairs are also sparsely captured,
making it difficult to perform relevant downstream analyses. The SpatialScope-corrected
Slide-seq data imputes genes with low-capture rates, enabling further calculation of cell-cell
communications. For example, the cellular communication mediated by Psap and Gpr37i1
between molecular layer interneuron type 1 (MLI1) cells and astrocytes was only detected in
the corrected data (Fig. 5g). Astrocytes are reported to have neuroprotective effects on neurons
through the Gpr37l1 pathway [52, 53], supporting the cell-cell interactions we identified in the
corrected data; In contrast, raw Slide-seq data was too sparse to detect this (Fig. 5h-i). We
detected many cellular interactions that are concordant with existing literature (Fig. 5e). For

example, basket cells (e.g., MLI1 and MLI2) in the molecular layer of the cerebellum is known
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to have a powerful inhibitory effect on Purkinje cells [50], and we indeed found the Apoe-Sori1
interaction between these two cell types (Fig. 5f). Notably, both Apoe and Sorll are genes
associated with Alzheimer’s disease risk, and play roles in regulating the clearance of amyloid
protein ( [54]; the interacting cell types detected by SpatialScope may help to elucidate the

underlying genetic etiology behind Alzheimer’s disease.

SpatialScope accurately imputes unmeasured genes on single molecule
imaging-based ST dataset to enable global differential gene expression
analysis

Finally, we investigated how SpatialScope could leverage deep generative models to impute
unmeasured genes in image-based spatial transcriptomics data that only measures a panel of
selected genes. We analyzed a MERFISH dataset, where the expression profiles for 254 genes
were measured in 5,551 single cells in a mouse brain slice from the primary motor cortex (MOp)
[25]. To perform cell type identification and learn the distribution of single-cell gene expression,
we used a paired droplet-based snRNA-seq profiles from mouse MOp as the reference dataset
(Fig. 6b) [16]. SpatialScope successfully learned the gene expression distribution of the single
cell reference data (Fig. 6b), laying the groundwork for inferring the expressions of unmeasured
genes. Using the 252 genes that were targeted by MERFISH and that overlap with snRNA-seq
reference data, we assigned cell type labels for each cell on the slice. As shown in Fig. 6a,
SpatialScope successfully reconstructed the known spatial organization of cell types in the MOp
of the brain cortex. Specifically, glutamatergic neuronal cells showed distinct cortical layer
patterns while GABAergic neurons and most non-neuronal cells were granularly distributed
(Fig. 6a).

Then we compared the performances of SpatialScope and other methods in imputing spatial
expression patterns. Specifically, we split the genes overlapping with the reference data into
training and testing genes. Then, all the compared methods used the training genes as inputs
to predict the gene expression patterns of the testing genes. Here we selected the cortical
layer-specific makers (Cux2, Otof, Rorb, Rspol, Sulf2, Fezf2 and Osrl) as testing genes for
better visualization of the predicted spatial gene expression patterns. As correlation metrics are
often sensitive to noise in gene measurements [16], we evaluated the imputation performance by
computing MAE between the real measurement and the predicted gene expression of the testing
genes. Overall, we showed that SpatialScope achieved state-of-the-art imputation accuracy
with an average MAE as low as 0.126, with 34% improvement compared to Tangram (0.191)
(Fig. 6¢). For example, as a marker gene of the L5 IT layer, the spatial gene expression of
Rspol imputed by SpatialScope is in accordance with the real measurement specific to the L5

layer.
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Figure 6 (previous page): Application of SpatialScope to MERFISH data. a, Cell
type identification results of MERFISH MOp data by SpatialScope. Cell type identification
results in each of three major categories are shown on the right. b, UMAP plots of snRNA-seq
reference data (left). UMAP of single cell reference data and the pseudo cells generated by deep
generative model (right). ¢, Measured and imputed expressions of known spatially patterned
genes in the MERFISH dataset. Each row corresponds to a single gene. First column from the
left shows the measured spatial gene expression in the MERFISH dataset, while the second to
fiftth columns show the corresponding imputed expression pattern by SpatialScope, Tangram,
gimVI, SpaGE. The imputation accuracy was evaluated by MAE and displayed with bar plots
(sixth column). The marker gene expression signatures in snRNA-seq reference were displayed
with heatmap plot (seventh column). d, Measured and imputed expressions of Non-MERFISH
genes. Each row corresponds to a single gene. First column from the left shows the ISH images
from the Allen Brain Atlas, while the second to fifth columns show the corresponding imputed
expression pattern by SpatialScope, Tangram, gimVI, SpaGE. The gene expression signatures
in snRNA-seq reference were displayed with heatmap plot (sixth column). e, Volcano plot
of C-SIDE cell-type specific spatially DE results for MERFISH dataset, where a total of 252
genes in MERFISH dataset are considered. Color represents cell type, a subset of significant
genes is labeled, and dotted lines represent 1.5x fold-change cutoff. f, Volcano plot of C-SIDE
spatially DE results for imputed MERFISH dataset by SpatialScope, where a total of 1938
genes including genes in original MERFISH dataset and imputed Non-MERFISH genes by
SpatialScope are considered. g, Spatial Visualization of Ryr3, identified by C-SIDE as DE in
L6 CT. Color shows the expression change of Ryr3 across L6 CT. h, The expression profile of
Ryr3 in single cell reference data. The expression level change of Ryr3 in L6 CT cell type are
outlined in the red circle.

In contrast, other methods overestimated the expression of Rspol outside the L5 layer. Next,
we used all overlapped genes as training genes and evaluated the imputation performance of
non-MERFISH genes using an ISH dataset [55] as validation, and found that other methods
tended to overestimate the spatial expression in some layer-specific marker genes (e.g., Cdh4,
Prkg1) (Fig. 6d).

SpatialScope increases the gene throughput of MERFISH from 254 to thousands of genes,
enabling us to conduct wide-ranging downstream analysis such as detection of spatially differen-
tially expressed (DE) genes. We first applied a recently developed tool, C-SIDE [56], to detect
cell-type specific spatially DE genes on the imputed MERFISH dataset. As expected, compared
to 63 cell-type specific spatially DE genes detected in MERFISH genes under an FDR of 1%
(Fig. 6e), the number of significant genes with FDR < 1% increases to 293 by incorporating
the imputed Non-MERFISH genes (Fig. 6f). For example, Ryr3 encodes a calcium release
channel that affects cardiac contraction, insulin secretion, and neurodegeneration by altering
the levels of intracellular Ca** [57]. The expression of Ryrd in L6 CT shows a spatial pattern
that coincides with the L6b cell boundary (Fig. 6g and Fig. S19a), suggesting the potential
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communication between L6 CT and L6b through Ryrs. Interestingly, the expression signature
of Ryr3 in the single-cell reference data also suggests its diverse expression in L6 CT and
L6b (Fig. 6h), and the transition region between these two cell types in single-cell reference
shows higher expression, which is perfectly concordant with what we observed in the imputed
spatial expression pattern of Ryr3 in MERFISH data. This concordance highlights the value
of SpatialScope in integrating the merits of both single cell reference and lower throughput
high precision spatial transcriptomic data such as MERFISH. Next, we considered the spatially
DE genes across the entire MERFISH data instead of restricting to specific cell types. We
applied SPARK-X [30] and identified 243 genes that exhibit spatially DE patterns in a global
perspective, which was 2.3 times more than the number of DE genes detected in MERFISH
genes (Fig. S19¢). Visualizing a few representative non-MERFISH DE genes clearly shows their
significantly spatially distinct expression patterns (Fig. S19d). For example, Lingo2 encodes a
transmembrane protein that positively regulates synapse assembly [58], and the genetic variants
of Lingo2 have been reported to be linked to Parkinson’s disease (PD) and essential tremor
(ET) [59, 60]. The spatial expression pattern of Lingo2, highly expressed in the upper cortical
layer, imputed by SpatialScope may shed light on the genetic etiology of PD/ET in brain MOp.

Discussion

Fine-grained cell gradients are critical for understanding cellular communication within tissues,
which requires that ST technologies achieve the detection of the whole transcriptome at single-
cell resolution. However, existing ST technologies often have limitations either in spatial
resolution, capture rate of the genes, or the number of genes that can be profiled in one
experiment. Here we developed a unified framework SpatialScope to address these limitations.

SpatialScope is applicable to different ST technologies and can achieve several important
functions. First, SpatialScope recovers single-cell resolution data from seq-based technologies
(e.g. 10X Visium) that do not have single-cell resolution. Consequently, single-cell resolution ST
data produced by SpatialScope enables the detection of spatially resolved cellular communication,
which is almost impossible for ST data that does not have cellular resolution. Spatially resolved
cell-cell communications between each paired cell mediated by ligand-receptor interactions
can be robustly inferred and visualized, leading to decoding spatial inter-cellular dynamics
in tissues. Second, SpatialScope improves the power and precision of molecular interaction
by correcting for genes that has low capture rate in higher-resolution spatial data, such as
Slide-seq. Some signals missing in the raw ST data can be detected after the correction for
dropouts by SpatialScope. Third, SpatialScope imputes unmeasured genes for image-based
ST technology that cannot measure the whole transcriptome, such as MERFISH, allowing the

discovery of more biologically meaningful signals. Fourth, SpatialScope can integrate multiple
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slices of ST data, which enables better cell type identification and the detection of cell-cell
communication by increasing the effective sample size.

SpatialScope’s ability to accurately and robustly resolve the spot-level data towards higher
resolution and expand from signature to transcriptome-wide scale expression comes from the
fact that SpatialScope leverages the deep generative model to approximate the distribution
of gene expressions accurately from the scRNA-seq reference data. Rather than directly
applying learned distribution from single-cell reference data, SpatialScope accounts for the
platform effects between single-cell reference and ST data. Cell type identification and gene
expression decomposition results would not be satisfactory if the platform effects are not
appropriately corrected. With these innovations in its model design, SpatialScope serves as
a unified framework which is applicable to ST data from various platforms. In the step of
cell type identification, SpatialScope leverages spatial information to improve the accuracy of
cell type identification for each single cell. The inclusion of spatial information also allows
straightforward extrapolation of SpatialScope to data with multiple slices, where 3D spatial
information across slices is well exploited.

While SpatialScope has shown its superior performance, it can be time-consuming to train
a generative model to approximate the distribution from single-cell reference data. In our
real data analysis, the training time of the deep generative models is measured in hours or
days. Although the generative model can be pre-trained using single-cell atlas data sets and
we only need to train each dataset once, ST data analysis can still benefit a lot from more
computationally efficient methods that reduce the computational complexity for learning deep
generative models [61].

While our work focused on the analysis of cell-cell communications and spatially DE genes
detection, we anticipate that refined single-cell resolution spatial transcriptomic data generated
by SpatialScope can be very useful in many other downstream applications. Examples include
unraveling spatiotemporal patterns of cells [62], analysis of cellular interactions between tumor
and immune cells in disease or cancer tissue, and inference of differentiation trajectories [63].
We believe that SpatialScope can serve as a very useful tool in providing single-cell resolution

ST data, facilitating detailed downstream cellular analysis, and generating biological insights.

Methods

To characterize spatially-resolved transcriptome-wide gene expression at single-cell resolution,
we introduce SpatialScope as a unified framework to integrate single-cell and ST data. For 10x
Visium ST data, the SpatialScope method comprises of three steps: nucleus segmentation, cell
type identification, and gene expression decomposition. SpatialScope can also be applied to

dropout correction for Slide-seq data and transcriptome-wide gene expression imputation for
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image-based ST data, such as MERFISH data.

Nucleus segmentation

Accurate segmentation of nuclei/cells in microscopy images is an important step to locate cells
and count the number of cells within a spot. In this study, we compared the performance of two
deep learning tools for nucleus segmentation, i.e., StarDist [64] and Cellpose [65]. We observe
that StarDist performs better for hematoxylin and eosin (H&E)-stained histological images
of Visium data (see Supplementary Fig. S20 for more details). Therefore, we use StarDist
as the default tool to perform nucleus segmentation on the H&E-stained histological image.
After segmentation, we denote M; as the number of detected cells at the i-th spot, : =1,...,1,

where [ is the total number of spots.

Cell type identification

Suppose we have K cell types in a single-cell reference data. The expression counts of G
genes have been measured to capture the whole transcriptome in the scRNA-seq data. Let
kim €{1,2,..., K} be the cell type of the m-th cell at spot 7, where m = 1,..., M;. Our goal
is to infer the cell type vector k; = {k;} at spot ¢ by integrating scRNA-seq and ST data.

As inspired by RCTD [12], we consider the following probabilistic model for cell type
identification in ST data by incorporating scRNA-seq reference data,

M

Z Nki,m,g> Yt Eig (3)

Yi gl Ni,g ~ Poisson (N;\; ;), log(N\igy) = a; + log (%

" m=1
where y; 4 is the observed gene expression counts of gene g at spot i, NV; is the total number
of unique molecular identifiers (UMIs) of spot i, \; , is the relative expression level of gene
g at spot 4, M; is the number of cells in spot ¢ inferred from the last step, &;, ~ N (0, 021)
is a random effect to account for additional noise, and 4 represents the mean expression
level of cell type k and gene g, which can be estimated from annotated single-cell reference
data. Both v, and «; are designed to address the batch effect between single-cell reference
and ST data. More specifically, v, ~ N (0, 031) represents a gene-specific random effect to
account for expression differences of a gene g between single-cell and ST platforms, and «; is
the spot-specific effect to account for differences of a gene set across platforms.

Recall that the RCTD model is given as log (\;,) = o; + log (Zle @',kﬂk,g) + vy + €ig,
where f3; 5, is the proportion of cell type k£ at spot ¢. Our model differs from RCTD in the term
M%_ fozl ki, .g» Which is the average of the mean expression level of cell types corresponding
to the M; cells at spot i. In other words, our model can be viewed as a discrete version of
RCTD which was developed to estimate the continuous cell type proportions. The benefits of

our discrete version are two-fold. First, given the accurate number of detected cells from image
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segmentation, it allows us to achieve cell type identification at single-cell resolution. Second,
it also enables the incorporation of spatial smoothness constraints to improve the accuracy
of cell type identification. In contrast, RCTD can only impose the simplex constraint (i.e.,
Zszl Bir =1 and f;x > 0) when estimating J; x, leading to suboptimal results. To incorporate
spatial smoothness in the distribution of the cell types, we assume a prior given by the Potts

model for cell types K = {k; .},

(Rl i) =  exp{~U(K)} 0

where U(K) = > -0 i mneni,, V1= 1(kim = ki )] 1(+) is the indicator function which
equals to 1 when k;,,, = ki s and 0 otherwise, Z is a normalization constant, N, is the set
of neighbors of the m-th cell in spot i and —{i, m} denote all the cells other than (i, m) cell.
Parameter v controls the smoothness of cell type labels. The larger the v, the smoother the
cell type labels.

Now we develop an iterative algorithm to identify cell type label k; ,, based on maximum a
posterior (MAP) estimate, where ¢ = 1,2,...,1, and m = 1,2,..., M;. Meanwhile, we are also
interested in 7, which will used to correct gene-level batch effects between different platforms.
First, we estimate py, 4 by calculating mean expression of gene g and cell type & from single-cell
reference data. Next, we follow RCTD’s strategy to accurately approximate 7, by viewing ST
data as a bulk RNA-seq data using the convenient property of Poisson distribution [12]. Other
parameters, including «;, can be obtained accordingly (see Supplementary Methods for details).
Then we iteratively find MAP estimate of {k;,,} and the estimate of o.. The derivation of
the MAP estimate for {k;,,} is as follows. Let 0, = {ftk.g:7g, Ci, 0= } be the collection of these
estimates in the above cell type identification model, where k =1,2,... . K, g =1,2,....G,
and i =1,2,...,1. Given éc, we can obtain the MAP estimate for K:

A

K = arg max log p <K|Y, éc)

. (5)
= argmax log p <Y|K, 00) +logp (K),

where Y = {y; ,} represents all observed gene expression counts. The term log p (Y|K, éc> is
the likelihood term of model (3) and log p (K) is the prior term given by Potts model (4). For
computational efficiency and scalability, we adopt iterative-conditional-mode-based scheme [66]

to infer K by updating two labels k; ,,, k; » at a time. Then the distribution becomes,
mIE(lX logp((/%,m, kz‘,mb’m 9(;))

< (6)
— R Z; 10g P (Yigl ki, Kis k(i) m)}) + 108 D (Kims Kim| kg, (1,m3) -
g:

By finding the MAP estimate, we not only use information from gene expression levels y; , to

determine the cell type labels k; ,,, but also incorporate information from its neighbors. We
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use the hyperparameter v = 10 as the default setting, and we found that v = 10 ~ 100 yielded

similar results. The details of the optimization process are given in Supplementary Methods.

Gene expression decomposition

We first learn a score-based generative model to approximate the expression distribution of
different cell types from the single-cell reference data. Then we use the learned model to
decompose gene expression from the spot level to the single-cell level, while accounting for the

batch effect between single-cell reference and ST data.

Learning conditional score-based generative models from single-cell reference data
There are two major challenges in learning score-based generative models for the scRNA-seq
data. First, while score-based generative models [22, 21, 67, 68, 69] can accurately approximate
the distribution of images, the nature of the scRNA-seq count data, such as sparsity in the
expression matrix, may hinder the capacity of score-based generative models. Second, as
given in Eq. (2), we need to learn a conditional score function Vy log p(x|k) rather than an
unconditional score function Vylogp(x), where k represents the cell type. The reason for
learning a conditional score function has been demonstrated in the supplementary note section
2.7.5. It largely remains unknown how to learn the conditional score function across different
cell types using a coherent neural network. Let’s begin with the key idea of learning the
unconditional score function, and then show how to learn a conditional score function based on
the single-cell reference data.

Consider the vanilla score matching problem which aims to find a neural network sg(x) to
approximate Vylog p(x) : ming E,x) [||se(x) — Vx log p(x)||§}, where 6 represents the parame-
ter set of the neural network. The challenge of vanilla score matching comes from the fact that
high dimensional data x often tends to concentrate on a low dimensional manifold embedded
of the entire ambient space. For data points not on the low-dimensional manifold, they would
have zero probability, the log of which is undefined. Moreover, the score function can not be
estimated accurately in the low density region. Fortunately, these challenges can be addressed
by adding multiple levels of Gaussian noise to data. The perturbed data with Gaussian noise
will not concentrate on the low-dimensional manifold, and the multiple levels of noise will
increase training samples in the low-density region. Specifically, a sequence of data distributions
perturbed by L levels of Gaussian noise is given as py, (X(l)) = [ p(x)N (x(l)|x, JZQI) dx, where
x() represents a sample perturbed by the noise level of,op > 0p1 >+ >0; ~0. To learn

the score function sg (x, 0;), we consider the following problem,

L
meln Z )\ZEP(X)EX(Z)NN(X(Z)|x,a’l21> |:HSO (X(l)’ Ul) - Vx(l) logpal (X(l) ‘X) Hz:| 5 (7)
=1
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where \; = O'l2 is the weight for noise level [ and V ) logp,, (X(Z)|X) = —X(Z—l;x. Based on
(7), the score function can be estimated by stochastic gradient methods. Let x%) be the
t-sample at level [. We run Langevin dynamics in (8) from [ = L to [ = 1 with initialization
x(bt=1) = x(+L=T) T the meanwhile, we progressive reduce of noise level o; and decrease the
step size n:

X = X4 sy (x4, 01) + /el )

where ) ~ AN(0,I). Then the obtained samples x*) at level | = 1, ¢t = 1,...,T, will
approximately follow the target distribution p(x) because o1 &~ 0.

Now we consider learning our score function conditional on cell types based on scRNA-seq
data. For computational stability, we transform the count data to its log scale and remove the
mean expression level of each cell type. Specifically, let x5°"™ be the gene expression counts
corresponding to cell n of cell type k. The transformation is given as x,, < log (x5 + 1) —
where g, € R is the mean expression level of cell type k. Later on, we will learn the conditional
score function based on the transformed expression level. To incorporate cell type information,

we consider the following optimization problem:

L
meinz )‘lEp(k)Ep(xlk)Ex(wNN(xu)|x70l21) |:||SB (X(l), o1, k) — Vo log po, (x(l)|x7 k) Hi] . (9)
=1

where the score function sg (X(l), oy, k) explicitly takes cell type k € {1,2,..., K} as its input.
In principle, the score function sg (X(l), oy, k:) can be estimated by solving the optimization
problem given in Eq. (9). In practice, however, the learning process often tends to largely
ignore the cell type information because the neural network will naturally focus on x) € R
rather than the scalar k. To successfully incorporate cell type information, our key idea is to
embed cell type information in a vector whose dimension is comparable to xY). Therefore, we
propose to learn the score function sy (x(l), oy, uk) which takes the mean expression level of
cell type k as input. The benefits are two-fold. First, p, provides precise information about
cell type k. Second, p, € R has the same dimension of x() such that it will not be ignored.
With this key idea, we can design a novel network architecture for learning the score function
Se (x(l), oy, uk). The details of the learning procedure are provided in Supplementary Methods.
The learned score function sg (X(l), oy, ,uk) is then used in “gene expression decomposition” step
(next section). We use the score function at 7500 training epoch for all data analysis in the
main text. We also investigate the performance of SpatialScope under score-based generative
models with different training epochs and recommend that the number of epochs ranges from
5,000 to 10,000 due to the trade-off between the performance and the time cost (supplementary

note section 2.7.4).
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Decomposition with a conditional score-based generative model Now we show how
we obtain gene expression decomposition at single-cell resolution by leveraging the learned score-
based generative model. One of the pertinent challenge for decomposition is the batch effects
between single-cell reference and ST data. If the batch effects are not appropriately corrected,
the decomposition results will not be satisfactory. Therefore, we adjust the batch effects
between ST and single-cell reference data before we perform gene expression decomposition.
Our batch effect correction includes two steps. Specifically, in the first step, we adjust for the
gene-specific cross-platform effects using y; = [yi.1/ exp(51), - - -, vic/ exp(3c)] € RY, where y;
are the observed expression counts of gene g at spot ¢ and 4, is the batch effect of gene g
estimated under model (3). In the second step, we account for the difference in sequencing depth
by normalizing the total count of y; to the mean of the total transcript counts of individual cells
from single-cell reference data. Next, we show how to decompose the normalized y;, which is
corrected for batch effect, into single-cell resolution. Let X; = [x;1;...,X; ;] be the expression
level in the log scale, where x; ,,, is the expression level of the m-th cell in spot 7, and M; is the
number of cells in spot ¢ inferred in the nucleus segmentation step. Our goal is to decompose
gene expression from the spot-level y; to the single-cell level x; ,.

Let p (x|kim) be the gene expression distribution of cell type k;,,, where the cell type labels
for the cells in spot i, k; = {ki1,..., ki } are inferred as in the “cell type identification”.
As outlined in the methods overview, we consider the following probabilistic model for gene

expression decomposition,
YilXits X, ~ N (f Rty - Xin) s 000) Xy ~ p (Xilkim) m=1,...,M; (10)

where f (i1, ..., Xin) = St (exp (xi’m + m) — 1) transforms the log-scale expression
level to the count scale. To obtain the decomposition, we use Langevin dynamics to get samples

from the posterior p (X;|y;, ki),

X§t+1) — Xl(t) _|_ anl logp ( y“ ) + / E

(11)
=X+ [Vx,logp (vi1X") + Vx, logp (XE” k)] + v/20e®,

Ty

where Vx, logp (yi|X£t)) = Vx, <2%
l

2
yi—f <Xl(f), th])w> ) and Vx, logp <X§t)\ki> is

1
given by the learned score function sg ( , 01, uk) Similar to (8), we progressively reduce

noise level o; (from | = L to [ = 1) and initialize later stage with samples from the previous
stage X(4=1) — X (+1=T)

(L,t)
Se (Xi,l aUthi,l)
X044 = X0 4 |y logp (viX) + z £ Vet (12)
S (Xz(,l}\t/f)z’ Ol ll/ki,]\/li>
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where ) ~ A(0,TI). The obtained samples Xt at level [ = 1, ¢ = 1,..., T, will be posterior
samples from p (X;|y;, k;). By averaging samples from Langevin dynamics (12), we use the
posterior means as the decomposed gene expression levels at single-cell resolution. The posterior
sampling process is summarized in Algorithm 1.

In practice, it is a common situation that there is a large variation in the proportions
of different cell types for single-cell reference data. For example, the number of cells varies
from tens to thousands for different cell types. To assess the robustness of SpatialScope to
unbalanced cell types in single-cell reference data, we compared the performance of gene
expression decomposition in different cell types using the MERFISH simulation dataset and
found that SpatialScope exhibited robust decomposition performance on unbalanced cell types

(supplementary note section 2.7.6).

Algorithm 1 Annealed Langevin dynamics for gene expression decomposition

Require: {0}/, {Uyz}lL:l 1o, T, R.
Initialize X© =0, X, =0
for rep=1,2,...,R do
for(=L,L—1,...,1do
n="1o-07/0}.
fort=1,2,...,7T do

Draw € ~ A (0,1),

(L,t)
Se Xi,l y 01, y'ki,l
X = X 4 | Vx, logp (yi\Xgl’t)> + : +/2neY,

1 2
where Vx,logp (yi\XZ@) = Vx, <—2 yi—f (XE?, e ,XZ%) > )
2%1 ’ o
M;
f (Xi,la . ’Xi:Mi) = <6Xp <Xi,m + I"'ki,m) — 1) ,
m=1
end for
X)) = X,
end for
Xsum = Xsum + X(O)
end for

return Xg,,,/R
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SpatialScope for ST data from other platforms

As a unified framework, SpatialScope not only can handle low-resolution ST data with histo-
logical images (e.g., 10x Visium), but also can serve as efficient analytical tools for spatial data
from other experimental platforms. In this section, we demonstrate that SpatialScope can be
applied to perform dropout correction for genes with low-detection rates in Slide-seq data, and
imputation for unmeasured genes in MERFISH data or other in-situ hybridization-based ST

data.

Sparse genes dropout correction for Slide-seq data As a high-resolution approach, the
pixel size of Slide-seq can achieve single cell level (10 pm [70]) but it may still contain the
mRNA from multiple cells [12]. Slide-seq data can be highly sparse. About 99.46% entries
are zero for Slide-seq V1 data and 98.35% for Slide-seq V2 data, compared to about 90%
zero counts for 10x Visium data [30]. The framework of SpatialScope can also be applied to
correct dropouts in Slide-seq data and recover transcriptome-wide gene expressions at single-cell
resolution.

Because of the high resolution of Slide-seq data and lack of histological images, nucleus
segmentation step in dealing with 10x Visium data can be skipped for Slide-seq data. As
inspired by RCTD [12], we replace the first step nucleus segmentation by singlet/doublet
classification, assuming that at most two cell types co-exist within a spot. Next, the steps of
cell type identification and gene expression decomposition can be applied similarly as those for
10x Visium data. The correction of dropout for genes with low detection rate is achieved in
gene expression decomposition based on the same procedure. Let’s consider the case where
a pixel ¢ contains two cells, i.e., M; = 2. In this case, y; is the aggregated gene expression
profiles from two cells, in which the expression levels of some genes are nearly zero. By the

same modeling principle as that in (10), we can assume that
2
YilXi1, Xi2 ~ N (f (Xi,1, Xi2) 7UyI) )

m=1

where f(x;1,X;2) = ZmZQ (exp (xi,m + ukm> — 1). Because SpatialScope first learns the
distribution of gene expressions from the single-cell reference data, it can output the posterior
means of x;; and x; 5 by running Algorithm 1. We then use the posterior means of z;; and

x;2 as the de-noised data, where the dropouts are corrected.

Imputation for #n-situ hybridization based ST data In-situ hybridization-based ST
data can provide localizations of gene expressions at the cellular level, resulting in single-cell
resolution spatial transcriptomics. However, because of the limitation of the indexing scheme
9, 26, 25|, the detected spatial transcriptomics by in-situ hybridization methods tend to

have limited throughput in the number of genes (e.g., tens to hundreds of genes captured by
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MERFISH [25]). Therefore, researchers begin to integrate in-situ hybridization-based ST data
with single-cell reference data to impute the unmeasured genes, providing more complete spatial
transcriptome information and cellular structures [18, 16, 17]. By learning the distribution
of gene expressions from the single-cell reference data using a score-based generative model,
SpatialScope can achieve accurate gene imputation as follows.

Suppose that the expression levels of G' genes and G genes are measured in the single-cell
reference and ST data, respectively. We assume that the set of G genes measured in ST data
is a subset of G genes in the scRNA-seq data. Let y; € R% be the measured gene expression

counts in ST data after batch effect correction, and x¢°" € R be the true expression at

location i, respectively. Without loss of generality, we assume that the first Gy genes in x$°"
are measured. Then we have

count
y: = Imask X; + €,

where Ik = [Lg,, 0] € REXC 15, is the Gy x Gy identity matrix, and € € N (0,0%1)
is the measurement noise. As the score function is estimated in the log scale, we denote
x; = log (x{°"™ 4 1) — p;, as the log scale expression, where p, is the mean expression level
of cell type k;. Now we have y;|x; ~ N (Imask (exp (x,- + uki) — 1) ,JEI) and x; ~ p(x;]k;).
To obtain the imputed expression, we can take samples from posterior p (x;|y;) based on the

Langevin dynamics,

x" = xY 1 V., log p (x,]ys) + /2ne®

(
Pt [in log p (inXE”> + Vi, logp (Xz('t)|ki>] +1/2ne®, (13)

= X.
where Vi, logp (y,-|x§t)) = 0—12 exp (Xi + Nki) O] (Iﬁask (Imask (exp (Xi + l’/ki) - 1))) and ©® is
element-wise product. Using the learned score function sg (x, 0, ;) given by (9), we begin
with a random initialization and then run the Langevin dynamics by progressively reducing

noise level oy,

Xgl,t+1) _ Xgl,t) g [in log p (Yi’XEl’t)) + se (Xl(l,t)’ a1, Hk)} + /2ne), (14)

where the initial point at the later stage is given by the sample from the previous stage, i.e.,
x(=1) = x(+11=T)  The obtained samples X at level [ =1, t =1,...,T, will be posterior
samples from p (x;|y;, k;). By averaging samples of Langevin dynamics in (14), we use the

posterior mean as the imputed gene expression.
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Real data analysis

In this study, we evaluated our SpatialScope on five publicly available spatial transcriptomics

datasets.

Visium human heart dataset. The human heart sample was from BiolVT Asterand and profiled
by 10x Visium that measured the whole transcriptome within 55 pm diameter spots. After
removing spots that did not map to the tissue region or with total UMI counts less than 100,
3,813 spots were left for subsequent analysis. We then focused on an ROI of 331 spots that
shows a spatial pattern characterized by vascular cells. Through the matched H&E image, we
annotated the main vascular structure in the center of ROI that covers 18 tissue spots. For cell
type identification, we used a paired human heart snRNA-seq atlas that consists of 10 major
cell types, ranging from widespread cardiomyocytes to less common adipocytes and neuronal
cells [37]. Following the standard pre-processing procedure, we normalized total counts per
cell with median transcript count, then performed log(1 + x) transformation and selected the
top 1000 most highly variable genes and 50 top marker genes for each cell type as training
genes. For gene expression decomposition, we first included an additional 876 ligands/receptors
provided by Giotto [8] into the training genes for the detection of cellular communication in
the downstream analysis. Then we applied the deep generative model to learn the expression
distribution of the training genes in the snRNA-seq reference data. Finally, by leveraging the
learned single-cell gene expression distribution, we performed the gene expression decomposition
for the low-resolution Visium data and generated the single-cell resolved spatial transcriptomics

for human heart.

Visium mouse brain cortex dataset. The two adjacent sagittal slices of mouse brain anterior
tissue were from BiolVT Asterand and profiled by 10x Visium. After removing spots that did
not map to the tissue region, 2,695 and 2,825 spatial spots from the two slices were left for
subsequent analysis. We first filtered out spatial locations that have less than 100 total read
counts. Then, using the matched H&E-stained histological images, we segmented the cerebral
cortex regions, resulting in 812 and 794 cortex spots left in slice 1 and slice 2, respectively.
Finally, we used the recently developed tool, PASTE [28], to compute a pairwise slice alignment
between these two segmented cortex slices, which allowed us to construct an aligned 3D mouse
brain cortex ST data. We used mouse brain cortical scRNA-seq data as a reference [27].
This dataset was collected from the mouse Primary visual (VISp) area using the Smart-seq2
technology and contains 14,249 cells across 23 cell types. Similarly, we first performed total
counts normalization and log(1l + x) transformation, and then selected the top 1000 most

highly variable genes and 50 top marker genes from each cell type as training genes. In cell

34


https://doi.org/10.1101/2023.03.14.532529
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.03.14.532529; this version posted March 15, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

type identification, we incorporated the spatial information in 3D space and thus can produce
more reliable spatial priors. Next, in the gene expression decomposition task, we included
ligands/receptors and decomposed the gene expressions from the spot-level into the single-cell

level using the learned gene expression distribution.

Slide-seq v2 mouse cerebellum dataset. The mouse cerebellum dataset was profiled by Slide-seq
V2 and measured with the whole transcriptome within 10 pm diameter spots [12]. This dataset
consists of gene expression measurements for 23,096 genes and 11,626 spatial spots. We filtered
out genes that have zero counts across all spots and filtered out spots with total UMI counts
less than 100, leading to 20,141 genes and 8,952 spots for subsequent analysis. As the paired
histological images are not available for Slide-seq data, we replaced the first step ”Nuclei
segmentation” with ”Singlet/Doublet classification” inspired by RCTD, which assumes that
there are at most two cells per spot as the spot size (10 pm) almost matches the single cell
size. Overall, we detected 10975 cells, including 6929 spots contain one cell and 2023 spots
contain two cells. Following RCTD, we used a paired mouse cerebellum snRNA-seq data as the
reference [71]. This dataset contains 24,387 genes and 15,609 cells from 19 cell types. Similarly,
we first performed total counts normalization and log(1 4 x) transformation, and then selected
the top 1000 most highly variable genes and 50 top marker genes from each cell type as training
genes in the cell type identification task. Finally, we generated the corrected high-throughput
single-cell resolution Slide-seq data by leveraging the gene expression distribution learned from

the snRNA-seq reference.

MERFISH MOp dataset. The mouse brain MOp dataset was profiled by the image-based ST
approach, MERFISH, with single-cell resolution. This dataset comprised of 254 genes and about
300,000 single cells located in 64 mouse brain MOp slices from 12 different samples [25]. As a
concrete example demonstrated in MERFISH paper, we used the slice 'mousel _slice180" from
‘mousel _sampled’ to evaluate the imputation performance of SpatialScope and the compared
methods. We used a paired droplet-based snRNA-seq profiles collected from mouse MOp as the
reference, which measures the expression of 26,431 cells across 20 cell types [16]. Following the
standard pre-processing procedure, we normalized total counts per cell with median transcript
count and performed and log(1 + x) transformation. Using the 252 genes that overlapped
with snRNA-seq reference data as training genes, we first identified the cell type label for
each cell in the MERFISH dataset. Then we applied the deep generative model to learn the
distribution of gene expressions in the snRNA-seq reference data. Finally, using the learned
high-throughput gene expressions distribution, we imputed the gene expressions of unmeasured
genes in MERFISH dataset by conditioning on the observed expressions of 252 overlapped

genes.
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Downstream analysis

Cell-cell interactions. Although ST is believed to be the best suited technology to eluci-
date cellular/molecular interactions [49], current ST dataset is still limited by either low
resolution or low capture rate. Fortunately, the efficient in silico generation of single-cell
resolution and high throughput spatially resolved transcriptomics by SpatialScope perfectly
solved this issue. As a recently developed tool for detecting cellular communications mediated
by ligand-receptor interactions, Giotto was applied on SpatialScope outputs following the pro-
tocol (https://rubd.github.io/Giotto_site/articles/tutl4_giotto_signaling.html).
Specifically, Giotto first ran pre-processing to remove low-quality genes/cells and create a
spatial network connecting single cells using Delaunay triangulation, then ran ’spatCellCellcom’
function to analyze the ligand-receptor signaling with parameters: spatial network name =
‘Delaunay network’. Finally, we selected top and reliable ligand-receptor signaling with the
following threshold: p.adj < 0.25, abs(log2fc) > 0.1, lig_nr > 10, rec_nr > 10, lig_expr > 0.5 &
rec_expr > 0.5. For raw Slide-seq data, we detected cell-cell interactions by simply assuming
each spot is a single cell whose cell type is determined by the majority proportion. Then the

following ligand-receptor signaling analysis by Giotto is identical.

Cell-type specific spatially DE genes. We ran C-SIDE to detect cell-type specific spatially DE
genes on the MERFISH dataset using “run.CSIDE.nonparametric” function. We followed
the guidelines (https://raw.githack.com/dmcable/spacexr/master/vignettes/merfish_
nonparametric.html) with parameters: gene_threshold = .001, cell_type_threshold = 10, and
fdr = 0.2.

Spatially DE genes. Compared to C-SIDE, SPARK-X was developed to consider genes that
exhibit spatially DE patterns in a global perspective instead of restricting to specific cell
types. We applied SPARK-X to MERFISH dataset using the default parameters following the
instruction (https://xzhoulab.github.io/SPARK/03_experiments/). Suggested by SPARK-
X, we treated cell type labels as covariates to exclude the spatially DE genes explained by

spatial distribution of cell types.

Compared Methods

For cell type identification task, we compared SpatialScope with two single-cell alignment
(Tangram and CytoSPACE) and four deconvolution (SpatialDWLS, RCTD, Cell2location and
CARD) methods.

Tangram. We followed the instructions of Tangram: https://tangram-sc.readthedocs.io/
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en/latest. In order to constrain the number of mapped single cell profiles, we set the pa-
rameters as mode=‘“constrained”, target_count=the total number of segmented cells, and

density_prior=fraction of cells per spot.

CytoSPACE. We followed the guidelines on GitHub repository: https://github.com/digitalcytometry/
cytospace. We first used Seurat to obtain a overall cell type composition across all spatial

spots, then the estimated fractional composition of each cell type was used as input for alignment.

Spatial DWLS. We followed the instructions on the SpatialDWLS website: https://rubd.
github.io/Giotto_site/articles/tut7_giotto_enrichment.html. We set the parameter

as n_cell = 20.

RCTD. We followed the guidelines on the RCTD GitHub repository: https://github.com/
dmcable/spacexr. We set doublet_mode = “full”.

Cell2location. We followed the guidelines on the Cell2location Github repository: https:
//github.com/BayraktarLab/cell2location. The single-cell regression model was trained
with parameters max_epochs = 250, batch_size=2500, and Ir = 0.002. The cell2location model

was trained with parameters max_epochs = 30,000.

CARD. We followed the guidelines and used the recommended default parameter setting on
the CARD GitHub repository: https://github.com/YingMa0107/CARD.

For gene expression decomposition task, we only compared SpatialScope with the two

single-cell alignment methods.

Tangram. According to the instructions, Tangram only provides a prediction of spot-level gene
expression using the mapped single cell profiles through the function “project_genes”. To make
it comparable with our SpatialScope in the task of gene expression decomposition, we provided
a script that takes the Tangram output as input and generates the single-cell resolution spatial
transcriptomics data. Specifically, with the single cells to spatial spots mapping matrix output
by Tangram, we first obtained the most probable spot that each single cell belong to. Then we
removed the noise cells with mapping probability less than 0.5, and grouped the remaining
cells by spot ids. Finally, for each spot, we regarded the grouped cells are mapped single cells
from scRNA-seq reference and used their gene expressions as the decomposed single-cell level

gene expression profiles.
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CytoSPACE. CytoSPACE provides the mapped single cells ids from scRNA-seq reference for
each spatial spot, we therefore directly used the mapped single cell’s gene expressions as the

decomposed gene expression profiles.

For gene expression imputation task, we compared SpatialScope with Tangram, gimVI and
SpaGE.

Tangram. We followed the instructions of Tangram: https://tangram-sc.readthedocs.io/
en/latest. We used function “project_genes” to generate the “new spatial data” with whole

transcriptome using the mapped single cell.

gimVI. We followed the guidelines on the gimVI website: https://docs.scvi-tools.org/en/
0.8.0/user_guide/notebooks/gimvi_tutorial.html. We used the “model.get_imputed_values”

function with parameter normalized = False to impute the unmeasured gene expressions.

SpaGE. We followed the instructions on the GitHub repository of SpaGE: https://github.
com/tabdelaal/SpaGE. We set the parameter n_pv = Nye,./2 if the number of genes used for

integration was greater than 50.

Data availability

For the simulation dataset, the MERFISH data were download from the brain image li-
brary (https://doi.brainimagelibrary.org), the STARmap mouse cortex dataset was
downloaded from the project page (http://clarityresourcecenter.org). For real data
analysis, the 10x human heart and mouse brain cortex datasets were downloaded from the
10x official website (https://www.10xgenomics.com/resources/datasets), and the paired
human heart and mouse brain cortex scRNA-seq reference are available from the project page
(www.heartcellatlas.org) and (https://portal.brain-map.org), respectively. Both Mouse
cerebellum Slide-seq V2 dataset and the paired scRNA-seq reference were download from
single cell portal project (https://singlecell.broadinstitute.org/single_cell/study/
SCP948).

Code availability

The SpatialScope software package and source code are available in Github (https://github.
com/YangLabHKUST/SpatialScope). We also uploaded all scripts and materials to reproduce

all the analyses at the same website.
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