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Tissue characterization at an enhanced
resolution across spatial omics platforms
with deep generative model

Bohan Li 1,5, Feng Bao 2,3,4,5, Yimin Hou 1, Fengji Li 1, Hongjue Li 1,
Yue Deng 1 & Qionghai Dai 2,3,4

Recent advances in spatial omics have expanded the spectrum of profiled
molecular categories beyond transcriptomics. However, many of these tech-
nologies are constrained by limited spatial resolution, hindering our ability to
deeply characterize intricate tissue architectures. Existing computational
methods primarily focus on the resolution enhancement of transcriptomics
data, lacking the adaptability to address the emerging spatial omics technol-
ogies that profile various omics types. Here, we introduce soScope, a unified
generative framework designed to enhance data quality and spatial resolution
for molecular profiles obtained from diverse spatial technologies. soScope
aggregates multimodal tissue information from omics, spatial relations and
images, and jointly infers omics profiles at enhanced resolutions with omics-
specific modeling through distribution priors. With comprehensive evalua-
tions on diverse spatial omics platforms, including Visium, Xenium, spatial-
CUT&Tag, and slide-DNA/RNA-seq, soScope improves performances in iden-
tifying biologically meaningful intestine and kidney architectures, revealing
embryonic heart structure that cannot be resolved at the original resolution
and correcting sample and technical biases arising from sequencing and
sample processing. Furthermore, soScope extends to spatial multiomics
technology spatial-CITE-seq and spatial ATAC-RNA-seq, leveraging cross-
omics reference for simultaneousmultiomics enhancement. soScopeprovides
a versatile tool to improve the utilization of continually expanding spatial
omics technologies and resources.

Tissues are built upon cells with distinct molecular states and spatial
organizations. Extensive dissection of tissue architecture requires the
deep characterization of diverse molecular profiles while preserving
their spatial contexts. In recent years, significant advances in spatial
omics technologies have enabled the spatial profiling of various
molecular categories, including transcript (e.g., ST1, Visium2–4,
Xenium5, Stereo-seq6, seqFISH7,8, slide-seq9,10, STARmap11, and

MERFISH12,13), protein (e.g., DBiT-seq14 and spatial-CITE-seq15), epige-
netic marker (e.g., spatial ATAC-seq16, spatial ATAC-RNA-seq17, and
spatial-CUT&Tag18), and genomic variation (e.g., slide-DNA-seq19 and
DNA-seqFISH20). By unveiling the spatial signatures of diverse mole-
cular profiles, spatial omics offers valuable insights across various
biological areas, such as cancer21,22, Alzheimer’s disease23,24, and
embryo development3,25.
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Despite the early success of existing spatial omics approaches,
two challenges remain limiting their full potential. Firstly, tissues are
often in frozen or formalin-fixed and paraffin-embedded (FFPE) states
before sequencing26. The freezing process and formalin-induced dea-
mination can potentially impact the molecule states27,28, leading to
reduced sequencing accuracy. Secondly, the majority of spatial tech-
nologies use spatial barcodes to mark the positions of targeted
molecules and profile omics at the tissue spot resolution. As each spot
typically contains tens of cells1,3,29, the multi-cell averaged sequencing
readouts reduce the heterogeneity that can be resolved, leading to
limited spatial resolution in tissue structure.

Computational techniques hold the promise to reduce data var-
iations and enhance spatial resolutions in spatial omics data, facilitat-
ing a more precise characterization of tissue architectures. However,
current methods predominantly enhance omics profiles from a single
tissue modality, such as spatial positions (e.g., BayesSpace30) or image
(e.g., XFuse31 and iStar32), which overlooks the rich, multimodal tissue
information available frommost spatial platforms. Furthermore, these
approaches are primarily tailored for transcriptomics data,where their
statistical assumptions are not extendable to other spatial omics
categories.

Here, we introduce spatial omics scope (soScope), a fully gen-
erative framework that models the generation process of spot-level
profiles from diverse spatial omics technologies and aims to enhance
their spatial resolution and data quality (Fig. 1a). To achieve this,
soScope views each spot as the aggregation of “subspots” at an
enhanced spatial resolution, with their omics profiles associated with
spatial positions and morphological patterns (Fig. 1b; “Methods” sec-
tion). Then, soScope integrates spot omics profiles, spatial relations,
and high-resolution morphological images using a multimodal deep
learning framework and jointly infers omics profiles at the subspot
resolution. By selecting omics-specific distributions, soScope allows
for accurate modeling and variation reduction of different spatial
omics data (Fig. 1c).

soScope offers a unified tool that incorporates multimodal tissue
profiles to enhance omics profiles with different molecular categories.
With comprehensive benchmarks on diverse spatial omics types
(transcripts, epigenetics, DNA, and proteins) from multiple biological
systems (Fig. 1d), we demonstrate that soScope can effectively
enhance spatial resolutions, reduce unwanted variations, and enable
the characterization of complex tissue structure that cannot be
detected at the original resolution. Furthermore, soScope extends to
the emerging spatial multiomics technology, integrates multimodal,
multiomics tissue profiles, and simultaneously enhances their resolu-
tions (Fig. 1d).

Results
soScope architecture
soScope is a unified generative model that integrates molecular pro-
files (X), spatial neighboring relations (A), and morphological image
features (Y ) from diverse spatial omics platforms and aims to divide
each spot to multiple subspots (bX) (Fig. 1a, b). The model includes
three steps (Fig. 1c and Supplementary Fig. 1a; “Methods” section): (1)
spot-level representation learning: molecular profiles and their spatial
coordinates at the original resolution are embedded into latent
representations (Z) with a graph encoder qðZ jX ,AÞ; (2) subspot-level
image feature learning: image patches corresponding to subspot
regions are segmented from high-resolution tissue images and trans-
formed into subspots’morphological features; (3) subspot-level omics
profile inference: spot representations and subspot image features are
combined in an enhancement decoder pðbX jY ,ZÞ to jointly infer
subspot-level profiles that are constrained by the omics-specific dis-
tribution and morphological similarities (“Methods” section).

The graph encoder provides high-quality embeddings for spot-
level omics profiles with the preservation of spatial neighboring

information. The image features are extracted from exact subspot
regions and provide information at an enhanced resolution to guide
the inference of corresponding omics profiles. The enhancement
decoder enables the accurate modeling of diverse subspot omics data
with a probabilistic distribution reflecting its statistic variations
(“Methods” section; Supplementary Table 1). By optimizing its evi-
dence lower bound (ELBO) (Methods), soScope efficiently generates
omics profiles with reduced data noise and enhanced spatial resolu-
tions for a finer characterization of tissue structures.

soScope outperforms enhancement approaches developed for
spatial transcriptomics
Existing computational approaches for improving spatial omics reso-
lution predominantly focus on transcriptomics. Therefore, we initially
evaluated soScope on spatial transcriptomics (ST) datasets generated
from diverse platforms. We compared it with three established
methods: iStar32 and XFuse31, which utilize image information to
enhance transcript profiles, and BayesSpace30, which employs spatial
coordinates to infer high-resolution expression data (“Methods” sec-
tion). Additionally, we included a variant of soScope that only uses
image input, termed image soScope, as a reference (Supplementary
Fig. 1b, c and Supplementary Note 5). As there was no high-resolution
ground-truth data for evaluation, we proposed simulating “low-reso-
lution” expression profiles by merging transcript data from neigh-
boring spots (“Methods” section). Then, we assessed the performance
of resolution enhancement approaches by comparing recovered
expressions with original profiles (Fig. 2a; “Methods” section).

Firstly, we considered a human intestine dataset generated using
Visium platform3, containing 2,649 sequencing spots (“Methods” sec-
tion) with a high-resolution Hematoxylin and Eosin (H&E) staining
image. The layered structure in the intestine sample made it a good
example to demonstrate the benefits of resolution enhancement
(Fig. 2b, H&E image zoom-in regions). Following our benchmark
design, we merged 2,649 spots into 369 “low-resolution” spots with
aggregated gene expressions from corresponding neighboring spots.
All approaches used the same processed omics data as the input
(“Methods” section). For soScope, image features were obtained from
a pretrained Inception-v3 model33 on H&E image patches corre-
sponding to subspot regions (“Methods” section), and a negative
binomial (NB) distribution was used in the generative modeling of
enhanced gene expressions (“Methods” section). We examined three
functional regions in the intestine tissue: epithelium, muscularis, and
immune regions (Supplementary Fig. 2a), and selected 9 region mar-
kers reported in a previous publication34 for resolution enhancement
evaluations. Compared with the original expressions, regional
“merged” profiles greatly reduced the layered spatial patterns of gene
markers (Fig. 2c, second column). From the enhancement analysis
(Fig. 2c and Supplementary Fig. 2b), iStar, which utilized image infor-
mation alone, performed well in the immune region; however, it failed
to recover thefine structures of the epitheliumandmuscularis regions.
Another image-based approach, XFuse, performed well in the mus-
cularis region; however, it was misled by strong morphological simi-
larities across regions and did not faithfully retain the tissue structures
in the epithelium and immune regions. BayesSpace, which relied on
spatial information alone, did not substantially refine the region
boundaries in the enhanced profiles. Image soScope failed to recover
most patterns due to the lack of information from transcriptomics. As
a comparison, soScope achieved reasonable performance in all three
regions. From quantitative assessments on enhanced expressions
using Pearson correlation and mean square error (MSE) (“Methods”
section), soScope consistently demonstrated the highest consistency
and the lowest reconstruction error (Fig. 2d). Next, we examined the
expression distribution difference for each marker gene within and
outside its corresponding tissue region using the Kolmogorov–
Smirnov (KS) distance (“Methods” section). soScope and iStar yielded
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the most pronounced separations for most tested genes (Fig. 2e) and
achieved a similar distinguishability as in the original profiles
(red dashed line).

Secondly, we evaluated a mouse head dataset obtained from the
Xenium platform35 (“Methods” section, Supplementary Fig. 3a). All 379
measured genes were included in the analysis, and we merged
2,619 spots into 291 “low-resolution” spots from original cell-level
transcripts for the resolution enhancement analysis (“Methods” sec-
tion). Corresponding H&E image regions were transformed into deep
features, as mentioned earlier, to help the enhancement. From the

enhancement results (Fig. 2f, g and Supplementary Fig. 3b), we
observed that both iStar and soScopeperformedwell in retaining high-
resolution expression profiles. However, by examining genes based on
their variability (“Methods” section; Fig. 2h) or abundance (“Methods”
section; Supplementary Fig. 3c), we found that soScope exhibited
more stable performances acrossdifferent variations. Furthermore,we
investigated whether resolution enhancement would affect gene cor-
relations (“Methods” section). We discovered that most approaches
could preserve the correlation patterns across genes after the resolu-
tion enhancement, except for XFuse (Fig. 2i), regardless of biological
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Fig. 1 | Overview of spatial omics scope (soScope) and its applications. a The
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diverse spatial omics profiles. b The probabilistic graphical model representation
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relations (A) are integrated using a graph encoder to infer the latent states of spots
(Z). These latent representations are then combined with subspot-level image
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variability differences. Notably, soScope demonstrated the highest
performance by MSE or Pearson correlation (Supplementary Fig. 3d).

Thirdly, we assessed the ability of soScope in the enhancement of
a single-cell resolution. We used a mouse kidney dataset profiled by
Xenium35 (Fig. 2j), which covered 1538 cells. We divided the tissue into
small square regions and aggregated the cells’ gene expressions within
each region, aiming to recover their cellular expressions (“Methods”

section). In the analysis, we used the top 5 abundant and the top 5
marker genes identified from the original study35 (“Methods” section)
and deep features of each single cell. As only iStar was previously
demonstrated in this task, the comparison was limited between iStar
and soScope. From the result, we observed that iStar tended to over-
estimate the expression levels in regions of high cell density and high
expression (Fig. 2k and Supplementary Fig. 3e). Conversely, soScope
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demonstrated a more consistent expression pattern with the ground
truth (Fig. 2l).

Lastly, we investigated how the image input could affect the
soScope’s performance by replacing the imagewith standardGaussian
noise (“Methods” section; Supplementary Note 6). We used a human
ductal carcinoma dataset profiled by Xenium5 (Supplementary Fig. 4a)
with 1521 spots and 313 genes. From the top 3 principal components
(PCs) of deep image features (Supplementary Fig. 4b), tissue sub-
regions could be well separated by the image feature graph (Supple-
mentary Fig. 4c). Based on that, we selected the top 10 highly and
the bottom 10 lowly correlated genes with image features (“Methods”
section). The similarity graphs constructed using highly correlated
genes clearlyoutlined theboundaries of the tumor regions,while lowly
correlated genes failed (Supplementary Fig. 4d). Following the pre-
vious simulation setup (“Methods” section), the result of soScope
without image input did not reach the accuracy of a standard soScope
on highly correlated genes, while for lowly correlated genes, no sig-
nificant difference was observed between the two models (Supple-
mentary Figs. 4e, f). We further evaluated the impact of graph
construction with different distances on soScope’s performance. We
tested the model with short-distance (only neighboring spots),
medium-distance (connectivity within an 8-spot radius), and long-
distance (all spots) for immune cells (Supplementary Fig. 4g) and did
not find significant changes in performance (Supplementary Fig. 4h, i).

These findings demonstrated soScope’s capability to enhance
spatial resolutions for transcript data across various technological
platforms, resolution requirements, and gene statistical character-
istics, enabling a detailed characterization of tissue structures.

soScope reduces sequencing noise and uncovers detailed
structure on a mouse embryo profiled by spatial-CUT&Tag
Recent advancements in spatial omics technology have expanded our
ability to profile molecules in tissues beyond traditional
transcriptomics16,36. soScope can be flexibly extended to work with
diverse omics types by combining the generative process with omics-
specific distributions (“Methods” section). To illustrate this versatility,
we applied soScope to a spatial chromatin accessibility dataset gen-
erated by spatial-CUT&Tag18. The data were collected on an embryonic
day 11mouse embryo, comprising 1974 sequencing spots arranged in a
50×50 array and an H&E staining image. We selected the top 60 vari-
able peaks from four major organ regions (liver, heart, forebrain, and
spinal cord) for the resolution enhancement analysis (“Methods” sec-
tion; Fig. 3a).

As no specific enhancement approach existed for chromatin
accessibility data, we adapted six generalmachine learningmodels for
the enhancement comparison (“Methods” section): (1) spatial-based
approaches: estimate resolution-enhanced profiles using spatially
nearest neighbors (Spatial linear), or a Gaussian Process mapping

(Spatial GP) from spatial coordinates; (2) image-based approaches:
predict profiles from image features at subspot resolutions with a
linear regressor (Image linear), a Gaussian Process model (Image GP)
or a multi-layer perceptron model (Image MLP); and (3) multimodal
joint approach: enhance omics from concatenated features of image
and spatial positions with a multi-layer perceptron model (Joint MLP).
All approaches used the same omics input. In the case where image
information was required, the same deep image features were pro-
vided, as previously described (“Methods” section). For soScope, we
followed the prior work37 and employed a Poisson distribution to
model the peak count distribution.

We first evaluated the performance through a simulation study. In
detail, we combined every 2 × 2 neighboring spots into a “low-resolu-
tion” spot to generate “low-resolution” peak data. Then, we aimed to
recover the original profiles using resolution enhancement approa-
chesmentioned above (BayesSpace and XFusewere excluded because
their statistical assumptions were tailored to transcriptomics data and
not applicable to this context). We quantitatively evaluated the per-
formance by comparing enhanced profiles with original data using
Pearson correlation and MSE. soScope achieved the highest correla-
tions and lowest reconstruction errors amongbenchmarks in retaining
the peak counts at the original resolution (Fig. 3b).

Next, we directly enhanced the tissue resolution from the ori-
ginal data by 4 folds (from 1,974 spots to 7,896 enhanced subspots).
It is worth noting that the tissue was in a frozen state before
sequencing, as mentioned in the original publication18, which can
potentially affect chromosome structures and introduce noise to the
generated data28. This effect was evident in the original data, where
marker peaks associated with specific organs also sporadically
appeared in other tissue regions (Fig. 3c, first row), especially when
profiles were clustered into highly and lowly expressed groups
(second column for each organ; “Methods” section). When applying
resolution enhancement to the data, approaches that solely con-
sidered spatial positions (Spatial linear and Spatial GP) interpolated
inaccurate peak counts based on original noisy data; meanwhile,
methods based on predictions from image data (Image linear, Image
GP, and ImageMLP) were confused by the randomnoise and failed to
capture the expression patterns in the desired regions, particularly in
the heart and spinal cord (Fig. 3c and Supplementary Fig. 5a). The
direct combination of image and position (Joint MLP) did provide a
noticeable improvement. In contrast, soScope, which incorporated
both spatial relationships between neighboring spots and image
references, correctly identified the expressed regions while effec-
tively suppressing out-of-region expressions (Fig. 3c and Supple-
mentary Fig. 5a). When examining highly and lowly expressed
regions (Fig. 3c), highly expressed spots from soScope exhibited a
tight colocalization in space, evidenced by their smaller spatial dis-
tances in the tissue (Supplementary Fig. 5b).

Fig. 2 | Evaluationof soScopeonspatial transcriptomicsdatasets frommultiple
tissues and platforms. a Benchmark setup. Low-resolution spatial profiles are
simulated by combining adjacent spot profiles or summing cell profiles within a
squared region for spot- and cell-level analysis. Resolution enhancement approa-
ches are then applied to recover the original omics profile. b–e Resolution
enhancement analysis for a human intestine tissueprofiled byVisuim.bH&E image.
c Spatial visualization of example marker gene expressions from the original (first
column) and recovered (the rest) profiles in one selected tissue region (results on
additional marker genes are in Supplementary Fig. 2b). Pearson correlations are
calculated between the recovered and the original expressions. d Performance
evaluation using Pearson correlation and mean square error (MSE). Boxplot dis-
plays the median (center line), interquartile range (box), and data range (whiskers)
based on 9 marker genes. e Evaluation of marker gene enrichments in corre-
sponding tissue regions using Kolmogorov-Smirnov distance (KS distance;
“Methods” section). The red dashed line indicates the median KS distance at the
original resolution. Percentage indicates the improvement ratio between soScope

and the second-best approach. Boxplot is defined in the same format as panel d.
f–i Resolution enhancement analysis for a mouse head region profiled by Xenium.
f Spatial visualization of an examplemarker gene expression from the original (first
column) and recovered (the rest) profiles. Pearson correlations are calculated
between recovered and original expressions. Additional examples are in Supple-
mentary Fig. 3b. g MSE-based performance evaluation. Boxplot is defined in the
same format as panel d. h MSE and biological variability analysis. The biological
variability quantifies the intrinsic fluctuation in gene expression within the original
dataset (“Methods” section). i Spatial visualization of gene correlation in three gene
variability groups (“Methods” section). j–l Enhancement analysis at single-cell
resolution for a mouse kidney region profiled by Xenium. j H&E image. k Spatial
visualization of an example marker gene expression from the original (first),
merged (second), and recovered (the rest) profiles. Additional examples are in
Supplementary Fig. 3e. l Pearson correlation and MSE between recovered and
original expressions (n = 10). Boxplot is the same format as panel d. Source data are
provided as a Source Data file.
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The enhancement of tissue profiles enabled the study of tissue
structure at a finer resolution. As a case study, we focused on the heart
region for an in-depth examination. As evident from the zoomed-in
H&E image (Fig. 3d, left, separated by a yellow dashed line; Supple-
mentary Fig. 5c), the heart region can be further characterized into two
subregions: a trabecular ventricular myocardium and a compact ven-
tricular myocardium. However, when we visualized profiled peaks

corresponding to two known marker genes in this region (Fhl2 for
trabecular ventricular myocardium, Ldha for compact ventricular
myocardium; for comparison, peak intensities were transformed into
activity scores; “Methods” section), and their intensities did not form
recognizable patterns due to the low resolution (Fig. 3d, right). After
resolution enhancement, we visualized spatial peak activities pre-
dicted by comparing approaches (Fig. 3e and Supplementary Fig. 5d).
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As expected, spatial-based approaches did not help improve the
structure characterization. Among other approaches, enhanced peak
profiles from soScope better reflected the two-layered architecture of
the heart based on visual inspection. Specifically, the Fhl2 gene dis-
played high activity in the trabecular ventricular myocardium, while
Ldha showed high activity in the compact ventricularmyocardium. To
further validate our findings, we made use of a published heart ST
dataset from a human embryo25 (Fig. 3f, left; “Methods” section) and
cross-checked the spatial expression patterns of these two genes
(Fig. 3f, right). Consistently, FHL2 exhibited high expressions in the
trabecular ventricular myocardium layer, while LDHA was mainly
enriched in the compact ventricular myocardium layer, which aligned
with the gene activity scores obtained from the enhanced spatial-
CUT&Tagdata by soScope.Quantitative analysis further confirmed the
similarity of distribution patterns between gene expressions and
chromatin accessibility activities (Fig. 3g and Supplementary Fig. 5e).
These findings highlight the generative modeling of soScope
improved the data quality and provided an in-depth characterization
of tissue structure.

soScope achieves consistent performance in tissue structure
recovery from extremely low-resolution profiles simulated from
slide-DNA/RNA-seq data
In our previous experiments, we showcased the performance of
soScope on spatial omics datasets with fixed resolution enhancement
ratios. However, it is essential to note that different spatial omics
technologies havediverse spatial resolutions. For instance, in the initial
ST technology, each sequencing spot may cover ~10–200 cells29, while
in the more recent Visium platform, one spot includes 6–10 cells3.
These variations in raw data require resolution enhancement approa-
ches to work robustly with tissues profiled under diverse spatial
resolutions. Here, we designed amulti-scale stress test to evaluate and
calibrate the performance of different methods when enhancing the
omics from different original resolutions.

To enable the multi-scale test, we used a mouse liver tumor
dataset profiled using slide-seq, which employed barcoded beads
to encode spatial information in the tissue and enabled the near-
single-cell resolution spatial sequencing9,10. The high resolution in
slide-seq raw data allowed us to generate low-resolution data in
silico at different scales and test the ability to recover the original
profiles from them. The liver tumor tissue19 included two meta-
static clone regions and was profiled using both slide-DNA-seq
and slide-RNA-seq, comprising 24,679 DNA beads and 31,286 RNA
beads (Fig. 4a; “Methods” section). To conduct the test, we divi-
ded the entire tissue into small, squared regions at a 60 × 60
resolution and gradually merged neighboring regions at different
sizes into one low-resolution spot. Using all tested approaches,

we aimed to recover profiles at the original resolution from data
at decreased resolutions (Fig. 4b; “Methods” section).

We firstly focused on the enhancement test of the top two DNA
principal components (PCs) in slide-DNA-seq, as used in the original
work19 (Fig. 4a, right). We employed the Gaussian distribution to
model the DNA PCs in the soScope model. In the original data, DNA
PC1 exhibited high enrichments in the clone A region (Clone-A PC),
while PC2 was enriched in the clone B region (Clone-B PC; Fig. 4a).
The DNA regional patterns dramatically degraded with the decrease
in resolutions (Fig. 4c, first row). After the resolution enhancement,
we found methods only considering spatial relations among spots
(Spatial linear and Spatial GP) could capture the correct regions
corresponding to two cancer clones; however, these approaches
tended to over-smooth the expression patterns, especially when
recovering from data with an extremely low resolution (10 × 10). In
contrast, image-based or joint predictive approaches (Image linear,
Image GP, Image MLP, and Joint MLP) better preserved local
expression patterns. However, as mentioned in the original
publication19, there was a slight mismatch in spatial coordinates
between the H&E image and DNA profiles due to tissue processing.
These approaches were misled by the H&E data and reconstructed
high-resolution DNA PCs that were more similar to the clone regions
defined by the H&E image (Fig. 4a) than the original DNA data
(Fig. 4c, left; compared with dashed region outlines). In contrast,
soScope successfully preserved the local expression patterns while
accurately reconstructing the original clone regions, even
from data at extremely low resolutions. This highlights the impor-
tance of soScope’s ability to integrate both spatial and cross-modal
information using a generative framework to achieve robust resolu-
tion enhancement.

From the quantitative evaluation (Fig. 4d), most approaches had
expected decreased accuracies as the resolution decreased. soScope
consistently showed a stable performance at different resolutions,
with a relatively small decrease in accuracy. To further validate whe-
ther reconstructed DNA features could reflect tissue structures, we
conducted the k-means clustering on the enhanced profiles. When we
set the number of clusters (k) to 3, all methods successfully identified
the three regions that had been previously defined (Fig. 4e, top and
Supplementary Fig. 7, left). To explore a more detailed structure, we
increased the number of clusters to 4, revealing a subregion within
clone A characterized by extremely high expressions in PC1 (Fig. 4e,
bottom). Among the various approaches, only the reconstructed DNA
PCs by soScope and Spatial GP could consistently capture this sub-
structure across all decreased resolutions (Fig. 4e, bottom and Sup-
plementary Fig. 7, right).

In addition to the DNA analysis, we also conducted the stress test
on transcript data obtained from the same tissue using slide-RNA-seq

Fig. 3 | Evaluation of soScope on a spatial chromatin accessibility dataset from
amouse embryo using spatial-CUT&Tag. aH&E image of the mouse embryo and
four major regions (defined in the original publication18) analyzed in this study.
b Evaluation of resolution enhancement performance using Pearson correlation
and MSE with simulated low-resolution peak data (“Methods” section). Percentage
indicates the improvement/error reduction ratio between soScope and the second-
best approach. Boxplot: same format as in Fig. 2d. c Left in each column: spatial
visualization of peak counts from four organs using original profiles or enhanced
profiles. Right in each column: characterization of high and low expression regions
by clustering profiles in the left figure into two groups using k-means. Results of all
comparing methods are provided in Supplementary Fig. 5a; additional peaks are
shown inSupplementary Fig. 6.dDetailed investigationof the embryoheart region.
Left: high-resolution H&E image reveals two subregions with distinct morphologi-
cal patterns in the heart region. Right: comparison of marker gene activities from
original and enhanced peak expressions. e Spatial visualization of enhanced peak

activities from comparing approaches. Results of all comparing methods are pro-
vided in Supplementary Fig. 5d. f Validation of the heart structure using a Spatial
Transcriptomics dataset from a human embryonic heart section. Left: H&E image
with regional annotations. Right: spatial patterns of human orthologous genes.
g Quantitative comparison between gene activities in the mouse (left) and gene
expressions in the human (right) for heart subregions. Two-sided t-tests were used.
n.s.: 0.05≤ p; *1E-2 ≤ p <0.05; **1E-3 ≤ p < 1E-2; ***p < 1E-3 using a two-sided rank-sum
test. For Fhl2 in trabecular ventricular myocardium vs. compact ventricular myo-
cardium, Spatial linear: p =0.020; ImageMLP: p = 2.6 × 1E-16; Joint MLP: p = 1.4 × 1E-
24; soScope: p = 7.6 × 1E-26; For FHL2, p = 1.1 × 1E-6. For Ldha in trabecular ven-
tricular myocardium vs. compact ventricular myocardium, Spatial linear:
p =0.0012; Image MLP: p =0.72; Joint MLP: p =0.60; soScope: p = 1.2 × 1E-10. For
LDHA, p = 6.5 × 1E-6. Boxplot: same format as in Fig. 2d. Results of all comparing
methods are provided in Supplementary Fig. 5e. Source data are provided as a
Source Data file.
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(Supplementary Figs. 8 and 9). Once again, soScope consistently
maintained high accuracies in preserving the gene expression patterns
for regional gene markers at different resolutions. This highlights the
stable performance of soScope in accurately revealing the underlying
spatial organization of the tissue across a variety of omics types and
spatial resolutions.

Multiomics soScope corrects technical bias by leveraging cross-
omics reference on spatial-CITE-seq and spatial ATAC-RNA-
seq data
Recent advancements in spatial multiomics have expanded our cap-
abilities for spatial tissue profiling beyond single omics type14,15,17,38.
Pioneering technologies include spatial-CITE-seq15 (proteins and
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genes) and spatial ATAC-RNA-seq17 (chromatin accessibility and
genes). The simultaneous collection of multiple molecular features
offers the potential to overcome the limitation of single omics and
reveal a more complete tissue structure. soScope can be extended to
work with spatial multiomics, leverage the advantage from additional
molecular types, and simultaneously enhance their spatial resolutions.

We enabled soScope to work with spatial multiomics (termed as
multi-soScope) using the following modifications (Fig. 5a): (1) The
spatial graph used in the graph encoder was constructed based on
similarities from both transcript and protein, providing a combined
measurement of spatial heterogeneities (“Methods” section). (2) Fea-
tures from both transcript and protein modalities were input to
the encoder together to generate joint latent representations, enabling
the integration of information fromboth spatial omics profiles. (3) The
decoder output distribution parameters of enhanced multiomics
profiles simultaneously, allowing the simultaneous modeling of mul-
tiomics variations. Specifically, for spatial-CITE-seq applications, we
utilized the negative binomial and Poisson distributions to model the
enhanced profiles of transcripts and proteins, respectively. In the case
of spatial ATAC-RNA-seq, we applied the negative binomial and
Gaussian distributions to model the enhanced profiles of transcripts
and normalized ATAC peaks (“Methods” section).

In the first example, we applied soScope to a spatial-CITE-seq
dataset collected from a human skin tissue after the Coronavirus Dis-
ease 2019 (COVID-19) mRNA vaccine injection15. The dataset consisted
of 1,618 sequencing spots, with each spot encompassing 15,486 genes
and 283 proteins. We included all proteins, 114 top variable genes, and
a bright-field image in the resolution enhancement analysis (“Meth-
ods” section). To provide a reference for tissue structures, we referred
to the original study15 and manually annotated two primary regions in
this tissue: a dermis layer and a pilosebaceous unit (Fig. 5b, dashed
region).

From the original data, subpopulations identified from transcript
clusters exhibited high noise levels (Fig. 5b, left). However, tissue
regions identified from proteins exhibited stronger spatial colocali-
zation patterns (Supplementary Fig. 10a) - samples belonging to the
same subpopulations had smaller distances among each other. This
discrepancy could be attributed to transcripts being more susceptible
to degradation during sequencing than proteins39. After resolution
enhancement using existing transcriptomics approaches, as expected,
enhanced transcript profiles were impacted by the quality of original
data: both iStar and XFuse exhibited oversimplification of tissue
structure around the dermis region (Fig. 5b); BayesSpace discovered
more tissue subpopulations; however, it was greatly impacted by the
low transcript quality and failed to identify regions with clear spatial
coherence (Fig. 5b). Inmulti-soScope, the resolution enhancementwas
achieved through joint representations learned from both omics.
Therefore, protein data also contributed to the generation of high-
resolution transcript profiles. Consequently, gene expressions
enhanced by multi-soScope revealed tissue structures with improved
spatial coherence in most regions (Fig. 5b), as evidenced by the
reduced within-cluster distances compared to clusters identified from
the original resolution or from enhanced profiles by comparing
approaches (Supplementary Fig. 10b, left). The enhanced protein
profiles by soScope with protein-alone input also provided refined

tissue boundaries for the pilosebaceous unit and dermis layer
separation (Fig. 5c; Supplementary Fig. 10b, right).

Next, we focus on the three major regions within the tissue: two
pilosebaceous subregions and one dermis region. We examined the
spatial expressions of the top 1 differentially expressed genes in each
region. The first two selected genes exhibited varying levels of biases:
the expression of FADS1 displayed strong random noise outside the
pilosebaceous region, while the expression of RNA18S5 seemed to be
distributed along the microfluid array grid used in spatial-CITE-seq
(Fig. 5d, first column). When comparing outcomes across various
methodologies, both iStar and XFuse performed relatively well in
enhancing RNA18S5. However, XFuse failed to generate enhanced
expressions for FADS1 and TETM132D, while iStar oversimplified the
overexpressed region for the dermis (Fig. 5d). BayesSpace was unable
to remove noise for FADS1 or reduce the expression pattern along the
microfluid array grid for RNA18S5 (Fig. 5d, fourth column). In contrast,
themultiomics soScopemethod effectively suppressed the expression
levels outside the pilosebaceous unit (Fig. 5d, fifth column). Similarly,
we explored the protein profiles in the selected regions. The enhanced
protein expressions by both approaches accurately represented the
expected tissue structures (Fig. 5e). We assessed the spatial con-
sistency of expression patterns between transcripts and proteins
identified within the same region (Fig. 5e). Compared to the results
obtained at theoriginal resolution, transcripts, andproteins associated
with the same region exhibited increased consistency after the
enhancement through both methods by Pearson correlation coeffi-
cients, with the multi-soScope achieving the best perfor-
mance (Fig. 5e).

In the second example, we employed multi-soScope on a spatial
ATAC-RNA-seq dataset obtained from a mouse embryo at embryonic
day 13 (E13). This dataset included 1874 sequencing spots, with 24,017
peaks and 15,748 genes in each spot. For the resolution enhancement
analysis, we selected 25 genes with the highest variability along with
their corresponding peaks, and a bright-field image (“Methods” sec-
tion; Supplementary Fig. 11a). After resolution enhancement (“Meth-
ods” section), we observed improved spatial enrichment of gene
expressions. Additionally, sporadic expressions within the tissue were
effectively suppressed, as highlighted by the white frame in Supple-
mentary Fig. 11b. Furthermore, we compared the expression con-
sistency between genes and their ATAC peaks and found that their
correlations significantly improved after enhancement (Supplemen-
tary Fig. 11c).

In conclusion, using datasets from different molecular categories
and generated by various platforms, we demonstrated that multi-
soScope could effectively integrate multiomics profiles, compensate
the omics with lower quality, and jointly enhance multiomics
resolutions.

Discussion
The fast-developing spatial omics technologies have enabled the spa-
tial profiling of different biological molecular features yet suffer from
limited spatial resolution and data quality. We propose soScope, a
unified generative framework thatmodels the data generation process
for diverse spatial omics profiles. By combining omics profiles, spatial
neighboring relations, and morphological images from the same

Fig. 4 | Multi-scale resolution enhancement evaluation of soScope on a spatial
DNAdataset fromamouse liver tumor tissue using slide-DNA-seq. aH&E image
of the liver metastasis tissue and its clonal annotations based on spatial DNA
principal components (PCs) (“Methods” section). b Illustration of multi-scale
resolution enhancement experiment. The entire tissue is divided into
60 × 60 square regions. Neighboring regions at increasing sizes are merged to
generate spatial DNA profiles at progressively lower resolutions. Enhancement
approaches are required to enhance low-resolution profiles back to their original

resolution. c Comparison of enhancement approaches to enhance top 2 DNA PCs
from low-resolutionprofiles at different scales.d Evaluation of recovery accuracy in
multi-scale resolution enhancement experiment using Pearson correlation (left)
and MSE (right). e Evaluation of tissue structure (k=3) and substructure (k=4)
identification using DNA PCs enhanced from low-resolution profiles. Subpopula-
tion identification is performed using k-means clustering. Left: ground truth tissue
structures identified from original data. ARI adjusted Rand index. Source data are
provided as a Source Data file.
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tissue, soScope infers omics profiles at an enhanced resolution with
omics-specific modeling for data variations.

We extensively evaluate the effectiveness and generalizability of
soScope on multiple molecule types profiled by diverse spatial tech-
nologies, including Visium, Xenium, spatial-CUT&Tag, slide-DNA-seq,
slide-RNA-seq, spatial-CITE-seq, and spatial ATAC-RNA-seq. Across
healthy and diseased tissues, we show that soScope refines the tissue

domain identifications, improves the distinguishability of known
markers, and corrects data and technical bias. Our approach enables
the unveiling of a finer tissue structure up to 36-fold of the original
resolution. It can be effectively adapted for spatial multiomics data for
the simultaneous enhancement of multiomics profiles.

We note that there are several imaging-based spatial omics tech-
nologies, such as seqFISH7,8, STARmap11, and MERFISH12,13, which can

BayesSpace

(i) (ii)

multi-soScope

(ii)

a

Transcript clusters

Transcript Protein

Protein clustersb c

d e

Bright-field image

Multiomics expression profiles

Image feature at enhanced resolution

Human skin after 
COVID-19 vaccine

administration

Spatial-CITE-seq

 Y

Dermis

Pilosebaceous
unit

Graph encoder

q(Z|XG ,X P,A) p(XG ,X P|Z,Y )

Enhancement
decoder

Spatial neigboring relation  A

(Negative binomial)

(Poisson)

N spots

K subspots

Y

GX PX
Protein     PX

ˆGX
ˆ ˆ

Enhanced transcript ˆ
GX

Z

PX̂
Enhanced protein PX̂

Generative model
for multiomics enhancement

Transcript     GX

C
D

98
Ig

M
G

PR
56

Normalized transcript Normalized protein

HighLowHighLow

Pearson-r: 0.73Pearson-r: 0.47

Pearson-r: 0.24

Original

Pearson-r: 0.37

soScope-protein multi-soScope

Pearson-r: 0.24 Pearson-r: 0.43

Pearson-r: 0.75

Pearson-r: 0.54

Pearson-r: 0.48

P
ilo

se
ba

ce
ou

s
re

gi
on

 1
P

ilo
se

ba
ce

ou
s

re
gi

on
 2

D
er

m
is

Original

FA
D
S
1

R
N
A
18
S
5

TE
TM
13
2D

BayesSpaceXFuseiStar multi-soScope

Original
(i)

(ii)

(i)

(ii)

(i)

(ii)

(i)

(ii)

(i)

(ii)

(i) (ii)

iStar

(i) (ii)

XFuse

(i) (ii)

multi-soScope

(i) (ii) (ii)

Original

(i)

soScope-protien

(i) (i)(ii)

(i)

(ii)

(i)

(ii)

(i)

(ii)
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enhancement. The Pearson correlations are calculated between expressions from
transcript and protein that are identified from the same regions. Source data are
provided as a Source Data file.
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directly achieve spatial profiling at the single-cell resolution at the cost
of lower omics throughputs and smaller tissue regions. While soScope
provides enhanced profiles for pre-designated subspot or cell posi-
tions, it may not reach subcellular resolutions. To further enhance
resolution, soScope can be modified to include paired single-cell
omics data from the same tissue to inform subspot inference at a
higher resolution. Additionally, soScope incorporates H&E images as
inputs, which can be easily annotated by human experts in some
clinical studies. We can modify soScope to incorporate human labels
and guide posterior inference in a semi-supervised manner for
improved latent representation and profile learning. Lastly, for larger
datasets with multiple sequential sections from the same organs,
soScope can be trained on the part of the data and apply to the rest of
the tissue slides to reduce computational costs.

With the continuing expansion of available spatial omics data
resources and emerging of new spatial technologies, we believe that
soScope holds the potential as a versatile tool to fully leverage spatial
omics data and enhance our understanding of complex tissue struc-
tures and biological processes.

Methods
soScope framework
A generative model for resolution enhancement of spatial omics.
soScope utilizes three modalities from the same tissue: spot-level
omics profiles, spatial neighboring relations of spots, and subspot-
level morphological features. We aim to divide the observed expres-
sion profile xðnÞ 2 RG at the nth spot sðnÞ into K subspots sðnÞ1:K :

xðnÞ =
XK
k = 1

bxðnÞ
k + ϵðnÞ,n = 1 . . .N ð1Þ

where x̂ðnÞ
1:K 2 RG are the latent expression to be inferred atK subspots,

ϵðnÞ is drawn from a Gaussian noise with a mean of 0 and variance of
σ2I , and N is the total number of spots in a spatial dataset. We for-
mulate the task of spatial omics enhancement into a probabilistic
generative model:

zðnÞ ∼Gaussian 0,σ2I
� �

ωðnÞ
k = f yðnÞ

k , zðnÞ
� �

, k = 1 . . .K

bxðnÞ
k jzðnÞ,yðnÞ

k ∼P ωðnÞ
k

� �
, k = 1 . . .K

xðnÞjbxðnÞ
1:K ∼Gaussian

X
k
bxðnÞ
k ,σ2I

� �
ð2Þ

where zðnÞ 2 RD is the latent representation of the underlying
spatial omics state at spot sðnÞ, and yðnÞ

k RL is the feature extracted
from the corresponding image region at subspot sðnÞk . A neural
network f ð�Þ combines subspot-level image feature yðnÞ

k and the
spot-level latent state zðnÞ to learn the parameter ωðnÞ

k for the
probability Pð�Þ that models expression profiles at the subspot
level. The generative probability Pð�Þ is selected with respect to
spatial omics data types to best describe its property. Finally, the
profile xðnÞ of a spot can be obtained by aggregating profiles at its
corresponding subspots jittered by the zero-mean Gaussian noise
with σ2 as the variance.

For simplicity, we use matrix notations X = xð1Þ . . .xðNÞ� �T2RN ×G,

Y = yð1Þ
1 . . .yðNÞ

K

h iT
2RNK × L, bX = bxð1Þ

1 . . . bxðNÞ
K

h iT
2RNK ×G, Z = zð1Þ . . . zðNÞ

� �T
2RN ×D and obtain the log-likelihood form for the resolution
enhancement process in Eq. 2:

logp X jYð Þ= log
X
bX

X
Z

p X jbX� �
p bX jY ,Z
� �

p Zð Þ
8<
:

9=
; ð3Þ

Variational inference of soScope. The summation over latent vari-
ablesmakes calculating logp X jYð Þ intractable. Therefore, we solve the
log-likelihood in Eq. 3 via the variational Bayesian inference40. We
hypothesize that latent state Z is related to spatial omics profile X and
spatial neighboring relations A. Then, we estimate its variational dis-
tribution in the form of q Z jX ,Að Þ, where A 2 ½0,1�N ×N is the spatial
neighboring relation graph41 and is calculated using profiles between
neighboring spots in X (Supplementary Note 1). The evidence lower
bound (ELBO) is formulated as (Supplementary Note 2):

ELBO=Eq Z jX ,Að Þ E
pðbX jY ,ZÞ logp X jbX� �h i� 	

� DKL q Z jX Að Þ k p Zð Þ½ �

ð4Þ

where DKL q Z jX ,Að Þ k pðZÞ½ � is the Kullback-Leibler (KL) divergence
between q Z jX ,Að Þ and pðZÞ.

Image regularization. To ensure that the enhanced profiles accurately
reflect morphological similarities observed in the images, we intro-
duce an additional image regularization term to enforce their con-
sistency. In detail, we calculate the similaritymatrices among subspots
based on enhanced omics profiles Λ 2 ½0,1�NK ×NK and image features
W 2 ½0,1�NK ×NK , respectively (Supplementary Note 1). Then, we use a
soft-label cross entropy42 to evaluate their consistency:

LImage =CE Λ,Wð Þ

= � 1

NKð Þ2
XNK
i, j = 1

wði, jÞ log λði, jÞ + 1�wði, jÞ� �
log 1� λði, jÞ

� �h i ð5Þ

wherewði,jÞ and λði,jÞ are the entry at the ith row and the jth column inW
and Λ, respectively. By minimizing the LImage, enhanced omics profiles
are encouraged to reflect themorphological patterns from the images.

soScope objective optimization and inference. We formulate the
overall optimization function by combining ELBO and image regular-
ization:

LL=ELBO� βLImage ð6Þ

Here, β is a hyperparameter balancing the level of constraint (we set
β= 1 for all experiments). In the implementation of soScope (Fig. 1), we
choose q Z jX ,Að Þ as a Gaussian distribution, with its mean and covar-
iance matrix given by a graph encoder h X ,Að Þ. The parameters mod-
eling p bX jY ,Z

� �
are given by an enhancement decoder f ðY ,ZÞ

(Supplementary Fig. 1).
The model is optimized with the Adam optimizer43 using a two-

step strategy:
(1) Initialize the network h X ,Að Þ using a simple variational graph

auto-encoder framework44 without resolution enhancement (Supple-
mentary Note 3).

(2) Maximize the overall target function (Eq. 6) to infer subspot
profiles.

After optimization, we use the expectation of subspot-level pro-
files bX *

as the enhanced profiles:

Z * =Eq Z jX ,Að Þ Z½ �
bX *

=E
p bX jZ * ,Y

� � bXh i ð7Þ

Extension to different omics types. To properlymodel the generative
process, Pð�Þ is determined by the spatial omics type. For transcript
data, we use the negative binomial distribution (NB)45; for protein and
histone modification, we use the Poisson distribution37,46; for other
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spatial omics profiles without conclusive probabilistic distribution
knowledge (such as principal components (PCs) of DNA, and normal-
ized ATAC peaks), we use the Gaussian distribution (Supplementary
Table 1) as a general choice.

Extension to spatial multiomics resolution enhancement. To enable
soScope to simultaneously enhance the resolution of multiomics pro-
files, we modify the original model framework with three major chan-
ges: (1) constructing the spatial neighboring relation graph A based on
multiomics similarities; (2) mapping latent representations Z using a
graph encoder with multiomics inputs; and (3) generating distribution
parameters for multiomics subspot profiles simultaneously from the
decoder network. The elaborated description of the multiomics
soScope framework is provided in Supplementary Note 4.

Datasets
Human intestine dataset from Visium platform. The human intestine
tissue section was collected from the colon of a 66-year-old male indi-
vidual (labeled as A1 in the original data). The tissue was profiled by
Visium platform and contained 2,649 sequencing spots. Tissue region
annotations and their regionalmarkerswereobtained from theprevious
publication34. For the enhancement analysis, 9 marker genes from 3
regions (epithelium, muscularis, and immune) were included as input.
For the image,we took the coordinate information for each subspot and
segmented the corresponding H&E image region, with the radius of the
region sett to 5 times the spot radius. Then, we resized image patches to
299×299pixel size and fed them into a pretrainedGoogle Inception-v333

on ImageNet to obtain image features (in 2,048 dimensions).

Mouse headdataset fromXeniumplatform. Themouse head section
was obtained from a one-day-old mouse pup and profiled using the
Xenium platform. This region contains 457,781 cells, with each
expressing 379 genes. For biological variability analysis, expression
counts were normalized against total counts, scaled by median gene
expressions, and log1p transformed. These data were then processed
using themodelGeneVar function in the scranR package (v1.20.1). Only
genes with positive biological variability (n = 194) were selected for
gene correlation analysis and categorized into high (top 60 genes),
medium (61–120), and low (121–194) variability groups. For the ima-
ging modality, deep features were extracted following the pipeline
used in the intestine data.

Mouse kidney dataset from Xenium platform. The mouse kidney
dataset is measured from the same mouse pup section using Xenium
platform. This tissue region covers 1538 cells and 379 genes. For the
enhancement analysis, we selected the top 5 abundant genes and the
top 5 marker genes. For the image modality, we segmented the image
for each cell from the tissueH&E and extracted deep features using the
same method as in our intestinal data analysis. As the cell locations
were not arranged in a regular array, we defined the neighborhood of
each cell as the five spatially nearest cells using the NearestNeighbors
function from the scikit-learn.neighbors Python package (v1.2.0) for
the purpose of graph construction.

Human ductal carcinoma dataset from Xenium platform. The
dataset is measured from the breast section of a human female using
Xenium platform. This tissue region covers 37,894 cells and 313 genes.
We identified three distinct gene groups for targeted analyses. For
highly correlated genes, we selected the top 10 tumormarker genes as
reported in the prior study5. To identify lowly correlated genes, we
employed a linear regression model using the LinearRegression func-
tion from the scikit-learn.linear_model Python package (v1.2.0), com-
paring the top 250 abundant genes against the top 50 principal
components of image features.We then screened the bottom 10 genes
with the lowestR2, determined via the r2_score function from the scikit-

learn.metrics Python package (v1.2.0). For immune cell analysis, we
screened 11 marker genes across three cell types (four for T cells, two
for B cells, and five for macrophages) based on the previous
publication5, and quantified cell density as the summation of log1p-
normalized expression of these marker genes following the setting of
BayesSpace30. Imagemodality features were processed using the same
pipeline as utilized in the intestinal data analysis, while for soScope
without image modality, standard Gaussian noise was employed as a
substitute.

Mouse embryo dataset from spatial-CUT&Tag platform. The mouse
embryo dataset was collected from amouse embryo at embryonic day
11. The section was profiled by the spatial-CUT&Tag platform and
contained 1,974 sequencing spots. In the original publication18,
11 subpopulations were reported. We selected four organ regions with
clear spatial structures (liver, heart, forebrain, and spinal cord) and
identified the top 15 variable peaks from each region (getMarkers
function in archR v1.0.1 R package) for the resolution enhancement
analysis. For the image modality, we followed the established pipeline
and learned image features from the H&E image of the embryo. To
estimate gene activities from peak counts, wemapped peak regions to
genes using bedtools R package (v2.28.0) and performed a negative
log transformation on peak data. A higher activity score represents a
lower suppression for a gene.

Human embryonic heart dataset from spatial transcriptomics
platform. The human heart tissue section was collected from a human
embryo at 6.5 post-conception weeks (PCW). The tissue was profiled
by the ST platform and contained 186 sequencing spots. Gene
expressions were scaled using total transcript counts and log1p-
transformed. Regional markers FHL2 and LDHA were identified and
reported in the original study25.

Mouse liver dataset from slide-DNA-seq and slide-RNA-seq plat-
forms. The dataset was obtained from a mouse liver metastasis sec-
tion, encompassing two distinct tumor clone regions labeled as clone
A and clone B. The dataset included 24,679 spots for slide-DNA-seq
data, and 21,902 spots for slide-RNA-seq data. We used the processed
data provided in the original work19. For the resolution enhancement
purpose, we divided the tissue slide into 60x60 squared regions and
averaged original data in each region into spot-level profiles. Then, we
included the top 2 DNA PCs and three marker genes (Hmga2, Tm4sf1,
andAqp5) highlighted in the original work, respectively, in the analysis.
For the H&E image data, we extracted deep features from the H&E
image for subspots as previously described.

Humanskindataset fromspatial-CITE-seqplatform. The human skin
tissue section was collected froman adult donor who received an early
immune activation due to the administration of a Coronavirus Disease
2019 (COVID-19)mRNAvaccine. The tissue contained 1,618 sequencing
spots, with each spot including 15,486 genes and 283 proteins. Both
omics were normalized using the SCTransform function from R pack-
age sctransform (v0.3.5). After that, all proteins and 114 top variable
genes (the union of top 20 overexpressed genes from each sub-
population identified using analytical pipeline in the original study15)
were included for the enhancement analysis. For the image modality,
we extracted deep features from the bright-field image following the
same pipeline described above.

Mouse embryo dataset from spatial ATAC-RNA-seq platform. The
mouse embryo tissue section was from an E13 (embryonic day 13)
mouse embryo. The section included 1,874 sequencing spots, each
containing data for 15,748 genes and 24,071 ATAC peaks. We selected
the 25 most variable genes (modelGeneVar function in scran v1.20.1 R
package) and their corresponding peaks for the enhancement analysis.
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For the ATAC modality, we performed normalization using the
SCTransform function from the R package sctransform (v0.3.5) and
subsequently appliedmin-max normalization. For the imagemodality,
deep features were extracted from the bright-field images using the
previously described pipeline.

Experiment setup
In silico “low-resolution” profile simulation. In performance bench-
marks, we implemented a simulation strategy wherein we combined
neighboring spots to create “low-resolution” spots. Then, we assessed
the ability of resolution enhancement techniques to accurately restore
the original spot profiles. In the case of Visium datasets, where spots
were arranged in a hexagonal pattern, we aggregated the profiles of
seven spots within the same hexagon to form a single “low-resolution”
spot, with the centroid of the hexagon as its position. For the Xenium
datasets, to simulate ST data, we divided the whole tissue regions into
the small squared regions (in total 240×240 formousehead, 50×50 for
mouse kidney, and 39×39 for humanductal carcinoma) and integrated
the gene expressions of all cells within these square regions to gen-
erate regional aggregated expression profiles. For datasets from other
spatial platforms, wemerged neighboring spots within a square region
to produce these “low-resolution” spots. For spatial-CUT&Tag, we
merged spots in every 2×2 region. In the multi-scale enhancement
experiments with slide-DNA-seq and slide-RNA-seq datasets, we varied
the region size from 2×2 to 6×6.

Subpopulation identification. For human skin dataset, we followed
the analysis in the original study15 and employed the Louvain
algorithm47 (resolution=0.75) to identify subpopulations from the top
10 PCs of normalized proteins or genes.

Comparing methods
All compared methods were benchmarked with the same input fea-
tures on the same Linux server (Ubuntu 20.04.3 LTS operation system)
with Xeon(R) 6226R CPU and NVIDIA GeForce RTX 3090 GPU (Driver
Version: 470.63.01, CUDA Version: 11.4).

Spatial-based enhancement approaches
BayesSpace. (v1.2.1R package)30 is a statistical method for resolution
enhancement of ST data. It uses the neighboring expression informa-
tion to estimate the subspot-level gene expressions. We used the
spatialEnhance function from BayesSpace R package for resolution
enhancement.

Linear interpolation. (Spatial linear) calculates subspot-level profiles
by averagingprofiles from thenearest neighboring spots. In the caseof
Visium data in a hexagonal array, we considered three neighbors
within the same triangle. For platforms with a square array config-
uration, we selected four neighbors from the top, bottom, left, and
right directions. This approach was implemented using the interpolate
function from the SciPy Python package (v1.4.1).

Spatial gaussian process. (Spatial GP) employs a radial basis function
(RBF) to model the covariance matrix of spot coordinates48. This
method was trained on spot-level coordinates and profiles and then
applied to estimate subspot-level profiles based on their spatial coor-
dinates. We utilized the GaussianProcessRegressor from the SciPy
Python package (v1.4.1) for implementation. The choice of the RBF
kernel weight was determined by testing across a wide range of values
for the best performance. The final parameter settings were provided
in Supplementary Table 2a.

Image-based enhancement approaches. iStar32 is a deep regression
model designed to enhance the resolution of ST by minimizing the
MSEs between the aggregated inferred gene expressions within a spot

and the observed gene expression. For our study, the Python imple-
mentation of iStar was used, and the model was run using its default
configuration settings.

XFuse31 is a deep generative model designed to infer expression
maps at enhanced resolution while concurrently reconstructing his-
tological images and spatial gene expressions. We used the Python
implementation of XFuse (v0.2.1) and fine-tuned the model under
default parameters. Both XFuse and iStar infer profiles at the pixel
level. We collected and combined all pixel profiles within the region of
a subspot for comparison.

Linear Regression Model from Image (Image linear) employs a lin-
earmapping topredictmolecular profiles basedon image features. For
its implementation, we utilized the LinearRegression module from the
scikit-learn Python package (v1.2.0).We trained themodel at spot-level
data and applied it to the subspot image features to predict subspot
profiles.

Image Gaussian Process (Image GP) utilizes image features as the
input for the Gaussian Processmodel to predictmolecular profiles.We
implemented ImageGP usingGaussianProcessRegressor from the SciPy
Python package (v1.4.1). The weight of the RBF kernel and white noise
used for each spatial omics profile was summarized in Supplementary
Table 2b.

Image Multilayer Perceptron (Image MLP) models the mapping
between image features and molecular profiles through a multilayer
perceptron. We implemented the model usingMLPRegressor function
from scikit-learn Python package (v1.2.0). For each spatial omics
dataset, we defined the Image MLP model with the same set of para-
meters (hidden layer sizes = (128, 32), activation=relu, solver=adam,
learning rate init=1E-3, max iter=1E4).

Joint enhancement approach. Joint Multilayer Perceptron (Joint MLP)
model has the same framework as Image MLP but takes in the con-
catenated feature of the image and spatial position for each spot/
subspot for omics profile prediction. Implementations and hyper-
parameters were following the same setting as in Image MLP.

Spatial omics scope (soScope) is implemented in Python with
PyTroch (v1.8.0) and PyG (v1.7.2) packages. We provided detailed
instructions and a demonstration to run the model on GitHub (details
were provided at https://github.com/deng-ai-lab/soScope).

Evaluations
Recovery accuracy evaluation with mean square error. MSE mea-
sures the difference between two vectors under l2 norm. AnMSE close
to 0 indicates an accurate expression recovery; in the implementation,
we first min-max normalized the input vectors and then used the
mean_squared_error function from sklearn.metrics Python pack-
age (v1.2.0).

Recovery accuracy evaluation with Pearson correlation coeffi-
cients. Pearson correlation coefficient is a metric to quantify the
consistency between two variables. A coefficient close to 1 indicates a
strong positive linear correlation of spatial patterns between recon-
structed results and ground truth. In the implementation, we used the
pearson function from scipy.stats Python package (v1.10.0).

Differential expression measurement with Kolmogorov–Smirnov
distance. The Kolmogorov-Smirnov distance (KS distance) measures
the distance between two distributions by calculating the maximum
distance between two cumulative distribution functions. A KS distance
close to 1 indicates a better separation between two distributions. In
the implementation, we used the kstest from scipy.stats Python pack-
age (v1.10.0).

Gene variability measurement. We used the modelGeneVar function
from the scran R package (v1.20.1) to estimate the biological variability
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of genes. The biological variability is defined as the difference between
the log-normalized expression variance and the technical component.
A positive biological variability indicates that the observed variability
of a gene exceeds the non-informative variation predicted by the
model. Conversely, a negative biological component suggests that the
observed variability is less than thenon-informative variation expected
by the model.

Gene abundancemeasurement. The abundance of a gene is the total
number of expression counts in a tissue. In the implementation, we
used the sum function in numpy from the Python package (v1.19.2).

Cluster compactness measurement with average spatial distance.
We first min-max normalized the coordinates of each spot. To assess
the compactness of clusters, we computed the average distance
between every pair of spots within a cluster. A spatial distance of 0
indicates that all spots within the cluster are closely co-localized in
space. For implementation, we used the cdist function from the sci-
py.spatial.distance Python package (v1.10.0).

Software used in this study
The software used for generating images can be accessed via the
following link:

Adobe Illustraor: https://www.adobe.com/products/illustrator.
html

Software packages used in the study can be accessed via
following links:

iStar: https://github.com/daviddaiweizhang/istar
XFuse: https://github.com/ludvb/xfuse
BayesSpace: https://github.com/edward130603/BayesSpace
Seruat: https://satijalab.org/seurat/
ArchR: https://www.archrproject.com/
sctransform: https://github.com/satijalab/sctransform
Linear interpolation: https://docs.scipy.org/doc/scipy/tutorial/

interpolate.html
Gaussian Process: https://scikit-learn.org/stable/modules/gaussian_

process.html
Linear Regression Model:
https://scikit-learn.org/stable/modules/generated/sklearn.linear_

model.LinearRegression.html
Multilayer perceptron: https://scikit.learn.org/stable/modules/

neural_networks_supervised.html

Computational efficiency
The detailed runtime and memory consumption are reported in Sup-
plementary Table 3. The experiments were conducted on an NVIDlA
GeForce RTX 3090 GPU.

Statistics and reproducibility
The experimentswere not randomized.No statisticalmethodwasused
to predetermine the sample size. For the human intestine dataset, we
excluded spots that could not be accommodated within the set of
hexagonally arranged “low-resolution” spots. For the mouse liver
dataset, we excluded spots located outside the inscribed circular area
of the slide-DNA-seq and slide-RNA-seq, as our experimental design
involved merging the sampling spots to a lower resolution, and the
square region facilitated our experimental procedures. For the mouse
head, mouse kidney, human ductal carcinoma, mouse embryo (E11),
human heart, human skin, and mouse embryo (E13) datasets, no
samples were excluded from the analysis. The investigators were not
blinded to allocation during experiments and outcome assessment.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
Human intestine dataset: the Visium spatial transcriptomics data were
downloaded from the Gene Expression Omnibus (GEO) database with
the accessionnumberGSE158328, and theH&E imagewasdownloaded
from https://data.mendeley.com/datasets/gncg57p5x9/2. Mouse head
and kidney dataset: the Xenium data and corresponding H&E image
were downloaded from https://www.10xgenomics.com/datasets/
mouse-pup-preview-data-xenium-mouse-tissue-atlassing-panel-1-
standard. Human ductal carcinoma dataset: the Xenium data and
corresponding H&E image were downloaded from https://www.
10xgenomics.com/products/xenium-in-situ/preview-dataset-human-
breast. Mouse embryo (E11) dataset: the spatial-CUT&Tag data were
downloaded from the GEO database with the accession number
GSE165217, and the H&E image was shared by authors in the original
paper. Human heart dataset: the ST data were downloaded from
https://data.mendeley.com/datasets/mbvhhf8m62/2, and the H&E
image used was downloaded from https://data.mendeley.com/
datasets/dgnysc3zn5/1. Mouse liver dataset: the raw slide-DNA-seq
and slide-RNA-seqdatawere available from the SequenceReadArchive
under the accession number PRJNA768453, spatial barcode locations
and counts matrices were accessed through the Broad Institute Single
Cell Portal under accession number SCP1278, and the authors in the
original paper provided the H&E image. Human skin dataset: the
spatial-CITE-seq data were downloaded from the GEO database with
the accession number GSE213264. The high-resolution bright-field
image was downloaded at https://doi.org/10.6084/m9.figshare.
20723680. Mouse embryo (E13) dataset: the spatial ATAC-RNA-seq
data and the corresponding bright-field image were downloaded at
https://brain-spatial-omics.cells.ucsc.edu. Source data are provided
with this paper.

Code availability
Source code, demonstrations, and result reproducibility are available
on GitHub https://github.com/deng-ai-lab/soScope and on Zenodo49.
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