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STP: single-cell partition for subcellular
spatially-resolved transcriptomics

Haoyang Li 1,2,3, Qinan Hu 4,5,6, Zhaowen Qiu 7,8,9, Hui Xiong 10,11,
Yuhui Hu 4,5,6,12 & Xin Gao 1,2,3

Spatially-resolved transcriptomics (SRT) technologies now allow exploration of
gene expression with spatial context. Recent advances achieving subcellular
resolution provide richer data but also introduce challenges, such as aggre-
gating subcellular spots into individual cells, which is a task distinct from tra-
ditional deconvolution. Existing methods often grid SRT data into predefined
squares, which is unrealistic for accurately capturing cellular boundaries. We
propose a method, STP, that integrates subcellular SRT data with nuclei-
stained images to partition individual cells. STP first segments nuclei andmaps
their masks onto the SRT data, then uses a simulated-annealing-inspired
approach to expand nuclear boundaries to the full cellular level. Evaluated on
subcellular SRT datasets from Drosophila embryos at multiple developmental
stages and from mouse embryos with a large field-of-view, STP demonstrated
accurate single-cell partitioning, unveiling significant spatial tissue patterns
and identifying undetected cell types beyond previous methods.

Spatially-resolved transcriptomics (SRT) technologies, named
“Method of the Year 2020” by Nature Methods, opened a new door for
simultaneously exploring the spatial and transcriptional context of
tissues1,2 They could help biologists study the cell-cell interactions at a
fine-grained level and identify spatial patterns in the microenviron-
ment of whole tissues at a broad level3. Through positioning histolo-
gical sections on glass slides arrayed with DNA oligo spots to capture
spatially separated RNA molecules for sequencing, the first
sequencing-based (seq-based) SRT technology born in 20164 allowed
visualization and quantitative analysis of the transcriptome with spa-
tially localization feature, namely Spatial Transcriptomics (ST), in

individual tissue sections. However, everyDNA spot of this technology
has the diameter of about 100μm, which involves 10 to 40 cells
approximately, providing coarse-grained transcriptional patterns far
from the single-cell level. Increasing the resolution of arrayed DNA
oligo spots for RNA capture is the technical solution for dissecting
genuine single-cell spatial transcriptome. Following the improvement
of experimental pipelines, Slide-seq uses the arrays composed of 10
μm-diameter spots,which is nearly the single-cell resolution5,6. In 2022,
Stereo-seq achieved 220 nm-diameter spots with a 500nm center-to-
center distance, which leads SRT into the stage of subcellular
resolution1.Meanwhile, it could profile the area up to 13.2 cm× 13.2 cm,
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which allows biologists to explore much larger tissue sections that
previous seq-based SRT technologies cannot accomplish. For instance,
Stereo-seq profiled the whole mouse embryos in mid- and late-stage
gestation with high definition, whereas no other existing technology
could1.

The study of single-cell transcriptomes is essential for under-
standing the functional, developmental, and disease-related mechan-
isms of living organisms. In the first seq-based SRT4, the spots are low-
resolution, containing dozens of cells with several blended cell types,
which would obscure the genuine transcriptional pattern7. To over-
come this limitation, many computational methods have been devel-
oped for the cellular deconvolution task requiring concurrent single-
cell sequencing (scRNA-seq) data from the same tissue, enabling the
exploration of the microenvironment in a fine-grained level8–10. In
addition, computational methods, such as Tangram11, were designed
to align scRNA-seq data to SRT data, which could reconstruct a
genome-wide spatial map at the single-cell resolution. Despite the
considerable success of these methods, there are two limitations: (1)
systematic variation of gene expression profile between scRNA-seq
and SRT data, and (2) potential mismatches of cell types shared
between scRNA-seq and SRT data3.

In contrast, subcellular-resolution SRT, such as Stereo-seq, has
posed an unprecedented computational challenge, i.e., instead of
deconvolution of spots into single cells, it requires the aggregation of
spots into single cells. Up to now, researchers have been binning a pre-
defined number of spots into a square, e.g., X by X spots (Bin X), which
is approximately equivalent to the size of average cell in their specific
tissues12,13,1 However, the Bin X strategy combines the spots that do not
correlate to true position and shape of a cell, offering gene expression
data of an “artificial” cell. Thiswould result in the inclusion of amassive
number of incorrect spots for individual cells and profoundly affect
downstream analyses. Thus, it is essential to propose a computational
method for single-cell partitionwith genuineRNAdistribution relevant
to subcellular morphology based on subcellular SRT data.

Here, we proposed amethod called STP, which enables the single-
cell partition through the integration of subcellular SRT data and a
nuclei-stained image. First, the nuclei-stained image is preprocessed
and segmented into nuclei masks by a deep learning-based approach.
Then, STP maps the masks of nuclei into SRT spots under the same
coordinate system. Given all labeled spots, all nuclei would expand
their cellular boundaries by our proposed simulated-annealing-
inspired (SA-inspired) method until an energy cost is optimized. To
evaluate STP, we collected multiple stages and slices of SRT data in
Drosophila embryos and the large field-of-view SRT data of mouse
embryos. For Drosophila embryos, STP enriches the accurate single-
cell partition, reflecting significant and continuous spatial patterns of
tissues in the individual slices, even in the stacking embryos via 3D
alignment. In the experiments of mouse embryo, STP shows great
performance on the large field-of-view SRT data, and the capability to
refine the spatial structure of tissues and identify undetected cell types
compared with the Bin X strategy.

Results
Overview of STP
STP was developed as a pipeline that uses multiple data modalities,
including nuclei-stained image and subcellular SRTdata from the same
tissue to enrich single-cell partition (Fig. 1A). In the beginning, the
nuclei-stained image, which is performed by nucleic-acid-based stain-
ing, is enhanced adaptively14. Then, the noise of the image is removed
by automatic thresholding based on maximization of inter-class var-
iance between foreground and background15. After instance segmen-
tation of all masks of nuclei by a deep learning method, STP maps the
currentmasks of all nuclei to the pre-aligned SRT slices under the same
coordinate system. Given the labeling of all spots based on instance
nuclei, STP performs the cellular expansion of spots based on an SA-

inspired strategy for individual cells from the nuclear to the cellular
resolution. SA is a classical algorithm for solving an unconstrained
optimization problem given an energy function16. For each iteration,
randomly selected spots in the next layer outside the previous
expansion are used to calculate the current energy function, con-
sidering the cellular morphology and expression profile with neigh-
boring cells. The number of selected spots is determined using a
predefined parameter T , which controls the extent of spatial expan-
sion, but it does not function as temperature in the classical SA algo-
rithm. Based on the difference of energy between before and after
expansion, the current solution of expansion would be kept by the
probability of the current T even if the energy cost of the current
solution is higher than the previous one. Once the T reaches the
defined minimum T , the iteration would stop (Fig. 1B and Supple-
mentary Fig 1, Methods).

STP precisely partitions subcellular SRT data of Drosophila
embryos at single-cell resolution
Drosophila is a widely-used model organism for biologists to explore
embryogenesis and organogenesis, which has led to key advances in
developmental biology including the identification of key develop-
mental pathways and the genetic basis of developmental disorders17,12

The popularity of Drosophila on developmental biology research is
benefited from following strengths: (1) Drosophila has cost-effectively
convenient cultivation and a shorter life cycle, and (2) Drosophila
shares lots of developmental pathways and genes with other organ-
isms, enabling the collected knowledge to be widely applicable17.

In our study, we collected two samples of Drosophila embryos at
early and late stages: 4–8 h and 8–10 h (hereafter termed E4-8 and E8-
10), containing 17 and 25 7μm-thick slices, respectively, processed by
cryo-sectioning. Each slice in both samples is sequenced via Stereo-seq
technology and enabled single-stranded DNA (ssDNA) nuclei staining,
wheremultimodal datasets with spatial pre-alignment were generated:
subcellular SRT data and a nuclei-stained image. In these two samples,
E4-8 and E8-10 profiles have, on average, 9052 and 8404 genes in
164884 and 126129 spots for each slice respectively, where each spot in
E4-8 and E8-10 captures an average of 7.47 and 7.21 counts of unique
molecular identifier (UMI), i.e., normalized sequencing reads indicat-
ing accurate gene expression.

We applied STP to perform single-cell partition on E4-8 and E8-10
Drosophila embryo datasets. In the two samples from E4-8 and E8-10,
the nuclei of all cells were firstly segmented and the cellular bound-
aries were expanded from nuclei, where different colors in the nuclei
segmentation and single-cell partition results indicated individual
instances of nuclei and cells (Fig. 2A). According to statistics of E4-8
results, around 50 spots were contained in each segmented nucleus
and 100 - 200 spots contained in each partitioned cell after expansion
(Fig. 2C). TheUMIs of partitioned cells and segmented nuclei were also
visualized and the cell sizes of partitioned cells are estimated (Sup-
plementary Fig 2 and 3). The number of spots in E8-10 was slightly
higher than that in E4-8, both in terms of the nuclei and the cells. To
evaluate the validity and accuracy of STP, we integrated the results of
partitioned cells across all slices in the same sample and conducted the
downstream analysis to cluster all cells and annotate them to proper
cell types according to their marker genes (Methods). From the
visualization of tissue annotation from the two stages, tissues were
spatially separated, which demonstrated that all cells were partitioned
precisely to reflect their transcriptional diversity.We compared several
cell types with marker genes proposed in previous studies, including
amnioserosa, CNS, and yolk in E4-8 and salivary gland, CNS, and epi-
dermis in E8-10. There were clearly correlated patterns in visualization
between the spatial distribution of cell types and marker gene’s
expression (Fig. 2B)12. Point-Biserial Correlation Coefficient (PBCC) is
specifically designed for cases where one of the variables is binary and
the other is continuous, which is mathmetically equivalent with
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Pearson correlationCoefficient (PCC)18 (Methods). In this case, PBCC is
used to measure the correlation between all of pairs of cell types and
marker genes, and visualized them as heatmaps, which showed the
high PBCCs in both stages andmost slices (Fig. 2D and Supplementary
Fig. 8). Notably, for amnioserosa from slices 27 to 29 in E4-8 and sali-
vary gland from slice 07 to 16 in E8-10, few of these types of cell
appeared in the embryos,where visualization results showed verifiable
patterns, and it may have decreased the PBCCs (Supplementary
Figs. 4–7).

To ensure the necessity of expanding nuclei to the single cell, we
also conducted the same analysis on nuclei segmentation results
without expanding to the cell boundary using STP. Compared to the
results of nuclei segmentation, the single-cell partition with cyto-
plasmic expansion annotatedmore comprehensive cell types (Fig. 2A).
In E4-8, amnioserosa was mistakenly annotated as yolk in the nuclei
segmentation results, but was more appropriately annotated in the
single-cell partition results. Similarly, the CNS from the nuclei seg-
mentation results in E8-10 was also wrongly assigned as muscle, but
the results of single cell partition could enrich more fine-grained cell
type annotation to identify CNS correctly. To further demonstrate the
necessity of cell expansion, the entropy of each slice in E4-8 and E8-10
was quantified to measure the disorder of the spatial distribution of
cell types (Methods).Well-partitioned cells should reflect their specific
transcriptional patterns to cluster appropriately by cell type, resulting
in a more orderly and clear spatial distribution of cell types. The cal-
culated entropy demonstrated that partitioned cells had system-
atically lower entropy compared to segmented nuclei in both stages. It
proved that expanding from nuclei to whole cells transformed the

spatial organization of identified cell types to a better ordered
arrangement (Fig. 2E).

Moreover, an ablation study was conducted to evaluate the per-
formance of STP under different conditions: α =0, β=0, and γ =0,
which correspond to three assumptions related to the shape of the
cell, similarity with neighbor cells, and the size of the cell, respectively,
(“Methods”). In the example of E4-8, after partitioning and clustering
the cells, we calculated the PBCCs between all of the cell types and
their marker genes. Compared to the original STP settings, we found
that all three conditions resulted in lower PBCCs (Supplementary Fig.).
Notably, the condition where β=0 had the worst performance, indi-
cating that the assumption that adjacent cells share similar transcrip-
tional profiles is crucial.

STP reconstructs continuous 3Dcell-type patterns ofDrosophila
embryonic development
In embryonic development of Drosophila, cells of the same cell type
tend to have a continuous organization, due to the fact that embryonic
tissues differentiate and develop from their respective stem cells, and
cells usually migrate and divide in a directed manner based on their
fate19. Furthermore, previous studies using genetic lineage tracing
have demonstrated that cells of the same origin tend to remain toge-
ther during development and give rise to clusters of cells in specific
regions of the embryo20.

To verify the continuity of identified cell types across multiple
slices, we applied STP to all slices in E4-8 and E8-10 of Drosophila
embryos, where on average 1660 and 1125 cells per slice were obtained
in E4-8 and E8-10, respectively. During the downstream analysis, we

Fig. 1 | The pipeline of STP. A STP consists of twomain steps: nuclei segmentation
and cellular expansion. Nuclei-stained image is firstly preprocessed andmappedon
the pre-aligned SRT data. Then, each nucleus enables cellular expansion until the
single-cell resolution basedon the proposed simulated-annealing-inspiredmethod.
B The detail of cellular expansion (Methods). For each iteration, selected spots in

the next layer are used to calculate the current energy function, considering the
cellular morphology and gene expression profile with neighboring cells. The cur-
rent solution of expansion would be kept by the probability of the current T even if
the energy cost of the current solution is higher than that of the previous solution.
Once the T reaches the defined minimum T , the iteration would stop.
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used Harmony21 to remove batch effects among slices in the same
embryo, which would benefit the accuracy of downstream cell-type
clustering and annotation (“Methods”). Given the cell-type annotation
of all cells, we also visualized the cell-type distribution of partitioned
cells and segmented nuclei across these slices, which revealed visually
continuous organization through consecutive slices (Fig. 3A, Supple-
mentary Figs. 10–13). Then, we projected all partitioned cells through
Uniform manifold approximation and projection (UMAP)22 and dis-
tinguished different cell types and slices with corresponding colors
(Fig. 3B). TheUMAP results of E4-8 andE8-10 across slices both showed
no biased distributions among different slices, which verified suc-
cessful removal of batch effects (Fig. 3B). Based on this observation,
cells were then clustered by the annotations of cell types and all cell
types were well-separated with distinct boundaries in UMAP results
(Fig. 3B). To observe the cell-type organization at the 3D level, we used
a 3D alignment method called PASTE23 to align all partitioned cells
from consecutive slices along z-axis. As the visualization of 3D point
cloud revealed, individual cell types in 3D also exhibited spatially
continuous organizations in E4-8 and E8-10 under different angles
(Fig. 3C and Supplementary Fig. 14).

To comprehensively evaluate the accuracy of STP, two scRNA-seq
datasets of Drosophila embryos from E4-8 and E8-10 were collected24.

Tangram was used to match the cell pairs with the highest gene
expression similarity between scRNA-seq data and STP-partitioned
cells from SRT data11. This way, we transferred the cell type annotation
from scRNA-seq data to the paired cell in SRT data. The spatial dis-
tributions of STP-partitioned cells were visualized with the cell type
annotation transferred from scRNA-seq mapping results in compar-
ison to the clustering results from SRT data only (annotated by clus-
tering results) (Supplementary Figs. 15 and 16). From the visualization,
the distributions between mapping and clustering results were highly
similar. Toquantitatively evaluate the performance, the AdjustedRand
Index (ARI) score was calculated to compare the similarity between
clustering cell types and the mapping ones for all cells (Methods and
Supplementary Fig. 17). PCCs were also measured between the
expression profiles of the identified single cells from STP and the
mapped cells from scRNA-seq data (Supplementary Fig. 18). STP
achieved high values in terms of both the ARI scores and PCCs, sug-
gesting the correctness of the partitioned cells.

STP refines the tissue identification and organization in
mouse embryo
Mouse embryonic development is valuable to study as it is a well-
established model system for studying mammalian development.

Fig. 2 | Single-cell partition on Drosophlia embryos by STP. A Two examples
from E4-8 and E8-10 Drosophila embryos, including original nuclei-stained image,
nuclei segmentation, and their cell-type annotation results, single-cell partition,
and their cell-type annotation results. In the results of nuclei segmentation and
single-cell partition, each color represents the different instances of nuclei or cells.
In the results of cell-type annotation from nuclei segmentation and single-cell
partition, each color represents the annotated cell type. B Visualization of three
representative cell types and theirmarker genes proposed in previous studies from

two examples in E4-8 and E8-10 Drosophila embryos. C Several statistics of the
results from nuclei segmentation and single-cell partition. The top two violin plots
reveal the spot number contained in every slice from the results of nuclei seg-
mentation and single-cell partition in E4-8 and E8-10 Drosophila embryos. D PBCC
between three chosen cell types and their marker genes across every slice in E4-8
and E8-10 Drosophila embryos. E. The entropy of the results from nuclei segmen-
tation and single-cell partition across every slice in E4-8 and E8-10 Drosophila
embryos. Source data are provided as a Source Data file.

Article https://doi.org/10.1038/s41467-025-59782-3

Nature Communications |         (2025) 16:4665 4

www.nature.com/naturecommunications


Mouse has a short gestation period of several weeks, and shares
extensive genetic and physiological similarities with humans, serving
as an important model for studying human developmental and
pathological processes25,26We collected a tissue sliceofmouse embryo
from embryonic day 14.5 (E14.5), the mid-stage of mouse embryonic
development, which was also sequenced by Stereo-seq and stained
using ssDNA dye. This large field-of-view subcellular SRT data con-
tained an enormous number of spots (77 million spots) and profiled
27290 genes among all of the spots.

We applied STP to analyze nuclei-stained images and SRT data
from an E14.5mouse embryo, and conducted the downstream analysis
to annotate the tissues according to the marker genes of each cluster
of partitioned cells (Methods). After the quality control by deleting
low-quality cells, STP identified 393,555 cells in total (as described in
the methods section). The distribution of cells annotated by corre-
sponding tissues revealed distinct spatial organization of tissues
(Fig. 4A). We also visualized the spatial distribution of several tissues
and their corresponding marker genes’ expression, including brain,
radial glia cell, muscle and choroid plexus (Fig. 4B). The high similarity
between spatial distribution of tissues and marker genes’ expressions
validated the reliability of STP in partitioning cells based on tran-
scriptional pattern. To comprehensively quantify the PBCCs of iden-
tified tissues and correspondingmarker genes, we chose three marker
genes from each tissue inmouse embryo according to previous study1

and integrated the calculated PBCCs of all tissues into a heatmap
(Fig. 4C). From the heatmap, most of tissues exhibited high correla-
tions with their corresponding marker genes, which validated the
robustness of STP in single cell partition.

More remarkably, STP showed a significant improvement in
identifying rare tissues and refining the spatial organization of tissues
than previous Bin X strategy in themouse embryo, whereX is set as 501

(Fig. 4D). Cartilage primordium refers to the earliest stage of cartilage

formation during mouse embryonic development that will eventually
differentiate into chondrocytes and form the cartilage matrix27. From
the comparison among the spatial expression of marker genes of
cartilage primordium, the spatial distribution of cartilage primordium
from STP and Bin X strategy, STP identified an obviously fine-grained
and accurate distribution of cartilage primordium compared to the
results from Bin X in a previous study1. This observation suggests that
the Bin X strategy did not fully capture the transcriptional patterns of
cells due to its limitations in framing each “cell”with the same size and
shape, and it relied heavily on the chosen value of X, making it less
robust. In contrast, STP identified the cartilage primordium in a refined
manner, demonstrating its superiority in identifying tissue-specific
transcriptional patterns.

During mouse embryonic development, radial glia cells act as
scaffolds for the migration of neural progenitor cells, facilitating the
formation of the cortex and other brain structures. Additionally, radial
glia cells themselves can differentiate into neurons and glia, con-
tributing to the development of the nervous system28. However, a
previous study1 found that the Bin X strategy mistakenly identified the
radial glia cells as a part of the brain in the E14.5, but STP identified
radial glia cells successfully with distinct transcriptional patterns.
Furthermore, the previous research also confirmed that radial glia cells
typically appeared during the development of the mouse embryo
between E11.5 and E14.529. These findings also substantiated that STP
had the capability to identify correct cell types or discover sub-
cell types.

To validate the quality of partitioned cells, STP was benchmarked
with other methods, including k-nearest-neighbors (KNN), Voronoi,
and the watershed algorithm on the E14.5 mouse embryo dataset. The
same nuclei identified by STPwere used to expand the cell boundaries
using the KNN (k = 50, 100, 150, and 200) and Voronoi algorithms30.
The watershed algorithm was applied as suggested in ref. 1. Since the

Fig. 3 | Continuous spatial distribution of individual cell types in 2D and
3D level. ACell type annotation of partitioned cells across five consecutive slices in
E4-8 and E8-10 of Drosophila embryos. B UMAP results of different cell types and

slices in E4-8 and E8-10Drosophila embryos. C The 3D visualization of all cell types
and three representative cell types in E4-8 and E8-10 Drosophila embryos.
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watershed algorithm used nuclei-stained images to segment all nuclei
as “cells”, the number of identified genes per cell using the watershed
algorithm (an average of 82.1 genes per cell) was significantly lower
than with STP (an average of 187.7 genes per cell) (Supplementary
Fig. 19). In addition, KNN algorithm is used to partition the individual
cell from segmented nuclei. The number of K from KNN indicates the
number of expanded spots, and the neighbors are the nearest spots to
the centroid of the segment nuclei. After clustering the identified cells
using these three comparedmethods, spatial distributions of cell types
were visualized (Supplementary Fig. 20). From the visualization, KNN
with different k and Voronoi could not identify several cell types,
including radial glia cells and the choroid plexus. Using the watershed
algorithm, cells from the heart, choroid plexus, and cartilage pri-
mordium were not identified. To quantitatively evaluate the perfor-
mance of the partitioned cells, PBCCs were calculated between the
spatial distribution of the identified cell types and their marker genes
(Supplementary Fig. 21). Most of the cell types identified by STP had
significantly higher PBCCs than those identified by KNN, Voronoi, and
watershed algorithms. Cell types with zero PBCC values indicated that
they were not identified by the corresponding algorithms.

To compare the quality of partitioned cells with real scRNA-seq
datasets, we also calculated the Mean Square Error (MSE) and PCC of
gene-gene correlation matrices between the collected scRNA-seq
datasets and partitioned cells from all methods. This aims to measure
the similarity between partitioned cells obtained by multiple methods
and the scRNA-seq datasets (“Methods”). We collected a scRNA-seq
dataset from E14.5 mouse embryos, including around 240,000 cells
from multiple mouse samples31. Through the MSE and PCC for all
methods,we observed that STP achieves a lowerMSE and a higher PCC
than other methods, indicating that the gene-gene correlation in the
partitioned cells from STP showed higher resemblance to scRNA-seq
datasets than other methods (Supplementary Fig. 22).

The sizes of partitioned cells are also estimated from different
methods and visualized across all cell types, where the y-axis denotes

the distribution of the area of partitioned cells (μm²) (Methods, Sup-
plementary Fig. 23). From the visualization, different cell types indeed
have different cell sizes. Although there is no rigorousmeasurement of
cell sizes for each cell type inmouse embryos,we found several studies
about the general cell sizes in the embryo and adult mouse as refer-
ences. The general diameter of mouse embryonic cells is around 7 to
17μm, and the mean cell diameter is 13.82μm for a 20 g adult
mouse32,33. Thus, the areas of mouse embryonic cells are around 38 to
227μm². From the visualization results, the cell sizes from partitioned
cells by STP are similar to the previously described cell sizes from
previous studies. On the other hand, the sizes of partitioned cells by
Voronoi are the largest among all methods because it expands the
boundaries of cells until all spots in the sample are assigned to cells,
which is not reasonable in this case. Regarding KNN, different values of
k would definitely affect the partitioned cell sizes, which are fairly
similar across different cell types.

Discussion
In this article,weproposed apipeline of single-cell partition called STP,
utilizing multimodal data resources: nuclei-stained image and sub-
cellular SRT data. The STP strategy consists of two steps: nuclei seg-
mentation for each cell and SA-inspired expansion of the cellular
boundary. STP was applied to multi-stage and multi-slice Drosophila
embryos datasets, on which it partitioned individual cells and recon-
structed continuous spatial patterns of multiple cell types across
consecutive SRT slices. In the large field-of-view dataset of mouse
embryo, STP could also reveal distinct cell-type patterns. More excit-
ingly, STP could refine spatial patterns of cell types and even correct
misclassified or previously undiscovered cell types by the existing Bin
X strategy.

In addition to the current advantages of STP, there are some
limitations to be overcome in the future. First, the effectiveness of STP
relies on the optimized selection ofmultiple hyperparameters, such as
the setting of initialT , the reduction rate ofT and soon. Actually, these

Fig. 4 | Single-cell partition onmouse embryo by STP. A Cell-type annotation of
all partitioned cells from the E14.5 mouse embryo. B Visualization of four repre-
sentative tissues and their marker genes proposed in previous studies. C The
heatmap visualizing the PBCC between all cell types’ distribution and their marker

genes’ expression. D The findings on the mouse embryo by STP. The spatial
organization of cartilage primordiumcould be refined, and the spatial organization
of radial glia cell could be corrected compared with the Bin X strategy. Source data
are provided as a Source Data file.
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hyperparameters were designed to account for the significant varia-
tion in cellular morphology across different species and tissues. For
instance, embryonic stem cells, which have the potential to differ-
entiate into various cell types, typically possess larger nuclei with
relatively less cytoplasm to maintain their stemness34. On the other
hand, onemain direction to further improve STP is the ability to handle
datasets that contain cells with heterogeneous distributions and var-
ious shapes or sizes. In this scenario, not only should the hyperpara-
metersα, β, and γ be considered, but alsomore assumptions about the
specific properties of the obtained dataset should be taken into
account. Thus, there is a need to further develop a single-cell partition
method specifically for heterogeneous datasets that include cells with
various shapes and sizes. Second, even if current SRT technologies
could achieve subcellular resolution, there is room for improvement in
terms of the capture efficiency of each spot. The low sensitivity of
existing subcellular SRT technologies leads to a significant dropout of
transcriptional data during single-cell partitioning, which could not be
remedied by regulation of multiple hyperparameters of STP (Supple-
mentary Figs. 24 and 25). Other than the low sensitivity from SRT data,
STP also relies on the quality of ssDNA nuclei-stained images. While
STP incorporates several preprocessing strategies, the effectiveness of
nucleus staining is impacted by various factors, including the choice
and concentration of staining agents, staining time, and pH value.
Under certain conditions, distinguishing nuclei through staining
becomes challenging, including (1) over-staining or under-staining and
cell breakage or damage during the experimental process, and (2)
dense organization of cells, where stained nucleimay adjoin or overlap
with each other35,36 Advancements in SRT and nuclei-staining tech-
nologies in the future are expected to improve data quality, thereby
enhancing the outcomes of STP. Third, in this study, we compared STP
against several alternatives and demonstrated its superior perfor-
mance through multiple benchmarks. However, we acknowledge that
formal statistical validation, such as hypothesis testing or confidence
intervals, was not explicitly conducted to quantify the significance of
these improvements. While the observed trends strongly suggest that
our method outperforms existing approaches, future work could
incorporate rigorous statistical testing to further validate these
findings.

By leveraging STP, SRT data can further enhance our under-
standing of the spatial context and organization of these single-cell-
level SRT data. This spatial information provides valuable insights for
biologists and clinicians, allowing them to explore the intricate rela-
tionships between the higher-dimensional landscape of cells under
physiological and pathological conditions. It has the potential tomake
significant strides in the diagnosis and prognosis of human diseases.
The high-dimensional profiling of cells within their spatial context can
offer a deeper understanding of disease mechanisms, identify loca-
lized cellular alterations associated with pathology, and potentially
uncover new therapeutic targets.

Methods
STP pipeline
The main procedure of STP includes nuclei segmentation and single-
cell partition. To segment all nuclei in the nuclei-stained image,
enhancement and denoising should be done before nuclei segmenta-
tion. We used CLAHE (Contrast Limited Adaptive Histogram Equal-
ization) to improve the contrast between foreground (nuclei) and
background, which allows for a more localized adjustment of the
contrast while avoiding over-amplification of noise as the traditional
Histogram Equalization technique does14. The ‘clipLimit’ is set to 2, and
‘tileGridSize’ is set to 8. After image enhancement, the noise from the
background was removed by a thresholding method called Otsu,
which tries to find an optimal threshold that maximizes the inter-class
variance of pixel intensity in the image15. Then, the pixel whose value
was less than the optimized threshold would be set to 0.

After the preprocessing procedure, we used an existing method
called Cellpose to segment all nuclei from the nuclei-stained image37.
Cellpose is a deep learning method based on the architecture U-Net,
which could segment all instances of nuclei or cells38. We used the pre-
trained model released from Cellpose and chose the ‘model_type’ as
‘nuclei’. After segmentation of nuclei, the bounding boxes and masks
for all nuclei were outputted. If the image size is too large to process,
such asmouse embryo sliceswe used (14812 × 21749), the imagewould
be grided as smaller patches that could speed up the segmentation
process. In addition, the subcellular SRT data could bemapped on the
segmented nuclei, and the spots of SRT would be annotated as the
indices of contained nuclei or background. In other words, we finally
obtained the transcriptional profiles and masks of all nuclei.

Following the nuclei segmentation, STP expanded the cellular
boundaries of all nuclei and enriched single-cell partition based on
SA16. Initially, X = fx1, x2, . . . , xMg includes the indices of nuclei (M
nuclei totally) and Gxi

represents the gene expression vector of
nucleus xi. We initialized the labels of all spots LBj

from SRT data with
their indices of contained nuclei. Otherwise, spots outside any of
nucleus would be labeled as 0.

LBj
=

i 2 f1, 2, . . . ,Mg, if contained in the i� th nucleus

0, if outside any of nucleus

�
ð1Þ

To start the cellular expansion, we needed to set some hyper-
parameters first. T is the number of expanded bins for a nucleus in
each iteration, which does not function as temperature in the classical
SA algorithm, and we set the initial T as T0 and minimum T as Tmin.
r 2 ð0, 1Þ refers to the reduction rate of T (defined below). FeðxiÞ is the
energy function of nucleus xi in the epoch e, which represents the
iteration of the algorithm.

The energy function considers the size, shape of the cell, and
transcriptional pattern with adjacent cells, under the following
assumptions: (1) Shape assumption: the distances from all of outside
spots to the center of the nucleus are similar, which means that the
shape of cells should be similar to regular polygons. (2) Non-
overlapping assumption: cells should be next to each other without
any overlap. 3) Smoothness assumption: adjacent cells should share
similar transcriptional profiles. Based on these assumptions, we
designed the energy function as three parts: FsizeðxÞ, FshapeðxÞ and
FadjðxÞ. For Fsize xð Þ, wedenotedCx as the number of spots contained in
the cell x and c as the expected number of contained spots in each cell.
From the following equation, we measured how close the number of
spots segmented by STP is to the expected value c, which represents
the total number of spots in the slice divided by the number of seg-
mented nuclei, serving as an estimate of the average cell size.

Fsize xð Þ= Cx � c
c

����
���� ð2Þ

In the definition of FshapeðxÞ, BoundðxÞ represents the coordinates
of spots at the outside layer of cell x and CentriodðxÞ refers to the
coordinates of the central spot of cell x, which could be calculated
from the mask of the cell. D represents the variance of this list of
distances mentioned above. Thus, Fshape xð Þ calculates the variance of
Euclidean distance between the spots at the outside layer and the
central spot. As the following equation shows, we expected that the
variance of Euclidean distances between all spots from outside the
layer to the central spot would be as small as possible.

FshapeðxÞ=DðkBoundðxÞ � CentriodðxÞk22Þ ð3Þ

To quantify FadjðxÞ, we used KD-tree to identify the k adjacent
expanding cells for each cell, whose transcriptional profile isGx , where
k is a hyperparameter to regulate39. Then, we extracted the
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transcriptional profiles from adjacent cells and averaged them as a
vector GadjðxÞ. Following the equation below, we expect that a cell has
similar transcriptional profiles to the adjacent cells.

FadjðxÞ= kGx � GadjðxÞk22 ð4Þ

With the definition of FshapeðxÞ, FadjðxÞ and FsizeðxÞ, we defined the
energy function of each cell at each iteration with three hyperpara-
meters α, β and γ:

FðxÞ=αFshapeðxÞ+βFadjðxÞ+ γFsizeðxÞ ð5Þ

Firstly, after setting the initial T as T0, a loop would start with
multiple iterations. In each iteration, we set the current T as brTc.
Then, we repeated the following procedures for each segmented
nucleus. We randomly chose T spots of the first layer outside the
nucleus and label these spots as i. The identification of the first layer
outside each nucleus is based on the binary dilation, a basic operation
of mathematical morphology. Subsequently, new FeðxiÞ could be cal-
culated andΔF = Fe�1 xi

� �� FeðxiÞ. IfΔF<0, the current updated labels
of xi could be kept. Otherwise, the current updated labels of xi will be
kept by the probability e�ΔF=T . Every nucleus would be processed
sequentially by the procedures mentioned above until the last nucleus
and current iteration is finished. Following the reduction of T in each
iteration, the entire pipeline would stop when current T reaches Tmin

(Supplementary Fig. 1).

Downstream analysis
To evaluate the performance of STP on the SRT data from Drosophila
embryos, we utilized the partitioned single-cell transcriptional profile
to conduct downstream analysis. To control the quality of partitioned
single-cell data in each slice from E4-8 and E8-10 embryos, we elimi-
nated the cellswhose countswere lower than30 through all genes, and
genes whose counts were lower than 10 through all cells by scanpy40.
After normalization, we integrated slices from the same embryo and
aligned them with a 3D alignment method called PASTE with the α as
0.123. We set the interval of two adjacent slices as 14 in the relative
coordinate system because the thickness of each slice was 7 μm. Then,
we selected 1500 highly variable genes fromall of cells by scanpy40 and
used Harmony21 to remove the batch effects among slices in the
embryo. Next, we used Dynamo41 to compute two neighboring graphs
based on expressionprofiles and spatial coordinates, where number of
neighbors were set as 30 and 10, respectively. Finally, the Leiden
algorithm42 was used for clustering the cells with the resolution of 0.6,
and the top 50 variable genes in each group were outputted, which
were the reference for annotating the cell type to cluster further.

In the SRT data of mouse embryo, we conducted a similar pro-
cedure as downstream analysis without the 3D alignment and batch
effect removal. We set 0.8 as the resolution when used Leiden
algorithm42 to cluster the partitioned cells. The annotation of cell types
were based on the best correlation between variable genes from each
cluster and the proposed marker genes in the previous studies1.

Entropy definition
To prove the necessity of cellular expansion, we decided to quantify
the entropy of nuclei and partitioned cells under the expectation that
the spatial organization would become more structured after cellular
expansion. Specifically, we hypothesize that cell types will exhibit
increased spatial coherence, with similar cell types tending to cluster
together rather than being randomly distributed. We firstly clustered
the transcriptional profile of nuclei and partitioned cells through all
slices in both E4-8 and E8-10, and labeled each cell with the index of its
assigned cluster. Then, we created the graphs for annotated nuclei and
cells where nodes were the labeled nuclei/cells, and edges were cal-
culated by K Nearest Neighbors based on the spatial coordinates. Here,

we set K as 6. For allM nuclei/cells in the graph, their entropy could be
calculated as H Mð Þ=PM

mHðmÞ, where m represents the index of each
nucleus/cell. The entropy of mth node in the graph is
H mð Þ= �PK

i = 1pilog2pi, where pi represents the probability that the
label of ith neighbor node occurs.

Calculation of gene-gene correlation matrices
Firstly, we intersected the identified genes between collected scRNA-
seq datasets and partitioned cells from all compared methods (STP,
nuclei, Voronoi, KNN with k = 50, 100, 150, and 200), resulting in
18,943 genes. With this set of genes, we calculated the gene-gene
correlation matrix (18,943 × 18,943) using the PCC for all datasets.
Since the calculatedmatrices shared the same shape and gene order in
both rows and columns, we proceeded to calculate the Mean Square
Error (MSE) and PCC of the gene-gene correlation matrices between
scRNA-seq datasets and partitioned cells from each method, one by
one. Specifically, to calculate the MSE, we summed all the squared
differences between corresponding elements from the two matrices
and divided this sum by the total number of elements in the matrices.
To calculate the PCC, we flattened each matrix into a one-dimensional
vector and then used the two flattened vectors to calculate the PCC
between them.

Estimation of size of partitioned cells
Since the spots are arranged hexagonally, we assume the partitioned
cells arehexagons to calculate the area of the cell size conviently. From
theprevious study, the diameter of the spot is 220 nm, and the spot-to-
spot distance is 500nm. Firstly, we determine the number of layers L
based on the total number of spots k. Since the number of spots in a
hexagonal lattice with L layers is 3LðL� 1Þ+ 1, we compute the layers as
L= d3 +

ffiffiffiffiffiffiffiffiffiffi
12k�3

p
6 e. Here, ⌈⋅⌉ denotes the ceiling function, which rounds up

to the nearest integer. Secondly, the side length S of the hexagon, the
distance from the center of the hexagon to the outermost layer of
spots, would be 500× L� 1ð Þnm. Finally, the area of a regular hexagon
with side length S would be 3

ffiffi
3

p
2 S2.

Settings of hyperparameter
There are four hyperparameters to set: T , α (shape of cell), β (simi-
larity with neighbor cells) and γ (size of cell), and we set the same
hyperparamters in the two Drosophila embryos datasets and mouse
embryo datasets: T = 100, α =0:5, β=0:1, and γ =3. These parameter
were chosen based on a grid search. We chose hyperparapmers fol-
lowing these ranges: T ( = 50, 100, and 150), α (=0.1, 0.5, and 0.9), β
(= 0.1, 0.5, and 0.9), and γ (= 1, 3, and 5). Following these multiple
combinations of hyerparameters, we selected the hyperparameter
combination by visual inspection to confirm alignment between
spatial distributions of cell types and known biological spatial
patterns.

The mathematical equivalence between PBCC and PCC
PBCC is often used when one variable is binary and the other is con-
tinuous, which is a special case of the PCC43. Since the mathematical
structure of both coefficients is the same when the binary variable (0
or 1) is treated as a continuous variable in the PCC formula, PBCC and
PCC are mathematically equivalent18.

The formula of PBCC is as follows44,45

rpbcc =
�Y 1 � �Y0

sY
�

ffiffiffiffiffiffiffiffiffiffi
n1n0

n2

r
ð6Þ

where �Y 1 and �Y0 are the correspondingmean values of the continuous
variable for the group where the binary variables are 1 and 0. sY
denotes the standard deviation of the continuous variable across both
groups. n1 and n0 are the numbers of observations where the binary
variables are 1 and 0. n is the total number of observations n=n1 +n0.
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The formula of PCC is as follows:

rpcc =

Pn
i = 1 xi � �x

� �
yi � �y
� �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
i= 1 xi � �x

� �2q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
i= 1 yi � �y

� �2q ð7Þ

where xi and yi are the sample values of the two variables, and �x and �y
are the means of the two variables. n is the total number of
observations.

From these two formulas, we can observe that in PBCC, the for-
mula uses �Y 1 � �Y0, which calculates the difference between themeans
of the two groups. When one of the variables is binary, PCC’s covar-
iance calculation is mathematically equivalent to the standardized
mean difference used in PBCC. In addition, PBCC uses sY , the standard
deviation of the continuous variable, while PCC also normalizes the
covariance by the standard deviation of both variables. The standar-
dization steps are also equivalent in both cases. Therefore, PBCC is a
special case of PCC when one variable is binary, and the two are
mathematically equivalent in this situation.

Adjusted Rand Index (ARI)
To evaluate the accuracy of mapping scRNA-seq data to partitioned
cells in the spatial transcriptomics data, we use the Adjusted Rand
Index (ARI) to quantify the agreement between predicted and true cell
type annotations. Given that each partitioned cell in the spatial tran-
scriptomics and scRNA-seq data has a known cell type annotation, we
assign predicted labels based on the scRNA-seq-derivedmapping. The
ARI is computed as:

ARI =
RI�E RI½ �

max RIð Þ�E RI½ � ð8Þ

whereRand Index (RI) is Number of agreeing pairs
Total possible pairs , which is the proportion of

correctly assigned cell type pairs among all possible pairs, andE½RI� is
the expected Rand Index under a random assignment. The denomi-
nator ensures that ARI is normalized between − 1 and 1.

Statistics & reproducibility
No statistical method was used to predetermine sample size. No data
were excluded from the analyses. The experiments were not rando-
mized. 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
The SRT data of Drosophila embryos in E4-8 and E8-10 is from ref. 24.
The SRT data of the mouse embryo in E14.5 is from ref. 1. Source data
are provided in this paper.

Code availability
The code is released on the github: https://github.com/
leihouyeung/STP46
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