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Abstract

Advances in spatially resolved technologies enable the characterization of tissues
at molecular resolution by preserving spatial information. However, integrating
and aligning spatial-omics data across different platforms and modalities remains
challenging. Flexible tools for slice alignment, stitching and slice-to-volume
3D reconstruction are still lacking because available spatial-omics datasets are
affected by partial overlapping, local non-rigid deformations, and large-scalability.
Here we propose GEASO (Graph-based Elastic Alignment for Spatial-Omics
data), a network-based algorithm for slice alignment, stitching and slice-to-
volume 3D reconstruction. GEASO learns consistent spot features with graph
neural network, and performs elastic registration to address rigid transformation



and local deformation of slices by exploiting topological structure of spot connec-
tivity graphs. GEASO also adopts acceleration strategies to enable its application
to large-scale datasets. Experiment results demonstrate that GEASO outper-
forms state-of-the-art baselines in alignment, stitching and 3D reconstruction of
slices across various platforms, modalities and tissues, providing a versatile tool
for analyzing spatial-omics data.

Introduction

Spatial-omic technologies [1], such as Visium [2], HDST [3], Xenium [4], Slide-seq
[5], and Stereo-seq [6], effectively generate profiles of molecular characteristics within
spatial context on intact tissue, providing unprecedented insights into organizations
and functions of organs (e.g., breast [7], prostate [8], pancreas [9] and carcinoma [10])
and healthy tissues (e.g., human brain [11], heart [12], and mouse olfactory bulb [13]),
as well as other applications [14, 15]. Therefore, it is of great significance for analyzing
the accumulated spatially resolved omics data for uncovering complex mechanisms of
biological systems. Although great efforts has been devoted to the analysis of two-
dimensional spatial slices [16-21], attempts for three-dimensional (3D) reconstruction
from serial spatial slices are really limited.

Actually, it is critically important to develop a slice-to-volume 3D reconstruction
framework, since dynamics of molecular processes and cell-cell interactions usually
occur within 3D circumstance [22, 23]. For example, 3D digital embryo of mouses at
single-cell resolution is achieved by aligning and stitching a series of spatial slices,
revealing key signals governing the development of different important organs, such as
heart and foregut [24]. However, it typically requires manually corrected spatial coordi-
nates of all slices, requiring substantial manual labors. Consequently, many efforts are
devoted to slice-to-volume 3D reconstruction by automatically aligning multiple slices.
For instance, PASTE [25] adopts optimal transport to align pairwise slices, which is
only suitable for highly similar slices. And, its variants PASTE2 [26] and Moscot [27]
introduce partial-overlapping awareness alignment of slices from the same platforms.
SLAT [28] addresses heterogeneity of slices across various platforms with graph-based
adversarial matching [29], failing to address spatial transformation of slices. SANTO
[30] learns spot features and performs alignment of slices via cross-slice correlation of
spots within overlapping regions. However, it is criticized for ignoring local displace-
ments of spots, resulting in biased 3D reconstructions. SPACEL [31] performs slice
alignment by exploiting the manually annotated spatial domains within slice, and
STAlign [32] transforms slice alignment problem into the conventional image regis-
tration task with manually selected landmarks. CAST [33] addresses deformation of
slices with global alignment of pairwise slices, ignoring partially overlapped ones, and
Spateo [34] simultaneously addresses partial overlapping and deformation of slices for
3D reconstruction. However, it is criticized for the unrealistical non-rigid transforma-
tion and failed to alignment slices with different spatial scale [35], which is difficult
for aligning super-large scale slices and preserving the complex shapes of tissues.



Here, we simultaneously address alignment, stitching and slice-volume 3D recon-
struction of large-scale spatially resolved slices with partial overlapping, rigid trans-
formation, and local non-rigid deformation by proposing a flexible network-based
framework, GEASO (Graph-based Elastic Alignment for Spatial-Omics data), which
leverages the local topological structure of spot connectivity graphs of slices. The
underlying assumption is that neighboring spots share similar transformation and
deformation that provide clues for effective and efficient 3D reconstruction of objects
[36-38]. As shown in Fig. 1, GEASO first constructs a spot connectivity graph for
each slice, and employs graph neural network (GNN) to learn low-dimensional consis-
tent features of spots by integrating spatial and expression profile of spots. GEASO
then performs elastic registration to address partial overlapping, rigid transformation
and local deformation of slices, where coarse alignment handles rigid transformation
with Gaussian mixture model, and local non-rigid deformation is addressed with elas-
tic registration by fully exploiting relations of topological structures of spots. Finally,
GEASO addresses time complexity of large-scale slices with matrix low-rank approx-
imation and down-sampling strategies, thereby dramatically extending applications
of GEASO for large-scale datasets. Experimental results demonstrate that GEASO
outperforms state-of-the-art methods in terms of accuracy for aligning, stitching and
3D reconstructing of spatial slices. And, it is also applicable for large-scale slices
across various platforms, providing a comprehensive and useful approach for analyz-
ing spatial-omics datasets. The superiority of GEASO over state-of-the-art baselines
are summarized in Supplementary Table. 1.

Results

GEASO precisely addresses transformation and scalability of
spatial slices with network model

Alignment of spatial slices is a fundamental problem for 3D reconstruction of tissues
and organs, facing several critical challenges, such as heterogeneity of slices across
various platforms, rigid transformation of slices, local deformation (non-rigid trans-
formation) of slices, partial overlapping between slices, and large-scale of slices (Fig.
1A). Here, we simultaneously address all these challenges by proposing a flexible
network-based model (called GEASO) for aligning, stitching and slice-to-volume 3D
reconstructing of spatial slices, which consists of three typical modules, i.e., feature
learning, elastic registration and acceleration strategies (Fig. 1B).

Specifically, the feature learning module considers the inconsistent expression pro-
file and physical coordinates caused by different spatial platforms, individual variation
and experimental batch effects. GEASO first constructs an attributed graph for each
slice, converting alignment of slices into the alignment of attributed graphs, thereby
avoiding heterogeneity of slices across various platforms. Then, GEASO employs graph
neural network (GNN) with the constructed attributed graphs to extract consistent
features of spots by fusing spatial coordinate and expression profiles of spots, where
consistence and invariance of platforms are guaranteed with self-supervised learning
strategy, facilitating downstream tasks such as registration and alignment of slices (see
“Methods”).



The elastic registration module addresses the rigid and non-rigid transformation of
slices by exploiting the learned features and spot connectivity graphs, which is under
the assumption that spots and their neighbors share similar graph local structure
during slice deformation [37, 39]. In other words, GEASO leverages local topological
consistency of spot connectivity graphs to align pairs of spots from source and target
slices with similar features, topological structures, and expression profile under these
circumstances. First, coarse alignment addresses rigid transformation of slices by esti-
mating parameters for rotation, scale and translation with global information of slices.
Then, partial overlapping between slices is addressed by a Gaussian mixture model,
whose parameters are optimized by using expectation—-maximization (EM) algorithm
[40]. And, the registration module addresses non-linear local deformations of slices by
incorporating a non-rigid displacement field for each spot, where global transformation
and local deformation of slices are simultaneously modeled. Furthermore, spatial dis-
tance, expression profile, and topological structure of spots are integrated to estimate
motion coherence, providing a more comprehensive and precise way to model transfor-
mation of slices. Finally, elastic registration is formulated as probabilistic model and
optimized using Variational Bayesian inference [41] (see “Methods”).

We also notice that nearly all current methods fail to address scalability of slices,
which are critically needed since advances of biological technologies generate large-
scale spatial slices. To overcome this limitation, GEASO also proposes the acceleration
strategy to reduce time and space complexity, which preserves accuracy of slice align-
ment with two strategies, i.e., low-rank approximation of spot connectivity graphs,
and interpolation of deformation with voxel-based down-sampling. In details, GEASO
dramatically reduces complexity of large-scale spot connectivity graphs with low-
rank approximation by preserving features of sampled spots, where global topological
information is directly and approximately obtained from low-rank approximation. Fur-
thermore, GEASO also employs the voxel-grid based down-sampling to reduce scale
of slices, and infers rigid and non-rigid transformation with portion of these sampled
spots by exploiting topological structure of graphs of spots (see “Methods”).

Fig. 1C illustrates some typical applications of GEASQ, i.e., alignment and stitch-
ing of slices, slice-to-volume 3D reconstruction, visualization of target organs, and
topology analysis in 3D context, covering many critical fields of spatial genomics,
providing a flexible and powerful tool for analyzing spatial-omics data.

Benchmarking GEASO on the alignment, stitching and 3D
reconstruction of slices

To comprehensively evaluate the performance of GEASO, eight recent state-of-the-art
methods, including PASTE [25], PASTE2 [26], SPACEL [31], STAlign [32], Moscot
[27], SLAT [28], CAST [33] and Spateo [34], are selected as baselines on various
datasets. And, four metrics, including PCC (Pearson correlation coefficient), CLC
(contextual label consistency), AAS (alignment angle score), and MAE (mean absolute
error), are chosen to fully validate performance of various algorithms under different
conditions (see “Methods”). Specifically, PCC and CLC measure similarity in terms
of expression profile level and cell type annotation between spatially proximal spots
across two slices, whereas AAS quantifies difference between the predicted and truth



angles, and MAE evaluates the distance between predicted and ground-truth spatial
coordinates, respectively.

We first validate performance of these algorithms on rigid transformation by sim-
ulating rotation angles of slices only. Specifically, two mouse brain slices sequenced
by STARmap PLUS [42] are selected, and we fix one slice as target slice, and man-
ually rotate another slice (i.e., source slice) with different angles from 30 to 180 (°).
Fig. 2A visualizes the original and alignment results of various algorithms on the sim-
ulated slices with angle as 90 and 135, where almost all these algorithms precisely
recover the rotation angle, except for CAST since over-ration exists (dashed squares).
Furthermore, GEASO not only precisely estimates angles of slice rotation, but also
achieves the best performance under different metrics. In details, PCC of GEASO is
0.173, whereas those of others are less than 0.168. For example, CAST and Spateo
over-transformed the CA regions in left bottom, resulting in unrealistic shapes (dashed
squares), and Moscot can only performs rigid transformation, result in significant dif-
ference in top and bottom regions in source slice (top dashed squares of slices). The
similar tendency repeatedly occurs by changing angles of rotation (bottom of Fig. 2A
and Supplementary Fig. 1). Performance of these algorithms for rigid transformation
in terms of PCC, CLC and AAS is shown in Fig. 2B and Supplementary Fig. 2, where
GEASO is superior to all baselines. For instance, CLC of GEASO is 0.406+0.009,
which is roughly two times that of PASTE (0.188+0.084), and roughly three times of
SLAT (0.143+0.077) under all these cases, demonstrating that spot pairs aligned with
GEASO are with higher similarity than those by others. We also investigate perfor-
mance of various algorithms for no-rigid transformation of slices, where only CAST
and Spateo, two methods that are capable of non-rigid transformation without prior
knowledge are selected as baselines for fair comparison. GEASO also achieves the best
PCC, outperforms CAST and Spateo (Supplementary Fig. 3A and B). These results
further demonstrate that GEASO is promising for transformation of slices.

Then, we validate performance of various algorithms for stitching of two slices
sequenced from mouse hippocampus region [43] with different overlapping ratio and
rotation angles, where spots in source slice are colored in orange, and spots in target
are colored in blue (Fig. 2C left panel). Since the ground truth spatial coordinates of
spots are available, MAE is adopted as metric. Fig. 2C visualizes results of various
algorithms for slice stitching, where GEASO always achieves the best performance.
Specifically, Spateo, SPACEL, STAlign and GEASO precisely estimate angles of rota-
tion and align overlapped regions of slices, whereas CAST and Moscot fail to address
either of them with 30° angle and 40% overlapping ratio. It is worth noting that
SPACEL and STAlign require prior knowledge to stitch slices, which substantially
influences their performance. For instance, performance of SPACEL for stitching slices
decreases significantly as overlapping ratio decreases from 40% to 20%. Moreover,
MAE of GEASO is significantly smaller than those of baselines for all these con-
ditions, demonstrating that slices aligned by GEASO are much more close to the
ground truth than baselines (Fig. 2D, Supplementary Fig. 4). Although MAEs of
GEASO and Spateo are relative close (5.4 vs 14.8), the difference between alignment
results obtained by these algorithms is also observable (Supplementary Fig. 5). In
the challenging scenario involving both non-rigid deformation and partial overlapping



(Supplementary Fig. 3C), only GEASO and STAlign-GT (STAlign with landmarks)
accurately stitch these slices, whereas CAST fails to address this issue as its reliance
on global alignment prevents it from addressing local non-rigid transformations. And,
Spateo also produce implausible displacements for non-rigid transformation. These
results demonstrate that GEASO is precise and robust for stitching slices without
requiring prior information.

We further benchmark all these algorithms on slice-to-volume 3D reconstruction
with two datasets, i.e., mouse hemibrain MERFISH dataset with 129 slices and 9.3
million cells [44] (Fig. 2E) and human metastatic lymph node OpenST dataset with
19 slices and ~1 million cells (Fig. 2F). All these algorithms perform slice-to-volume
3D reconstruction by setting the first slice as reference, and each slice is aligned to
its previous one in sequence. Visualization of 3D reconstruction of mouse hemibrain
tissue demonstrates that GEASO, STAlign and Spateo obtain smooth surfaces of
organs, whereas Moscot and PASTE (PASTE2) fail because these algorithms cannot
correctly estimate rotation angles of slices (Fig. 2E, Supplementary Fig. 6A). And,
CAST distorts 3D structure of organs because it mistakenly estimates the scale fac-
tor, and it solely utilizes global information for non-rigid transformation, failing to
address partial overlap and local deformation of slices. Since ground-truth coordinates
of spots are available [45], GEASO achieves the best performance for 3D reconstruc-
tion of mouse brain with the minimal MAE (Fig. 2E right). The Human metastatic
lymph node dataset [46] is further employed to evaluate the generalization of GEASO.
As no ground-truth coordinates is available for this dataset, CLC is employed to
evaluate performance of algorithms. The experimental results demonstrate that the
surface of 3D architecture of organs reconstructed by GEASO is much smoother than
those by baselines (Fig. 2F left, Supplementary Fig. 6B), demonstrating that the
proposed algorithm can even precisely characterize heterogeneity of tumor tissues.
There are two reasons to explain why GEASO is superior to baselines on the 3D
reconstruction of organs. First, GEASO fully utilizes the local topological structure
of spot graphs, which can precisely model heterogeneity of tumor tissues. Further-
more, GEASO also obtains the highest CLC score (0.410+0.067), followed by Spateo
(0.303+£0.054) that incorrectly aligns slice 8 and 9 (Fig. 2F right). Second, GEASO
proposes two strategies to correct alignment errors, i.e., mesh-guided correction with
known reference and mesh-free multi-slice refinement without reference (Supplemen-
tary Fig. 7). To investigate performance of these two correction strategies, we compare
3D architecture of organs reconstructed by various algorithms without and with cor-
rection, where GEASO consistently achieves the smallest accumulated misalignment
errors, demonstrating effectiveness of GEASO for slice-to-volume 3D reconstruction
of organs.

Finally, we also investigate the contribution of each component to GEASO with an
ablation study (Supplementary Fig. 8A-B), demonstrating that all these components
are necessary and critical for performance of GEASO, and the acceleration strategy
contributes to speed of GEASO, respectively. We also explore the efficiency of GEASO
in terms of runtime and memory usage by comparing it to all baselines, where GEASO
is more computationally efficient and scalable to large-scale spatial omics data (Sup-
plementary Fig. 8C-F). We also evaluate the robustness of GEASO against various



down-sampling rates (Supplementary Fig. 9) and noise levels (Supplementary Fig. 10),
where GEASO is also insensitive to both down-sampling and noise.

GEASO bridges platforms of various resolutions and genome
coverage with alignment and stitching of slices

Currently, many spatial platforms are available for spatially resolved data with various
resolutions and coverage of genome. For example, Visium platform utilizes barcode-
based technology to enhance coverage of genome by sacrificing resolutions, whereas
Xenium is based on imaging-based techniques with single-cell resolution and low
genome coverage. Thus, bridging platforms with various resolutions and genome cov-
erage is promising for revealing mechanisms of biological systems. Here, we validate
capability of GEASO for bridging various platforms with alignment and stitching of
slices. The human breast cancer dataset [47] is deliberately selected since it consists
of two slices from Xenium and one slice from Visium of same human breast cancer
section, where slices of Visium contains 4,992 spots and 17,943 genes, and slices from
Xenium are partially overlapped, where each contains about 100,000 cells and 313
genes (Fig. 3A). Cell-type annotations of these three slices are obtained by applying
RCTD [18] to the corresponding scFFPE reference dataset (Fig. 3B).

Prior to bridging these two platforms, we first perform stitching among two slices
generated by Xenium platform, as shown in Fig. 3C, where these slices are well stitched
by GEASO since cell types are precisely aligned. However, almost all baselines fail
to stitch cancer-related slices except for STAlign and SPACEL, which require prior
knowledge to guide the alignment (Supplementary Fig. 11A), and the slice stitching
performance obtained by different algorithms is measured in terms of PCC and CLC
(Supplementary Fig. 11B). Then, to testify whether stitched slice provides deeper
insights into breast cancer, we take the ductal carcinoma in situ (DCIS) region (black
squares) as an illustrative example to demonstrate superiority of stitching. Specifically,
DCIS in slice 1 of Xenium exhibits a hollow ring, whereas it corresponds to the center in
slice 2 without ring structure (Fig. 3D top). Interestingly, structure of DCIS is restored
after stitching, demonstrating that GEASO precisely aligns spots with the same cell
types across various slices. Furthermore, we investigate possible reasons to account
for improvement of stitching slices. Since GEASO fully utilizes topological structure
of graphs of spots, and we compare topology of subnetwork corresponding to DCIS in
various graphs. The bottom panels of Fig. 3D visualizes topological structure of DCIS
in each graph, where DCIS corresponds to a cluster in each graph, and modularity
structure is more obvious after stitching. Furthermore, we also quantify difference of
spots inside and outside of DCIS in terms of degree and closeness centrality as shown
in Fig. 3E. Surprisingly, the difference is significant between DCIS and surrounding
regions, proving that stitching slices enhances completeness of the tissue architecture
(two-sided Mann-Whitney U test for significance). Similar tendency also occurs in
the lower-left DCIS region (Supplementary Fig. 12A). It is significant that GEASO
accurately stitches the two Xenium slices, where slice 1 provides a more complete
view of upper-right region of DCIS, and slice 2 better captures the low-left region of
DCIS. By merging these complementary views, the stitched result achieves a more
complete spatial delineation of the DCIS region. Furthermore, both the degree and



closeness centrality of spots in the stitched regions are significantly greater than in
either individual slice (Supplementary Fig. 12B). These results convey two advantages
of GEASO. First, structure of spots in spatial slices can be precisely reflected by
topological structure of graphs, demonstrating that network models are promising
for modeling spatially resolved data. Second, topological structure of graphs of spots
provides additional information to facilitate alignment of cancer slices.

Moreover, Fig. 3F demonstrates that GEASO precisely identifies the overlapped
regions by aligning slices across platforms and scales, whereas baselines fail to simul-
taneously address these two factors (Supplementary Fig. 13). For example, the
well-known biomarker of breast cancer [48]ABCC11 displays a consistent spatial
expression pattern across both these two platforms (Fig. 3G), demonstrating that
bridging various platforms facilitates the identification of critical cancer genes. Fur-
thermore, we ask whether limitations of genome coverage of Xenium platform can be
leveraged by Visium platform, and GEASO addresses this issue by imputing expression
profile of genes in Xenium from those in Visium. Specifically, Poisson model imple-
mented by scikit-leran package [49] is constructed with shared genes between Xenium
and Visium slices, then predict expression level of missing genes in Xenium with those
from spots within overlapping area in Visium (see: “Methods”). Fig. 3H visualizes
spatial distribution of expression of two bio-marker genes, FCM1 from invasive tumor
[50] region and SCGB2A2 from DCIS region [51], and spatial distribution of these pre-
dicted genes are higly consistent with the known cell type annotation, demonstrating
the possibility and superiority of GEASO for bridging various platforms.

GEASO tracks evolution of organs with slice-to-volume 3D
reconstruction

Previous experiments validate the performance of GEASO for aligning and stitching
of pairwise slices, and it is natural to further investigate its capacity for multiple
slices. Therefore, we select two whole-embryo cell atlases generated by Stereo-seq at
embryonic day 9.5 (E9.5) and day 11.5 (E11.5) [6], where E9.5 atlas is with 90 slices
and ~900,000 cells (Fig. 4A), and E11.5 atlas with 84 slices and about 7,000,000 cells
(Fig. 4B). And, all spots are manual annotated [52].

GEASO performs slice-to-volume 3D reconstruction of mouse embryo for E9.5 and
E11.5 with pairwise elastic registration, and visualization of 3D architecture of embryo
obtained by GEASO with three perspectives is shown in Fig. 4A and B. Spateo and
OT-based methods (including Moscot, PASTE and PASTE2) are selected as base-
lines, as other methods cannot be applied to large-scale these datasets or require prior
knowledge. By comparing 3D architecture of embryo obtained by GEASO and base-
lines (Fig. 4C), surface of embryo reconstructed by GEASO is significant smoother
than those by baselines, and GEASO also significant superior to baselines in terms of
CLC (Mann-Whitney U test for significance). These results demonstrate that GEASO
precisely models transformation and deformation of slices that cannot be addressed
with current baselines, thereby accurately reconstructing intricate 3D architecture of
mouse embryo, which provides clues for biologists for down-stream analysis. Further-
more, we check spatial distribution of bio-marker genes for different organs to validate



correctness of 3D architecture reconstructed by GEASO. Fig. 4D visualizes 3D archi-
tecture of Heart and Liver at E9.5, where spatial distribution of the corresponding
bio-marker gene Myl7 and Aft is consistent with structure of organs, showing that
elastic registration of GEASO accurately models intricate structure from slices. And,
the same tendency repeats at E11.5, as shown in Fig. 4E and Supplementary Fig.
14 A, showing that GEASO is robust for various datasets.

We subsequently segment the 3D architecture of brain from the reconstructed 3D
embryo, as demonstrated in Fig. 5A, which can be further divided into four sub-
domains (Fig. 5B), providing a more comprehensive characterization of organs than
2D slices. We then leverage these 3D sub-structures to perform volumetric differ-
ential expression analysis to identify domain-specific differentially expressed genes
(DEGs) (Fig. 5C), where the spatial patterns of these DEGs are highly expressed
within its corresponding 3D domains, and substantially lowly expressed outside (Fig.
5D). The spatial specificity of these biomarker genes may provide insights into organ
organization beyond known anatomical observations in the 2D context.

With the reconstructed 3D architecture of mouse embryo, evolution of organs can
be effectively studied by investigating dynamics of developments of tissues. Fig. 4F
shows that volume of Heart is much larger than Liver at E9.5, whereas volume of Heart
and Liver is similar at E11.5. These results demonstrate that organs are developed
at various stages with different speed, which possibly provides clues for biologists.
Moreover, we also focus on dynamics of Heart and Liver by comparing expression of
corresponding bio-marker genes at the micro-level, and Heart bio-marker gene Myl7
and Liver bio-marker Afp are significantly differentially expressed between E9.5 and
E11.5 (Supplementary Fig. 14B). Then, we also want to check whether dynamics of
organs can also be reflected by topological structure of graphs of spots. Fig. 4F shows
that degrees of spots within Heart is significantly higher than those in Liver at E9.5
(pi2.2E-226, Mann-Whitney U test for significance), whereas this tendency completely
reverses at E11.5 (Fig. 4G). These results further prove that dynamics of organs can
be well characterized by topology of graphs, accounting for why GEASO outperforms
baselines since it leverages performance of 3D reconstruction with graphs.

Currently, slices of organs are sequenced according to the fixed direction to fit
size limitation of platforms, failing to provide comprehensive perspectives for organs.
GEASO generates pseudo-slices along the arbitrarily pre-defined direction from the
reconstructed 3D architecture of organs to facilitate downstream analysis (see “Meth-
ods”, Fig. 4H). Specifically, these generated pseudo-slices provide clues for the
consecutive tube-like neural tube (including brain and spinal cord), notochord, and
gastrointestinal tract, etc. Furthermore, we also validate quality of pseudo-slices with
the mouse brain dataset with 129 consecutive mouse coronal brain slices sequenced
along the z-axis. Specifically, GEASO generates three pseudo-slices along the z-axis
of the reconstructed 3D architecture of mouse brain (Supplementary Fig. 15A), which
are highly consistent with the manually annotated mouse sagittal atlas from the Allen
Brain Atlas [53] and the domains identified from real Visium slice using MNMST [54]
(Supplementary Fig. 15B), and the proportions of spatial domains of pseudo-slices are
consistent with those of real Visium slice (Supplementary Fig. 15C), demonstrating
that pseudo-slices preserve critical spatial information of real ones. We further validate



whether the pseudo-slices facilitate downstream analysis, i.e., spatial domain iden-
tification and bio-marker gene discovery. Specifically, CAST is employed to identify
spatial domains on these pseudo-slices, where the identified spatial domains are highly
consistent with these manually annotated regions (Supplementary Fig. 16A). We then
conduct differential expression analysis for spatial domains in pseudo slices (Supple-
mentary Fig. 16B), and these identified DEGs are significantly highly expressed inside
of their corresponding domains in all pseudo-slices, and lowly expressed outside (Sup-
plementary Fig. 16C). These results suggest that these generated pseudo-slices are also
applicable for identifying gene bio-markers, providing cues for downstream analysis.

Alignment and stitching of GEASO provide an effective way to
integrate cross-modality slices

All these experiments carried on previous sections focus on slices with only a sin-
gle modality generated by various platforms, i.e., implicitly existing strong relations
among these slices. Here, we check whether GEASO is also capable of addressing
cross-modality spatial slices because integrative analysis of spatial multi-omics data
is the fundamental for revealing mechanisms of complex diseases. Two cross-modality
slices sequenced from mouse brain for spatial transcriptomics and translatomes are
selected, which are generated by STARmap [55] and RIBOmap [56] at single-cell res-
olution (Fig. 6A). Specifically, STARmap profiles RNA expression of genes, whereas
RIBOmap selectively profiles the ribosome-bound RNA to probe protein translation
in situ. And, both slices were annotated at cell type and region level.

Visualization of alignment of cross-modality mouse brain slices demonstrates that
GEASO accurately aligns cell types of slices (Fig. 6A), where concordance rate
of cell types across slices is 81.8 % (Supplementary Fig. 17), demonstrating that
GEASO is also effective for aligning cross-modality spatial slices. Then, we investigate
how alignment of cross-modality slices facilitates understanding translation efficiency.
Specifically, single-cell relative translation efficiency (scRTE) [33], i.e., the normalized
ratio of RIBOmap reads divided by STARmap reads for each spot, is selected to ensure
the fair comparison of translation across cell types and regions. In Oligodendrocytes,
the Myelin-associated genes Mbp and Qdpr are significantly up-regulated in terms of
scRTE, whereas Fth1 is down-regulated (Fig. 6B left), reflecting regional specificity
of bio-markers for protein synthesis [57]. Similarly, in Telencephalon Interneurons,
the translation elongation factor Feflal is significantly up-regulated, and Kifja is
down-regulated (Fig. 6B right). These results demonstrate that GEASO precisely
aligns cross-modality slices, thereby providing clues for study translation efficiency of
bio-marker genes in various regions.

Another additional cross-modality slices of juvenile mouse brain [58] for spatial
transcriptomics and epigenomics sequenced by Spatial CUT & Tag-RNA-Seq slices
are selected for a more comprehensive studies, where the spatial transcriptional slice
is with 9,370 spots and 23,415 genes, and the the epigenetical slice with 9,548 spots
for histone modifications H3K/me3 (Fig. 6C). Actually, integrating spatial tran-
scriptomics and eigenomics is promising since H3K/me3 activates transcription of
down-stream genes by regulating their enhancers. Visualization of alignment of slices
is shown in Fig. 6D, where either slice cannot clearly boundaries of layers (dashed



squares). However, the aligned slice enhances boundary of layers, demonstrating that
aligning transcriptional and eigenetical slices dramatically defines boundaries of lay-
ers. The possible reason is that transcription levels of spots on the boundary with
differently activities of enhancers, thereby providing complementary information for
transcriptions of genes. Furthermore, Fig. 6E visualizes R4 and R5 regions before
and after alignment, where transcriptomics and epigenomics are much more consis-
tent after alignment. We also quantify cell-type correspondence across two modality
slices, and the heatmap plots demonstrate that slice alignment improves correlations
among cell types (Fig. 6F).

Moreover, aligning slices across multi-modalities of these algorithms is bench-
marked (Supplementary Fig. 18), where GEASO obtains the maximal CLC for domain
R4, and is only slightly inferior to SPACEL. Notice that SPACEL explicitly exploits
manually annotated spatial domains to guide slice alignment. These results further
demonstrate that GEASO is promising for aligning slices across multi-modalities with-
out prior information. And, the P22 mouse brain slices sequenced from H3K27ac,
H3K27Tme83, and ATAC are selected to further validate performance of various algo-
rithms (Supplementary Fig. 19A), where GEASO precisely aligns slices of RNA and
H3K27ac because spatial distributions of domain R4 and R5 are highly consistent
across slices (Supplementary Fig. 19B). The additional experiment for simultaneously
aligning multiple slices (> 3) across different modalities is also executed (Supplemen-
tary Fig. 19C), where GEASO successfully aligns slices from RNA, H3K27ac, and
H3K4me3 within a common coordinate system. Domain R4 and R5 are highly consis-
tent across all these three modalities, demonstrating that it can be naturally extended
beyond pairwise alignment of slices. Finally, we check whether GEASO can generate
pseudo multi-omics data by exploiting the aligned slices of multi-modalities. This pro-
cess is achieved by aligning adjacent slices from distinct omics to identify anatomically
overlapping regions, and subsequently stacking the multi-omic signals of spots within
these shared regions. Specifically, by aligning slices of RNA, H3K27ac and H3K/me3,
GEASO first identifies these spatial regions shared by all these slices (Supplementary
Fig. 19D), consisting of 8,290 spots, and then corrects coordinates of spots for each
slice according to the aligned slices. Visualization of the generated pseudo multi-omics
data are presented in Supplementary Fig. 19E, where spots within domain R4 and
R5 are highly consistent within the same coordinate system. These results further
demonstrate that GEASO is versatile for various platforms and modalities.

Discussion

Alignment of spatial slices is a hot topic for analyzing spatially resolved data, and
great efforts are devoted to it. However, many challenges remain because of complex-
ity of spatial slices, such as slice heterogeneity, noise, rigid transformation, non-rigid
deformation, and large dataset scale. In this study, we propose a flexible network-
based algorithm for alignment of slices. In addition, we demonstrate that GEASO
enables accurate alignment, stitching, and slice-to-volume 3D reconstruction of spatial
slices across diverse platforms and modalities by jointly leveraging spatial coordinates,
expression profiles, and topological information.



In summary, GEASO provides a versatile tool for analyzing spatial-omics data
covering many typical circumstances. Specifically, GEASO is capable of aligning and
stitching partially overlapping slices from different species and anatomical regions
(Supplementary Fig. 20), thereby extending its potential applications, such as trans-
ferring annotation of slices (Supplementary Fig. 21). Thus, it not only can align
similar slices as current algorithms, but also perform alignment with highly dissim-
ilar ones, particularly these from different tissues or organs. Furthermore, such an
multi-technology spatial slices integration algorithm will benefit users to fully utilize
strengths of different spatial platforms for their studies, paving ways to reduce burdens
of finance so that users adopt the combination of high- and low-resolution platforms.
In other words, it is possible for biologists to fulfill their tasks with less budgets.

Furthermore, with well-reconstructed 3D architecture of organs obtained by
GEASO, we can also generate pseudo-slices for organs and tissues at arbitrary direc-
tions, providing a more comprehensive perspectives to observe and characterize the
original ones without additional labor costs. Moreover, we also demonstrate that
GEASO seamlessly integrates spatial transcriptomics and epigenomics slices, investi-
gating regulations of genes are studied with a more sophisticated strategy by combining
protein-coding and non-coding elements of genome. With GEASO, biologists can
also directly integrate slices of multiple modalities slices to reveal mechanisms and
properties of systems from a comprehensive strategy.

We also see ample opportunity to enhance performance of GEASO. First, current
version of GEASO only addresses spatially resolved data, and how to integrate addi-
tional image data, such as histology and morphology information, is very promising.
In our previous studies [21], we demonstrate that morphological and transcriptional
information of slices are complement. Second, GEASO solely focuses alignments of
slices by solely learning and mapping conserved information across slices, ignoring
specificity of slices that may also be interesting and critical for 3D reconstruction of
tissues. Therefore, how to model and discriminate conserved and specific features of
spots of cells are directions for future studies.

Methods

Ethics approval and consent to participate

No ethical approval was required for this study. All utilized public datasets were
generated by other organizations that obtained ethical approval.

Problem definition

Let ¥ = (X, Z) be aslice of n spots, where X € R"*? denotes coordinates of locations
of spots, and Z € R™*"Z represents expression profiles of spots with nz genes/features.
Let x; be coordinates of the i-th spot. Given the source and target slice, denoted by
lsl = (XB Z[) and ¥ = (XM z[1) GEASO aims to align coordinates of spots



between ¥!*! and W by constructing a transformation function 7~ such that

min £=3 " pisllx? — T0)? (1)
’ i=1 j=1

[s]

where T(xgs]) is transformation function of spot st
[s]
J

, Dij is the probability of alignment

between x;" and th], | X || denotes Frobenius norm of matrix X, and n and m are the
number of spots in target and source slice, respectively.

Since the source and target slices involve many unexpected deviations, such as rigid
and non-rigid deformation, rotation and partial overlapping, it is highly non-trivial
to accurately obtain transformation 7 and probability P for aligning and stitching
spatial slices. GEASO addresses these issues with network-based models by exploiting
topological structure of spot graphs for alignment and stitching with the assumption
that neighboring spots share similar deformation [37, 39], which consists of three key
components, including feature learning, elastic registration, and acceleration strategy.

Feature learning

If a pair of spots from the source and target slice are similar in terms of spatial prox-
imity and transcription, p;; is expected to receives heavy weight. To learn consistent
features of spots from spatial and expression profile, we first construct an attributed
graph of spots for each slice with K-nearest neighborhood (KNN), where edge weights
correspond to reciprocal of Euclidean distance of spatial location between spots, and
expression profiles are treated as attributes of spots (the number of neighbors of each
spot is 8). And, we learn features of spots from these attributed graphs with graph neu-
ral network (GNN) [59]. Specifically, by treating expression profiles of spots as inputs
of GNN, denoted by H%, features of spots H for the (I + 1)-th layer are obtained

HIAH = 6(aAHW 4+ (1 — o) HION(BI + (1 — pywl) (2)

where o, HY and W correspond to the activation function, features of spots, learn-
able linear projection of th [-th layer of GNN, A and I are the degree normalized
adjacency matrix with self-loops of topological structure of graphs and identity matrix
respectively, and parameter oo and 3 control the relative importance of different items.

To address local deformation of slices, self-supervised learning module [60] is
added by applying random masks onto vertices and edges of attributed graphs, which
enhances robustness and discriminative of features. Specifically, two augmented slices
(A,Z) and (A, Z) are generated with mask operators. Given the corresponding fea-
tures of spots H 1 and H 2, GEASO reduces impact of local deformation by minimizing
the loss, i.e.,

L= ||Hy — Ha|* + A(|[Hy Hy = I||* + || HyHz — I]?) 3)

where H' is the transpose of matrix H, and A is a hyper-parameter. The training and
optimization strategy for Eq.(3) are provided in the Supplementary Information.



Coarse alignment and stitching

As shown in Fig. 1, graph-based elastic registration of GEASO consists of two steps,
i.e., coarse alignment with global information and refine alignment with local topol-
ogy of graphs. Specifically, the rigid transformation of each spot x; associated with
rotation, scale and translation (Fig. 1A left panel) is formulated as

T(xi; R,v,8) = sx; R+ v, (4)

where R, s and v correspond to the rotation matrix, scale parameter, and translation
vector, respectively. By substituting Eq.(4) into Eq.(1), the coarse alignment of Wl
and U is formulated as

£=§njfj pij %! — xR — . (5)

If the source and target slice are partially overlapped, stitching maps spots across
slices with the Gaussian mixture model (GMM) by treating spots in source slice as
centroid, and spots in target slice as data points. Specifically, the probability density

function for each spot x[ I'is formulated as

F(x) oc exp{— 2||x[” T R,v, )%} (6)

where 02 is the variance. By substituting Eq.(6) into Eq.(5), the model of stitching
slices is formulated as a likelihood function, i.e.,

S o I = Tl R ) 4 N, log o .
i=1 j=1

st. R R=1I det(R) =1,

where N, = Y | Z;n:l pi;j- And, Eq.(7) can be effectively solved with expectation
maximization (EM) algorithm [40] (Supplementary Information).

Elastic Registration

Except for rigid transformation of slices, GEASO also addresses non-rigid transfor-
mation generated by deformations with the elastic registration 7, which incorporates
the non-rigid displacement field Axgs] into each spot ng]

registration is formulated as

. Therefore, model for elastic

L= ZZpl I — s(xl + AxPhR — w2, (8)

=1 j=1



By following Ref. [61], we also hypothesize that displace field Ax[®! is with motion-
coherence prior that encourages neighbors of spots are with similar deformations,
which also is one of major motivations of GEASO for 3D reconstruction in this study.
In details, the conditional probability p(AX|X) is defined as

p(Ax|X) = N(0,\'G & 1) 9)

where ® is the Kronecker product and G € R™*™ is the motion coherence matrix,
and Ap > 0 is a positive parameter. To fully characterize motion coherence of spots,
we incorporate spatial and topological information into the motion coherence matrix
G with is a linear function as

G = (G 4 rGlv)Q (10)

where 7 € (0, 1) is a trade-off parameter, Q, G95Y) and G(“®) are similarity of spots in
terms of features, the shortest path proximity and spatial proximity of spots, respec-
tively. In this case, Eq.(10) fuses the topological, spatial location and features of spots,
providing a more comprehensive way to model the local structure of slices.

Eq. (8) can be explicitly solved with Bayesian approaches. Specifically, let ¢ =
(c1,-++,cn) € {0,1} be the indicator vector, where ¢;=0 if the i-th spot in target
slice is an outlier, 1 otherwise. And, e = (ey,...,e,) € {1,...,m} is index vector of
spots to indicate which spot in target slice is generated from source slice. Therefore,
probability of elastic registration between W[l and ¥ is formulated as

p(\IJEt],ci, 6i|\1’[5],AX, s,R,v,n,w,0?)

= (wpladh) " {(1 - w) ﬁ<nj¢<x£ﬂ;T<x§s]>,o2f>ph<h£“h&“))éﬂei)} o

j=1

[.t]) is the probability of spot x!! being an outlier, ¢(x£t]; T(xg-s]), o?1) is the

where p, (x; i
Gaussian density with mean T(:rgs]) and variance o2, and 7 = (11,...,mm) € [0,1] is
probability for each spot in target slice, i.e., Z;"Zl n; = 1. By modeling 7 with the

Dirichlet distribution, the probability of elastic registration is formulated as

n
P, W) o p(AX () [T o, ¢ e W, AX, s, Rov, 0%, (12)

i=1
Eq.(12) is approximately solved with variation Bayesian inference (VBI) [41], and
details are provided in supplementary Information.

Acceleration strategies for super-large scale slices

Super-large slices (i.e., number of spots is over 100,000) pose a great challenge on
designing efficient algorithms for alignment, stitching and 3D reconstruction. Here, we



propose two strategies to accelerate GEASO (Fig. 1B). Specifically, there are two time-
consuming components, i.e., the construction of motion coherence matrix G for source
slice, and elastic registration. On the first concerning, we adopt Nystrom method
[62] to approximate graph G with three low-rank matrices, where approximation is
guaranteed by spots sampled from the source slice (Supplementary Information).

On the elastic registration concerning, we address its complexity with down-
sampling. Specifically, down-sampling is performed for both the source and target
slice with voxel-grid filter [36] to alleviate errors of sampling, then alignment and
stitching are performed on the sampled slices with parameters of rigid transformation
T = (3, R, ) and deformation vectors AX. According to local structure constraint
theory [39], we estimate deformation parameters of unsampled spots by exploiting
their neighbors as

1,40 (13)

miHAX[S] ﬁ(AX[S]77A- \ij A ])

Minp y iy a 510y £(A X[S T,
where Wlsl and ¥l are down-sampled slices, and ¢ is a Gaussian regression func-
tion [36] for restoring whole slice AX [s] with sampled spots with interpolations.
The detailed optimization procedures of Eq.(13) are provided in Supplementary
Information.

Baselines and metrics for performance

Eight state-of-the-art methods, Spateo (v1.1.0) [63], Moscot (v0.4.3) [27], CAST (latest
commit 3ebcf4f) [33], SLAT (v0.2.2) [28], STAlign (v1.0.0) [32], SPACEL (v1.1.8) [31],
PASTE2 (latest commit 8d34bb4) [26] and PASTE (v1.4.0) [25] are selected as base-
lines because of popularity and excellent performance of these algorithms. The detailed
hyperparameter settings for each algorithm are summarized in the Supplementary
Information.

By following Refs. [30, 64], PCC (Pearson correlation coefficient), CLC (contextual
label consistency score) and AAS (alignment angle score) are selected to evaluate
performance of algorithms for slice alignment, and MAE (mean absolute error) is
selected to evaluate performance of algorithms for slice stitching and 3D reconstruction
when ground truth coordinates of spots are available. Specifically, given the source
Ulsl and target W slice, PCC quantifies similarity of aligned spot pairs in terms of
expression, i.e.,

PCC =~ ZPCC 21,2l (14)
i=1
where j* = argmax;p;; and z; is expression profile of the i-th spot in the

corresponding slices.
On the rigid transformation issue, AAS measures difference of angles between the
predicted and ground truth rotation, i.e.,

AAS =27 — |Rpred - Rgt|7 (15)



where Rp,.q and Ry is the predicted and ground truth rotation matrix, respectively.
And, a higher AAS typically means a better alignment or stitching.

For slices whose spots are with ground truth coordinates, MAE evaluate spatial
distances of aligned spot pairs, i.e.,

MAE = 0T = Tl (16)

where x;* is the ground-truth spatial coordinate of spot i, and 7 (z;) is the transformed
spatial coordinate. Typically, lower MAE means better transformation.

For slices without ground truth coordinates of spots, CLC measures the label
consistency between spot i and its corresponding neighborhood in the other slice as

1
e

CLC(M) = ST el =0y, (17)

xE:] ENjx

n
1=

1

where j* = argmax; p;; and N~ is the neighbors of spots xgﬂ, ¥(x;) is the label of spot

x;, and ((a, b) is a function, 1 if a = b, 0 otherwise, respectively. CLC is degenerated
to concordance rate if Nj- = {x;-}, i.e., no neighbors is allowed.

Generation of pseudo slices

Given the 3D architecture of organs reconstructed by GEASO, we can thus generate
pseudo slices along the custom pre-defined direction. Specifically, we first define the
desired thickness of pseudo slices, denoted as Ad, which usually match the thickness
of the original one. Then, we compute the axis length along the pre-defined direction
(i-e., Zmax — Zmin) and determine the number of pseudo slices Ngjices, i-€., Nglices =
[(dmax — dmin)/Ad]. All these spots whose coordinates falling in the same Ad interval
are assigned to the corresponding pseudo slice. In such approach, spatial resolutions
of pseudo slices are identical to those of the original ones, which successfully avoids
introducing artifacts because of artificial interpolations.

Identification and functional analysis of differentially expressed
genes

We perform differential expression analysis of genes for each spatial domain by using
Wilcoxon rank-sum test implemented in SCANPY package [65]. Genes expressed in
more than 80% of cells/spots in each domain, with a fold change > 1.5 and an
adjusted FDR < 0.05, are selected as differentially expressed genes (DEGs). The fil-
tered DEGs serve as input for gene ontology enrichment analysis, which is conducted
with clusterProfiler [66]. Enriched functional terms with -logl0(adjusted P-value) are
plotted.



Data pre-processing

Ten datasets are selected to evaluate the performance of GEASO on three tasks, includ-
ing slice alignment, slice stitching, and slice-to-volume 3D reconstruction. Specifically,
the mouse hippocampus and brain slices sequenced using STARmap [42, 43], and the
human dorsolateral prefrontal cortex (DLPFC) slices sequenced using 10X Visium
[11] serve as benchmark for slice alignment and stitching. The mouse brain slices
sequenced using MERFISH [44], human lymph node slices sequenced using OpenST
[46], and mouse embryo slices sequenced using Stereo-seq [52] are employed for the
slice-to-volume reconstruction task. Furthermore, the human breast cancer slices co-
assayed with Visium and Xenium are selected to evaluate performance of algorithms
on aligning and stitching slices across different spatial platforms with different resolu-
tions. The spatial multi-modality datasets, such as the mouse brain slices co-assayed
with STARmap (RNA) and RIBOmap (protein), and P22 juvenile mouse brain slices
co-assayed with Spatial CUT & Tag and RNA-seq, are selected for experiments. The
detailed description of all these datasets is provided in Supplementary Information.

For these datasets generated by spatially resolved transecriptomics technologies
(including STARmap, Visium, Xenium, and MERFISH), genes expressed in less than
10 spots are removed for each slice, and the remained genes which shared across slices
are kept for downstream analysis. The expression profile further normalized by library
size and log-transformed using SCANPY [65]. For these mouse brain slices co-assayed
using STARmap (RNA) and RIBOmap (protein), expression profiles of STARmap are
filtered, normalized, log-transformed, and scaled without zero-centering, followed by
principal component analysis (PCA) for dimension reduction (the number of dimen-
sions is 50). Protein profiles of RIBOmap are normalized with centered log-ratio
(CLR), and undertook dimension reduction with PCA (the number of dimensions is
50). For the P22 juvenile mouse brain slices, expression profiles are processed as that
of STARmap. For the chromatin accessibility data (i.e., H3K4me3), peaks detected
in less than 6% of spots are removed, then the top 3,000 highly variable peaks are
selected, and the dimensionality further reduced to 20 using latent semantic indexing
(LSI). These obtained features (embedding) serve as attributes of graphs.

We employ KNN to construct backbone (topological structure, i.e., spot connec-
tivity graph) of attributed graphs for slices by varying values of parameter 7, which
control the number of neighbors for each spot in slices. Specifically, according to
Squidpy [67], for slices sequenced using Visium whose spots are arranged in a regu-
lar hexagonal lattice, we set 7 = 6. For slices sequenced using MERFISH, STARmap,
RIBOmap, and Stereo-seq, whose spots follow a grid-like arrangement, we set = 8.
For slices sequenced by Spatial CUT & Tag-RNA-Seq, these two slices share the same
spatial resolution, and spots exhibit a grid-like arrangement, we therefore set n = 8
for both slices. And, for slices co-assayed using different spatial platforms with dif-
ferent spatial resolutions, such as the human breast cancer slices co-assayed using
Visium (barcode-based, 55um diameter per spot) and Xenium (imaging-based, single-
cell spatial resolution), we set n = 6 for Visium slice, and n = 20 for the Xenium
slice according to SLAT [28], ensuring that the spatial neighborhoods in both slices



cover similar areas, promoting consistent cell embeddings across datasets with differ-
ent spatial resolutions. The analysis and settings of hyper-parameters of GEASO are
also conducted (Supplementary Fig. 22, and Supplementary Table. 2).

Statistics and reproducibility

Statistical analyses were performed using standard computational packages (Python
SciPy). Where applicable, statistical significance was evaluated using the two-sided
Mann-Whitney U test, with exact P values and specific n numbers (representing
biologically independent samples or individual cells) detailed in the respective figure
legends.

No statistical method was used to predetermine sample size. No data were excluded
from the analyses. The experiments were not randomized. The Investigators were not
blinded to allocation during experiments and outcome assessment.

Data Availability

All datasets analyzed in this paper are published datasets and available for pub-
lic download. The human dorsolateral prefrontal cortex data [11] used in this study
are available in the spatialLIBD database (http://spatial.libd.org/spatialLIBD). The
mouse brain (8 months) data [42] and mouse hippocampus data [43] used in this study
are available in the Single Cell Portal database under accession codes SCP1375 (https:
/ /singlecell.broadinstitute.org/single_cell /study /SCP1375) and SCP1830 (https://
singlecell.broadinstitute.org/single_cell /study /SCP1830). The serial mouse brain data
[44] used in this study are available in the Brain Image Library database (https://
doi.brainimagelibrary.org/doi/10.35077 /act-bag). The human metastatic lymph node
data [46] and mouse brain (Spatial CUT&Tag-RNA-seq) data [58] used in this
study are available in the GEO database under accession codes GSE251926 (https://
www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE251926) and GSE165217 (https:
//www.ncbi.nlm.nih.gov/geo/query/acc.cgi?’acc=GSE165217). The human breast
cancer data [4] used in this study are available in the 10x Genomics datasets database
(https://www.10xgenomics.com /resources/datasets). The whole mouse embryo data
[52] used in this study are available in the Spateo database (http://spateodata.
aristoteleo.com). The spatial multi-omics mouse brain data [56] used in this study
are available in the Single Cell Portal database under accession code SCP1835 (https:
/ /singlecell.broadinstitute.org/single_cell /study/SCP1835). The processed data gen-
erated in this study have been deposited in the Zenodo database (https://doi.org/10.
5281 /zenodo.18811760). Source data are provided with this paper.

Code Availability

The code for GEASO algorithm is implemented in Python and detailed tutorials are
freely available at https://github.com/xkmaxidian/GEASO [68]. The source code of
GEASO is released under the MIT License.
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Figure Legends

Figure 1. Overview of GEASO. A. Key challenges for aligning, stitching and
3D reconstructing of spatially resolved slices, including rigid transformation (scale,
rotation, and translation), non-rigid transformation (local deformation), partial over-
lapping, and large-scale dataset. B. GEASO consists of three modules, i.e., feature
learning, elastic registration and acceleration strategies, where the first procedure
learns consistent features of spots by integrating spatial and expression profile with
graph learning, elastic registration addresses both rigid and non-rigid transformation
of slices, and the acceleration module extends application of GEASO for large-scale
slices with low-rank approximation of matrices, voxel-based down-sampling and
Gaussian process interpolation. C. Typical applications of GEASO include pairwise
alignment and stitching of partially overlapping slices (left), slice-to-volume 3D recon-
struction and visualization of tissue architecture in 3D space (middle), and topology
analysis in 3D space (right).

Figure 2. Performance of algorithms on the alignment, stitching, and slice-
to-volume 3D reconstruction of spatial slices. A. Visualization of adjacent
mouse brain slices with different rotation angles, and alignment results obtained by
different algorithms with their PCC values, where spots in source slice are colored
in orange, and in target are colored in blue. B. Radar charts of CLC (left) and AAS
(right) of various algorithms for aligning mouse brain slices with different rotation
angles. C. Visualization of stitching of slices generated by STARmap with different
overlapping ratios and rotation angles, where spots in source slice are colored in
orange, and in target are colored in blue. D. Barplot of MAE (mean absolute error)
of various algorithms for stitching slices with under different rotation angles and
overlap ratios. E. Visualization of slice-to-volume 3D reconstruction and barplot of
MAE on mouse hemibrain slices sequenced using MERFISH. Data are presented as
mean values, with error bars indicate the 95% confidence intervals. Individual data
points are overlaid to show the data distribution (n = 128 biologically independent
pairwise alignments, derived from 129 sequential spatial slices). F. Visualization of
slice-to-volume 3D reconstruction and barplot of CLC on human lymph node slices
sequenced using OpenST. Data are presented as mean values, with error bars indicate
the 95% confidence intervals. Individual data points are overlaid to show the data
distribution (n = 18 biologically independent pairwise alignments, derived from 19
sequential spatial slices). G. Memory usage of different algorithms for slice alignment
by varying the number of cells. Source data are provided as a Source Data file.

Figure 3. Performance of GEASO for bridging different platforms with
various resolutions and genome coverage. A. Illustration of zones of H&E image
of breast cancer section covered by Xenium and Visium platforms. B. Visualization
of spatial distribution of cell types for Xenium and Visium slices. C. Visualization of
stitching results obtained by GEASO between two Xenium slices, where the region
surrounded by solid squares corresponds to DCIS. D. Spatial distribution of DCIS in
single Xenium slice and the stitched slice (top), and sub-networks of DCIS in each
graph of cells in various slices. E. Distribution of cells inside and outside of DCIS in



terms of degree (top) and closeness (bottom). For all boxplots, the center line repre-
sents the median, box limits represent the upper and lower quartiles (25th and 75th
percentiles), and the whiskers represent 1.5x the interquartile range. The sample
sizes n represent individual cells (n = 1,416 for Sample 1, n = 1,325 for Sample 2,
and n = 1,565 for the stitched sample). P values are calculated using the two-sided
Mann-Whitney U test. F. Illustration of overlapped region between the stitched
Xenium and Visium slice. G. Spatial distribution of cancer-marker gene ABCC11
in the Visium (top) and stitched Xenium slice (bottom). H. Spatial distribution of
different cell types in overlap region of Xenium slice (left), and the corresponding
bio-marker genes in Visium slice (middle), and imputed bio-marker genes in Xenium
slices (right). Source data are provided as a Source Data file.

Figure 4. GEASO tracks evolution of organs with slice-to-volume 3D
reconstruction. A. Visualization of serial slices of mouse embryo (left) and the
reconstructed 3D embryo by GEASO (right) at E9.5, where points correspond to
spots are colored by annotated spatial domains. B. Visualization of serial slices of
mouse embryo (left) and the reconstructed 3D embryo by GEASO (right) at E11.5.
C. Visualization of the reconstructed 3D embryo by baselines, and boxplots of CLC
scores obtained by different methods at E9.5 (left) and E11.5 (right). For all boxplots
in C, F, and G, the center line represents the median, box limits represent the upper
and lower quartiles (25th and 75th percentiles), and the whiskers represent 1.5x the
interquartile range. The sample sizes n represent biologically independent pairwise
alignments derived from sequential spatial slices (n = 89 pairs from 90 slices for
E9.5, n = 83 pairs from 84 slices for E11.5). P values are calculated using two-sided
Mann-Whitney U test. D. Visualization of 3D architecture of Heart and Liver (left),
and spatial distribution of bio-marker genes Myl7 and Afp at E9.5. E. Visualization
of 3D architecture of Heart and Liver (left), and spatial distribution of bio-marker
genes Myl7 and Afp at E11.5. F. Visualization of topology of Heart and Liver, and
boxplot showing the distribution of degrees of spots within the Heart and Liver at
E9.5. The sample sizes n represent individual spots (n = 49,461 spots for Heart,
n = 2,623 spots for Liver). P value is calculated using the two-sided Mann-Whitney
U test (P < 2.2 x 1072%6). G. Visualization of topology of Heart and Liver, and
boxplot showing the distribution of degrees of spots within the Heart and Liver at
E11.5. The sample sizes n represent individual spots (n = 108,060 spots for Heart,
n = 128,761 spots for Liver). P value is calculated using the two-sided Mann-Whitney
U test (P < 2.2 x 107226). H. Generation of pseudo-slices at custom directions from
reconstructed 3D architecture of mouse embryo. Source data are provided as a Source
Data file.

Figure 5. GEASO enables biomarker discovery across distinct organs. A.
Visualization of 3D architecture of mouse embryo reconstructed by GEASO, and the
spatial distribution of major organs within the 3D context. B. The anatomical atlas
of mouse brain (left) and the manually annotated 3D architecture of the brain (right).
C. The dotplot of differentially gene expression analysis for sub-structure of mouse
brain within 3D context. D. Spatial distribution of differentially expressed genes



(DEGS) across mouse brain sub-structures within 3D context. “Figure 5B” created in
BioRender. Wang, Y. (https://BioRender.com/3f66vm3) is licensed under CC BY 4.0.

Figure 6. GEASO also applicable to alignment of cross-modality slices. A.
Schematic workflow of GEASO for aligning two adjacent cross-modality STARmap
(RNA) and RIBOmap (protein) slices sequenced from mouse brain, where cells are
colored by annotated cell types. B. Spatial distribution of single-cell relative transla-
tion efficiency (scRTE) for cell-type-specific biomarkers in the RIBOmap slice. Cells
of the annotated cell type with available scRTE values are colored by scRTE levels,
while others are colored in gray, and the boxplots below compare the expression level
of corresponding marker genes between the STARmap and RIBOmap slices. For allbox
plots, the center line represents the median, box limits represent the upper and lower
quartiles (25th and 75th percentiles), and the whiskers represent 1.5x the interquar-
tile range. The sample sizes n represent individual cells (n = 8,849 STARmap cells
and n = 8,999 RIBOmap cells for Oligodendrocytes, n = 18,800 STARmap cells, and
n = 17,827 RIBOmap cells for Telencephalon interneurons). P values are calculated
using the two-sided Mann-Whitney U test (P < 2.2x 107220 for Fthi1, P < 2.2x 107226
for Mbp, P = 6.5x 10723 for Qdpr, P = 3.0x107 25 for Feflal, and P < 2.2x107225 for
Kif5a). C. Visualization of spatial position of RNA and H3K/me3 sequenced regions
within P22 juvenile mouse brain tissue. D. Visualization of spatial transcriptomics and
H3K4me3 slices, where spots are colored by annotated regions. E. The spatial distri-
butions of two regions before and after slice alignment. F. Confusion matrix of region
correspondences before and after slice alignment. Barplots on the axis represents the
counts of all regions. Source data are provided as a Source Data file.
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