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ABSTRACT
Spatially resolved transcriptomics (SRT) can profile contiguous tissue sections at near-cellular resolution. However, building

multi-slice maps remains difficult because each spot mixes multiple cell types and section-specific batch effects disrupt shared

structure. Most pipelines handle cell-type deconvolution, domain detection, and cross-section integration separately, cluster on

gene-level variance rather than cellular composition, and rely on post-hoc alignment that misplaces domain boundaries. To over-

come these limitations, we present FUSION, a fast, unified, spatial integration and cell-type composition method that leverages

single-cell RNA references to unify multiple tasks. FUSIONmodels sequencing read as arising from a latent topic that captures the

transcriptomic program of a reference cell type and aggregates read-level topic probabilities into spot-wise compositional embed-

dings. Clustering directly in this embedding space provides interpretable, composition–driven domains and aligns homogeneous

regions across slices. Through a computationally efficient inference scheme augmented with a distance-aware and sparse self-

attention kernel, FUSION minimizes runtime and maintains low memory usage. To align embeddings across sections without

erasing biological signal, the FUSION pipeline incorporates a Wasserstein GAN module. Across four datasets spanning 10x

Visium, ST, Slide-seq, and Stereo-seq, FUSION improves cell-type deconvolution, sharpens domain boundaries, and reconstructs

consistent multi-slice architectures, outperforming existing tools while scaling to larger studies.

1 | Introduction

In multicellular organisms, tissue function arises from the precise

spatial arrangement of diverse cell types, where cellular identity

and activity are tightly linked to their physical microenviron-

ment [1]. Spatially resolved transcriptomics (SRT) couples whole-

transcriptome sequencing with in situ coordinates to reveal how

diverse cell types are arranged and interact within intact tissues.

Imaging assays such as smFISH [2], MERFISH [3], and seqFISH

[4] achieve single-cell resolution for a limited gene panel, whereas

next-generation sequencing platforms, for example, 10x Visium

[5], Slide-seq [6, 7], DBiT-seq [8], and Stereo-seq [9], profile the

entire transcriptome but at a multi-cellular resolution. Recent
advances in multi-section protocols have extended the application
of SRT technologies into three dimensions by serially sampling
neighboring sections and digitally registering them in volumetric
maps [10, 11]. However, as each next-generation sequencing spot
is an aggregation of transcripts from a heterogeneous mixture of
cell types, the accurate interpretation of SRT requires cell-type
deconvolution to recover the underlying cellular composition
and spatial clustering to delineate the coherent tissue domains.
Multi-section SRT data further intensifies the analytical burden
due to the introduction of section-separable technical bias.
Consequently, constructing a faithful multi-section atlas demands
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a pipeline that performs cross-section deconvolution, domain
detection, and robust batch correction to harmonize expression
profiles across sections while preserving the biological structure.

Despite methodological advances, existing modular pipelines are
hamstrung by semantic drift, where each step learns its own latent
representations. Thereby, cell-type proportions, domain labels,
and batch-aligned embeddings live in incompatible spaces, mak-
ing it hard to propagate uncertainty or to enforce biological
consistency across tasks. In a typical workflow, the cellular com-
position of each multicellular spot is first inferred via the integra-
tion of SRT data with single-cell RNA-seq (scRNA-seq) atlases
[12–19]. Subsequently, the latent representation from deconvolu-
tion methods is discarded, and the spots are reprojected for
domain detection by primarily measuring gene expression simi-
larity [20–25]. In the end, batch-alignment tools have learn ano-
ther representation for harmonizing adjacent sections [10, 26].
Consequently, clustering in a representation decoupled from
cell-type composition often yields boundaries that misalign with
histological landmarks, splits mixed spots inconsistently across
sections, and undermines downstream analyses such as ligand–
receptor inference and trajectory inference [27, 28]. Yet modular
pipelines ignore this principle, and cluster spots purely according
to gene-level variance. When these tightly linked tasks are solved
in isolation, domain boundaries drift away from the underlying
cellular ecology, and batch correction no longer respects either
structure, leading to biologically inconsistent results.

In addition, scaling SRT analysis beyond a few adjacent sections
quickly overwhelms standard pipelines, as the computational
and memory footprint grows quadratically with spot size. As data
collection expands from single-slice to multi-section or subcellular-
resolution profiles [9], spatial graph construction rapidly becomes
intractable, with pairwise distances and memory requirements
exceeding commodity GPU capacity. Contemporary pipelines typi-
cally start analyzing multi-section SRT data with reference-based
deconvolution, followed by spatial clustering and batch correction
[10, 26], but they require either per-section processing [12] or a uni-
fied spatial graph across slices [13, 20], making cross-section align-
ment computationally costly. In practice, these multiplicative costs
translate into tens of gigabytes of GPU memory and multi-hour
runtimes, even for mid-sized (8–12 slices with around 4 000 spots
in each slice) studies [29, 30]. This effectively caps the capacity of
existing pipelines at a handful of sections or forces the use of
aggressive down-sampling, which sacrifices biological resolution.

To address the challenges associated with analyzing multi-
section SRT data and overcome the drawbacks of existing compu-
tational methods, we developed Fast,Unified, Spatial Integration
and cell-type cOmpositioN (FUSION), an efficient method that
combines spatially informed clustering, batch integration, and
cell-type deconvolution for multi-section SRT data analysis.
FUSION models each sequencing read as drawn from a latent
topic, which captures the transcriptomic program of a reference
cell type. Aggregating the read-level topic probabilities for
each spot serves as a cell-type compositional embedding whose
softmax normalization yields cell-type proportions. Uniquely,
FUSION undertakes interpretable domain detection by cluster-
ing spots in the embedding space. By matching these shared
embedding signatures, FUSION seamlessly aligns multi-section
datasets to yield anatomically coherent domains, without
depending solely on transcriptomic similarity. The use of a black-

box variational inference algorithm [31] is proposed that propa-
gates neighborhood information through a sparse attention ker-
nel with stochastic mini-gene batch gradient updates, keeping
FUSION fast and memory-lean for multi-section SRT datasets.
A lightweight Wasserstein GAN [32] further harmonizes section-
specific embeddings with minimum signal erasing. We dem-
onstrate the versatility of FUSION using four published spatial
transcriptomics (ST) datasets, including the human dorsolateral
prefrontal cortex (DLPFC) dataset from 10x Visium, ST data for
twelve human squamous cell carcinoma (SCC) slides, two mouse
olfactory bulb (MOB) Stereo-seq and Slide-seq slices, and a
mouse embryo Stereo-seq dataset from eight time points.

2 | Results

2.1 | Overview of FUSION

FUSION utilizes spot-by-gene expression matrices, spatial coordi-
nates across multiple sections, and scRNA-seq reference profiles to
regularize cell type assignments. By casting multi-section SRT
counts as a hierarchical topic model that couples cell–typemixtures
with the coarse tissue architecture, FUSION extracts spot-separable
cell-type compositional embeddings, enabling reference-informed
cell-type deconvolution and spatial domain detection (Figure 1a).
For spatial spot i of section k, FUSION treats the observed exp-
ression xki = xki1, : : : , xkiPð Þ⊤ of P genes as the sum of itsWki single-
molecule reads (unique molecular identifiers, UMIs): xki =PWki

d xkid, where each xkid is a one-hot indicator (xkidp= 1 if the
d-th UMI maps to gene p). FUSION assumes every UMI xkid is
drawn from a latent topic tkid that corresponds to the gene program
of a reference cell type. The choice of topic is modulated by a spot-
level domain label cki that captures the coarse tissue architecture
shared across sections. Thus, summing the topic probability vector
θkip (topic probability when observing a UMI map to gene p) over
all UMIs produces a cell-type compositional embedding rki for each
spot, and its softmax normalization yields spot-separable propor-
tions pki. As certain cell types may have a spatial preference for
specific tissue compartments across sections, FUSION uniquely
maps the embeddings rki to a shared latent domain space via neural
networks, assigning domain labels cki by capturing the cell type
resemblance within neighboring microenvironments [33, 34].
Consequently, the resulting domain boundaries track the hetero-
geneity in cell-type mixtures rather than mere transcriptional
variance.

FUSION tackles the computational bottlenecks of multi-section
SRT through an efficient black-box variational scheme that oper-
ates by mini-batching across genes and has a sparse attention
mechanism. At every gradient step, FUSION draws a small set
of genes and updates only the corresponding topic probabilities,
making the computation cost scale linearly with subset size,
while the updates remain unbiased because the model factorizes
independently across genes. Spatial information is propagated
through a k-nearest sparse-attention operator whose cost scales
linearly with the number of spots. These two design choices keep
memory use and runtime low enough to process the whole-
transcriptome SRT dataset frommultiple sections. Training alter-
nates between updating the topic probabilities, as guided by
scRNA-seq reference profiles, and refining the spot-separable
domain labels with a graph Laplacian regularizer to enforce
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spatial smoothness. To erase section-specific artifacts, FUSION
applies a lightweight Wasserstein generative adversarial network
(WGAN) that aligns the compositional embeddings of each sec-
tion to a reference section, producing a batch-corrected latent
space with negligible extra computation costs. Because the same
compositional embeddings underpin deconvolution, domain det-
ection, and batch alignment, FUSION unifies these three tasks in
a single latent space. A reference-free variant of FUSIONwas also
developed to provide a similar workflow suitable for when
scRNA-seq data are unavailable.

2.2 | Validation Using Simulated Data

We designed two semi-synthetic benchmarks to test accuracy and
efficiency for multi-slice SRT integration. Briefly, Scenario 1
draws on a mouse-intestine scRNA-seq reference to generate spa-
tial spots with known cell-type mixtures and domain structure,
allowing controlled assessment of domain recovery. Scenario 2 is
derived from a mouse embryo (E16.5) SRT atlas [9] by sampling
spots from distinct organs and introducing section-specific per-
turbations to emulate batch effects and realistic scale. In both

(a)

FIGURE 1 | (a) FUSION offers a fast, unified, and interpretable framework for multi-section spatial transcriptomics. It ingests raw UMI counts from

multiple tissue sections, per-spot coordinates, and a cell-type–annotated scRNA-seq reference that defines cell-type-specific gene signatures. FUSION directly

models each read as originating from a latent topic that captures the transcriptomic program of a reference cell type.Within each spot, a latent spatial domain

label is passed through a neural net to sample topics, thereby coupling cellular identity to anatomical context. Aggregating the read-level topic probabilities

for each spot forms cell-type compositional embeddings whose softmax-normalization yields quantitative cell-type proportions. Uniquely, FUSION infers

domain labels directly from these embeddings with spatial coherence enforced by a distance-aware self-attention kernel and graph regularization, resulting in

anatomically coherent, readily interpretable domain detection. All latent probabilities are updated by a black-box variational-inference scheme that operates

on mini-batching over genes and sparse attention, keeping memory usage low and making runtime scale almost linearly with the number of reads. A

lightweight Wasserstein GAN simultaneously aligns slice-specific embeddings into a common latent space, removing batch effects without erasing biological

signal. The unified inference therefore delivers spot-level deconvolution, consistent cross-slice domains, and a batch-corrected 3D tissue map in a single

computational pass. (b) Schematic illustration of the two simulation scenarios. The scRNA-seq-derived scenario involved sampling 50 to 160 spots per topic

from five cell types across 10 spatial topics to generate three synthetic slices, each containing 900 spots, and applyingmultiplicative noise at low, medium, and

high levels. The scenario derived from real spatial transcriptomics data involved sampling 500 spots to generate a single synthetic slice. For both, three tiers of

batch effect strength were applied: Low (0.8−1.2x drift), Medium (0.6−1.4x drift), and High (0.4−1.6x drift). The distribution of ARI values and computational

runtime (seconds, log-scale) across 20 independent replicates is shown for each method.
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scenarios, we created multiple slices under low/medium/high
batch-effect settings and compared FUSION against eight state-
of-the-art baselines (IRIS [35], BASS [22], BayesSpace [21],
SpaGCN [23], SEDR [24], GraphST [20], STAGATE [25], and
STitch3D [13]). The simulation details are provided in the
“Experimental Section”.

To benchmark domain recovery and efficiency, we report
Adjusted Rand Index (ARI) and wall-clock runtime on a log scale
for Scenario 1 (left) and Scenario 2 (right) under low/medium/
high batch settings (Figure 1b). Across these conditions, FUSION
consistently demonstrated superior accuracy, attaining at least a
moderate advantage over all other methods. In Scenario 1,
FUSION achieved median ARIs of 0.77, 0.74, and 0.73 under
low/medium/high batch effects, outperforming the next best
method (SpaGCN: 0.68, 0.67, 0.69). In addition, FUSION also
exhibited competitive runtimes, being among the fastest methods
across the benchmarks. Averaging the medians across the three
different batch settings, FUSION finished in 90.6 seconds, with a
96.0% runtime reduction compared with BASS, GraphST, SEDR,
and Stitch3D (2−133 to 2−470 seconds). In Scenario 2, FUSION
led in accuracy (median ARIs= 0.66, 0.59, 0.60), surpassing BASS
at low noise (median ARI= 0.63), GraphST at medium (median
ARI= 0.58), and BASS at high (median ARI= 0.58). Notably, its
accuracy remained around 0.6 even under high noise, while run-
ning in a median of 171 to 178 seconds. These simulations indi-
cate that FUSION delivers strong and batch-resilient domain
discovery in both controlled and realistically complex settings
for multiple slices, with markedly lower computational cost.

2.3 | Application in Human DLPFC Visium Data
Analysis

We applied FUSION to the analysis of 12 human DLPFC 10x
Visium slices from three donors [27]. Each slice contains manu-
ally annotated cortical layers (L1–L6 and white matter) with
33 538 gene expression measurements among a median of
3 844 spots. To evaluate FUSION’s performance in cell-type dec-
onvolution, scRNA-seq data from a 10x Chromium analysis of
the post-mortem brain tissue [36] were used as reference, cover-
ing 44 cell types. We jointly analyzed all 12 integrated slices and

compared FUSION against eight state-of-the-art methods [13,
16, 21–25, 35]. Across all slices from different donors, the inferred
spatial domains accurately depicted the expected laminar archi-
tecture, as evidenced by their sharp alignment with the ground-
truth cortical boundaries (Figure 2a; Figure S1–S3). Furthermore,
the cell-type compositions inferred by FUSION recapitulated the
expected laminar architecture of the DLPFC, with oligodendro-
cyte lineage cells predominating in white matter (Domain 1) and
Layer 6 (Domain 2), typical of regions rich in myelinated axons
and subcortical projections [37] (Figure 2a, d). Cortical Layers 1
and 2 (Domains 7 and 6) exhibited elevated astrocyte propor-
tions, consistent with their role in synaptic modulation and neu-
rovascular coupling within superficial cortical layers [38]. By
contrast, BayesSpace and CARD showed a blurry boundary
between superficial Layer 2 and Layer 3, while SEDR and
STAGATE misaligned Layer 1 and 2. IRIS and IRIS-free were
unable to identify the white matter region and could barely align
Layer 3 in slice 151669. Furthermore, BASS and SpaGCN showed
Layer 6 of slices 151669 and 151673 as fragmented and corti-
cal, while CARD, SpaGCN, and SEDR collapsed Layers 2–4, dis-
playing limited multi-section analysis capability. Quantitatively,
the domains from FUSION aligned best with the ground-truth
partitions (ARI= 0.64± 0.09 across 12 integrated slices), surpass-
ing the performance of the reference-based IRIS (ARI= 0.55±
0.10), reference-free BASS (ARI= 0.50± 0.06), and IRIS-free
(ARI= 0.43± 0.11) (Figure 2b). FUSION was especially accurate
for Donor 1 (mean ARI= 0.70± 0.03), and both FUSION and
FUSION-free excelled in the analysis of Donor 2 (mean ARI=
0.71 ± 0.05 and 0.58± 0.03). FUSION completed its joint analysis
of all 12 sections in 834 seconds, outperforming most of the com-
peting methods, whereas SEDR and BASS required more than 2 h
with identical hardware.

To evaluate the batch effect correction, we focused on three
non-contiguous DLPFC slices 151507, 151669, and 151673 from dif-
ferent donors, providing a stringent test of cross-section harmoni-
zation. We visualized the UMAP of inferred compositional
embeddings (Figure 2c; Figure S4–S7). The RGB plots for FUSION
showed that spots from different slices were well mixed, and
there was coherent separation between the identified cortical seg-
ments. By contrast, PCA and the benchmark methods resulted in
pronounced section-specific clustering and fragmented spatial

(b)

FIGURE 1 | Continued.
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organization, confirming the presence of residual batch effects and
poor integration. We next quantified the cross-section harmoniza-
tion using two Local Inverse Simpson’s Index (LISI) metrics: iLISI
(higher indicates better batch mixing) and cLISI (lower indicates
better conservation of biological structure). Across the three repre-
sentative slices, FUSION achieved the highest iLISI (2.35) and
highest ARI (0.59), while attaining the second-lowest cLISI

(1.34) for domain separation (Figure 2e). These results indicated
that WGAN-aligned embeddings homogenized the batch effects
while preserving biologically meaningful heterogeneity between
domains.

We performed differentially expressed (DE) gene analysis of the
identified spatial domains in slices 151507 and 151673. The
domain-specific DE genes aligned with known cortical biology

(a)

(d)

(f)

(b)

(e)

(c)

FIGURE 2 | (a) Spatial domain maps are shown for three representative DLPFC slices (151507, 151699, 151673), taken from a joint 12-slice analysis,

comparing the manual neuro-anatomical annotations with the segmentations produced by FUSION, BayesSpace, IRIS, BASS, CARD, SpaGCN, SEDR,

IRIS-free, STAGATE, and Stitch3D. (b) Top panels: Box and bar plots summarizing ARI scores and running time of benchmarking methods for all 12

DLPFC slices; Bottom panels: Box plots summarizing ARI scores for two subsets of consecutive slices (151507–151510) and (151699–151672),

showing ARI values for all slices and the mean ARI value, achieved by each method. (c) Two-dimensional UMAP of FUSION’s batch-aligned composi-

tional embedding colored by slice and by inferred spatial domain, with inset UMAPs from Stitch3D, SEDR, and STAGATE for visual comparison.

(d) Bubble plots showing the average cell-type composition of each FUSION domain in three DLPFC slices (151507, 151669, 151673); bubble radius encodes

proportion and color distinguishes slices. (e) Batch-integration performance on slices 151507, 151699, and 151673 across competing methods, summarized

by stacked-bar charts of iLISI and cLISI and a line plot of cross-slice ARI. (f ) Layer-resolved strip plots of canonical marker genes (MBP, HPCAL1, PLP1,

ENC1) for slices 151673 and 151510, each with reproducedmarker gradient across sections. Arrow length denotes mean normalized expression within each

cortical layer and white matter. (g) Stacked heatmaps showing the FUSION-inferred proportion of oligodendrocytes across six DLPFC sections, revealing

the continuous white-matter band in 3-D space. (h) Construction of two meta-genes: spatial expression patterns of canonical markers

(MBP+ PLP1 – PTGDS, top row; MBP + PLP1 – SYT1, bottom row) and their resulting meta-gene maps, colored by normalized expression level.
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features (Figure 2f ), that is, MBP and PLP1, which are canonical
markers of the myelinating oligodendrocytes prolific in white
matter (Domain 1) [39]; and HPCAL1 and ENC1, the expression
of which is enriched in upper Layer 2/3 excitatory neurons [27].
The spatial proportions of oligodendrocytes inferred by FUSION
strongly correlated with the regions of white matter across sec-
tions, confirming their biological role in myelination (Figure 2g).

To further dissect domain-specific transcriptional activities, we
constructed meta-genes combining the expression of key marker
genes (Figure 2h). For the white matter region of slice 151507,
the meta-gene of MBP, PLP1, and PTGDS outperformed MBP
alone in white-matter-specificity by suppressing the influence
of PTGDS, which is expressed in meningeal and subpial astro-
cytes. Similarly, the meta-gene in slice 151673 excluded SYT1,
which encodes a synaptic vesicle protein abundant in gray mat-
ter, to sharpen the distinction between white and gray matter. As
such, the results showed that FUSION successfully characterized
the spatial landscape and revealed the cellular structure of the
human DLPFC sections.

2.4 | Application in Human SCC ST Data Analysis

We further analyzed human SCC ST data, comprising 12 tissue sli-
ces from four patients, each with a median of 629 spots [40]. Using
scRNA-seq reference data from the same study, FUSION resolved
the spatial and cellular heterogeneity across the slices. In an analy-
sis of serial slices from each patient, FUSION inferred cohesive
spatial domains with high intra-domain transcriptional consis-
tency, whereas the competing methods yielded fragmented clusters
and anomalous spot assignments that disrupted the overall domain
continuity (Figure 3a; Figure S8–S15). The batch-corrected compo-
sitional embeddings likewise exhibited superior integration across
sections while preserving domain specificity (Figure 3b). UMAP
visualization revealed a tight mixing of intra-patient spots, demon-
strating effective batch correction, whereas the embeddings from
the competing methods exhibited either pronounced section-
specific clustering or a failure to reconstruct cohesive spatial dom-
ain hierarchies in the embedding space (Figure S16–S18). We
quantified the compactness and separation of the UMAP embed-
dings across different sections via iLISI and cLISI. Across the four
patients, FUSION achieved strong cross-section harmonization
(mean iLISI= 2.49), while keeping domains well separated (mean
cLISI= 1.57) (Figure 3c). Stitch3D showed the highest iLISI (mean

iLISI= 2.71) but at the cost of weaker structure preservation (mean
cLISI= 1.73). Relative to other methods, FUSION consistently
combines strong cross-slice mixingwith low cLISI, yielding the best
overall balance between batch removal and biological domain
conservation.

We then compared the spatial domains of each method using a
silver-standard mask of histologist-defined tumor versus non-
tumor regions in slice P2_ST_rep2 [35] (Figure 3d). We anno-
tated each detected domain as tumor or non-tumor via DE-based
correlation with curated tumor and stromal gene sets. FUSION
split the tumor region into four subregions (Domains 1, 6, 10, and
11) that aligned with histological leading edges (ARI= 0.67). In
contrast, all other candidate methods failed to separate the
immune-infiltrated margins from the tumor edges (Figure 3e;
Figure S19). BayesSpace produced relatively fragmented domain
segmentations. BASS, IRIS, and STAGATE generated over-
smoothed tumor boundaries that were misaligned with the inva-
sive front, while the domains of Stitch3D extended beyond the
histological margins, conflating the stromal and tumor microen-
vironments. Additionally, gene set enrichment analysis (GSEA)
of the FUSION-defined domains revealed them to have spatially
polarized PI3K-Akt signaling (Figure 3f ). The non-tumor stromal
regions (Domain 4) showed significant PI3K-Akt pathway acti-
vation (normalized enrichment score NES= 2.162, P-adj<
0.001), consistent with tumor-adjacent stromal remodeling and
immune crosstalk [41]. In contrast, Domain 6 (tumor core)
showed significant negative pathway enrichment (NES=−
1.808). This suppression of PI3K-Akt activity in the tumor core
aligns with prior reports of pathway downregulation in densely
packed tumor regions due to metabolic stress or compensatory
feedback mechanisms [42]. The dichotomous pathway activity
of these domains underscores FUSION’s ability to reveal biologi-
cally plausible microenvironmental heterogeneity [43].

In addition, FUSION reconstructed spatially complementary
tumor-versus-immune distributions across all slices (Figure 3g;
Figure S20). In slice P2_ST_rep2, proliferative tumor cells (Tumor_
KC_Basal) were precisely localized at invasive fronts (Domain 10),
while differentiated tumor cells (Tumor_KC_Diff ) predominated
in the tumor core (Domains 6 and 9). Cycling tumor cells (Tumor_
KC_Cyc) were spatially proximal to NK cells, suggesting the prese-
nce of active immune-mediated tumor surveillance. T cells, B cells,
and NK cells were markedly enriched within stromal regions
(Domains 4, 5, and 7), where they formed spatial patterns

(g) (h)

FIGURE 2 | Continued.
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(a)

(b)

(f)

(e)

(g)

(c) (d)

FIGURE 3 | (a) Spatial domain maps for three SCC Spatial-Transcriptomics slides (P2_ST_rep2, P5_ST_rep3, and P10_ST_rep1) generated by

FUSION, FUSION-free, BayesSpace, IRIS, BASS, CARD, SpaGCN, SEDR, STAGATE, and Stitch3D; colors indicate the inferred spatial domains.

(b) UMAP visualizations of the FUSION compositional embedding for four SCC patients (P2, P5, P9, P10): points colored by slide identity (left)

and by FUSION-inferred spatial domain (right); inset panels display the corresponding embeddings returned by Stitch3D, SEDR, and STAGATE

for the same four slides. (c) Bar plot of iLISI and cLISI scores measuring batch integration quality for patients P2, P5, P9, and P10, reported for each

benchmark method. (d) Top panel: Hematoxylin-and-eosin section of slice P2_ST_rep2 displaying tumor leading edges and the corresponding ground-

truth mask separating tumor (red) from non-tumor (blue) tissue; Bottom panel: Bar plot of ARI scores that compare each method’s tumor / non-tumor

mask in (e) to the manual ground-truth mask. (e). Tumor / non-tumor maps produced by each algorithm after assigning its inferred domains to one of

the two classes using domain-specific DEGs. (f ) Gene-set enrichment plots for the PI3K–Akt signaling pathway in Domains 4 and 6; the green curve

gives the running enrichment score, with the corresponding NES, nominal p-value and FDR shown in each panel. (g) Stacked heatmaps of FUSION-

estimated tumor-versus-immune cell-type proportions for SCC patient 2, displayed in serial-section order to visualize through-slice consistency.
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complementary to tumor-dominated areas [44]. In comparison, the
competing methods were unable to clearly separate immune-
infiltrated margins from tumor edges and failed to characterize the
intricate cellular heterogeneity within these representative slices.

2.5 | Application in Mouse Olfactory Bulb
Stereo-Seq and Slide-Seq Data Analysis

To assess the cross-platform integration capability of FUSION, we
analyzed pairedMOB ST datasets from the Slide-seq and Stereo-seq
platforms. These datasets capture the layered architecture of the
MOB [45], including the olfactory nerve layer (ONL), rostral migra-
tory stream (RMS), glomerular layer (GL), external plexiform layer
(EPL), mitral cell layer (MCL), internal plexiform layer (IPL), and
granule cell layer (GCL). Using the 10x Chromium scRNA-seq data
from the same tissue as the reference [46], FUSION resolved all
seven MOB layers on each platform separately with fine-grained
precision, yielding coherent boundaries and the delineation of
the subtle dorsomedial-to-ventrolateral sublayers between the GL
and EPL [47] (Figure 4a). Cross-platform integration by FUSION
further revealed spatially aligned domains consistent with known
histological layers (Figure 4b). FUSION successfully reconstructed
a distinct MCL (Domain 6) sandwiched between the GCL (Domain
1) and GL (Domain 4) in the joint analysis, preserving cross-
platform consistency. In contrast, BayesSpace produced highly
fragmented domains with blurred layer boundaries, while IRIS
and STAGATE severely over-smoothed the spatial structures, col-
lapsing the distinct layers of GCL into broader regions. BASS,
CARD, and STAGATE yielded platform-specific domain labels,
indicating substantial batch effects. SpaGCN and SEDR failed to
separate the GCL from the neighboring IPL, and Stitch3D could
not align the two platforms due to coordinate mismatching.

FUSION’s inferred cell-type compositions recapitulated the MOB
laminar architecture (Figure 4c), with granule cells (GC 1–6)
localized to the GCL (Domain 1) and mitral/tufted cells (M-
TC) concentrated in the MCL (Domain 6). These compositions
showed strong cross-platform agreement based on the high cor-
relations among the cell-type proportions across shared domains
(Figure S21) and close alignments between the inferred PGC pro-
portions in the GL-associated domains and the GC proportions in
the GCL (Figure 4d; Figure S21). FUSION’s batch-corrected cell-
type compositional embeddings further revealed the seamless
integration of Slide-seq and Stereo-seq spots in the UMAP space,
with well-mixed, yet clearly clustered, spatial spots (Figure 4e).
In contrast, embeddings from competing methods retained the
platform-specific clustering, even after batch effect correction
[26], reflecting their unresolved technical variability (Figure S22,
S23). Quantitatively, FUSION achieved the strongest cross-
platform integration (iLISI = 1.71) while preserving biological
specificity (cLISI= 1.49) (Figure 4f ). In contrast, applying
Harmony to other methods typically raised iLISI by 40% but typ-
ically at the cost of 30% higher cLISI, indicating loss of structure.
The WGAN-based alignment of FUSION achieved the best bal-
ance between section mixing and structure preservation.

DE analysis of the two datasets (Figure 4g) further confirmed the
expression of domain-specific marker genes of the olfactory bulb,
that is, MBP for myelinating oligodendrocytes [48] (DE genes of
Domain 1), CCK for neurotransmission [49] (DE genes of
Domain 4), and AUTS2 for neurodevelopmental processes [50]

(DE genes of Domain 2). The expression of these genes aligned
with their role in axonal insulation and exhibited concordant
spatial enrichment patterns in data from both Slide-seq and
Stereo-seq platforms. Furthermore, we revealed cross-platform
consistency in pathway enrichment via GSEA (Figure 4h).
Domain 2 exhibited the activation of lipid-centric pathways
(PPAR signaling, arachidonic acid metabolism) in both the
Slide-seq and Stereo-seq slices, aligning with the metabolic
demands of olfactory signal processing [51]. Domain 8 showed
robust cross-platform enrichment for PPAR signaling and lipid
metabolism (unsaturated fatty acid biosynthesis in Stereo-seq),
consistent with GCs’ reliance on lipid homeostasis for inhibitory
neurotransmission [52, 53]. The coherence of these pathways
with layer-resolved functions demonstrates the ability of
FUSION to harmonize cross-platform SRT data while preserving
the domain-specific biology.

2.6 | Application in Mouse Embryogenesis
Stereo-Seq Data Analysis

To rigorously evaluate FUSION’s capacity for large-scale cross-
temporal integration, we analyzed comprehensive Stereo-seq ST
data encompassing over 540 000 spots across eight developmental
stages (E9.5–E16.5) of mouse embryogenesis [9], a subcellular-
resolution dataset that poses formidable computational demands.
Using Mus musculus single-cell atlas data [54] as reference,
FUSION accurately recovered the spatial layout of key embryonic
structures, including the liver, brain and spinal cord, heart, and
choroid plexus across all stages. The inferred domains aligned
closely with the tissues annotations, in terms of both shape and
relative position, and faithfully reflected the morphogenetic
changes seen over developmental time (Figure 5a). The cell-type
distributions inferred by FUSION allowed the delineation of coher-
ent developmental trajectories for major organ systems, including
the liver parenchyma, neural tube-derived structures (brain and
spinal cord), meningeal layers, and cardiac tissues. FUSION cap-
tured the spatiotemporal expansion dynamics of organ-specific cell
populations, such as intestinal epithelium precursors, differentiat-
ing neuronal subtypes, adipogenic mesenchymal stem cells, and
vascular endothelial networks, all of which exhibited progressive
territorial expansion from E9.5 to E16.5. These reconstructions
showed striking consistency with established histogenesis princi-
ples [55–58] and accurately recapitulated both the timing of emer-
gence and spatial positioning of developing anatomical structures
(Figure 5b; Figure S24). Notably, FUSION revealed coordinated
cell-proportion shifts during organ maturation, in which there
was a decrease in hematopoietic lineage cell populations (late
pro-B cells and B cells) concomitant with an increase in neuron
density in Domain 5 (developing forebrain) and expansion in mye-
loid populations in Domain 18 (cardiac tissue) (Figure 5c). These
dynamics align precisely with murine developmental programs, in
which neural tissue undergoes diversification while cardiac imm-
une niches are populated by tissue-resident macrophages [59, 60].

The cell-type compositional embeddings generated by FUSION
demonstrated continuous temporal progression across the ana-
tomical domains in PCA space, revealing pseudotemporal trajec-
tories that reflected unbroken developmental continuity between
stages (Figure 5d). This embedding structure preserved both
organ-specific clustering and transitional intermediates between
timepoints. Quantitative correlation analysis further confirmed
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that there were exceptionally high positive associations in cell-
type proportion covariation across the developmental timepoints
and spatial domains, with the highest concordance observed

among stroma-associated lineages, for example, endothelial cells,
fibroblasts, adipose mesenchymal stem cells, and large intestinal
epithelium, indicating the conserved developmental programs at

(a) (b)

(c)
(e)

(g)(d)

FIGURE 4 | (a) Layer-resolved spatial domain maps for a Slide-seq mouse olfactory-bulb section and a matched Stereo-seq section generated by

FUSION on each slice independently with annotated canonical layers—olfactory nerve layer (ONL), rostral migratory stream (RMS), glomerular layer

(GL), external plexiform layer (EPL), mitral cell layer (MCL), internal plexiform layer (IPL), and granule cell layer (GCL). (b) Cross-platform domain

maps for the two MOB sections obtained from a joint slice analysis with FUSION and seven benchmark methods: BayesSpace, IRIS, BASS, CARD,

SpaGCN, SEDR, and STAGATE. (c) Bubble plots of average cell-type composition for each FUSION domain in the Slide-seq MOB section and the

matched Stereo-seq section; bubble size encodes the mean proportion of the indicated cell type within the domain. (d) Heatmaps of FUSION-inferred

cell-type proportions for periglomerular cells (PGC, left) and granule cells (GC, right) in the Slide-seq slice and the Stereo-seq slice. (e)UMAP plots of the

FUSION compositional embedding colored by spatial domains and by platform, alongside embeddings produced by PCA, SEDR, and STAGATE with

Harmony correction for comparison. (f ) iLISI and cLISI scores for batch integration of the Slide-seq and Stereo-seq MOB slices, shown for each bench-

mark method with (dark shading) and without (light shading) an additional Harmony correction. (g) Spatial heatmaps of normalized expression level of

four representative marker genes:MBP, CCK, AUTS2, and KCTD12, displayed for the Slide-seq MOB slice and the matched Stereo-seq slice. (h) Bar plots

of KEGG pathways significantly enriched in cross-platform Domain 2 and Domain 8; red bars indicate pathways up-regulated in Slide-seq, blue bars

those up-regulated in Stereo-seq slices.
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play in these populations (Figure 5e). To assess cross-platform
consistency, we applied FUSION to the E16.5 Stereo-seq and
Visium [5] mouse embryo slice data, and we observed highly con-
cordant cell-type maps for fibroblasts, myeloid cells, and neurons
(Figure 5f ). Fibroblasts delineated broad mesenchymal layers

along the body wall and craniofacial/limb regions, myeloid cells
were localized to hematopoietic niches in the fetal liver and
spleen primordia, and neurons sharply outlined the brain and
spinal cord. Despite differences in resolution and sectioning
plane, anatomically consistent distributions appeared in the data

(h)(f)

FIGURE 4 | Continued.

(a)

(b)

FIGURE 5 | (a) Comprehensive pathological annotations (45 anatomical regions) of mouse embryos from E9.5 to E16.5 alongside multi-section

spatial domain detection results generated by FUSION. (b) Isolated views of four domains closest to key anatomical structures (liver, brain and spinal

cord, meninges, and heart), with corresponding temporal proportion profiles of associated cell types (epithelial cell of large intestine, neuron, mesen-

chymal stem cell of adipose, and endothelial cell) across E9.5 to E16.5. (c) Developmental kinetics of five cell types across developmental stages in two

FUSION domains from the mouse embryo Stereo-seq series. Stacked bars show the relative abundance of late pro-B cell, B cell, leukocyte, neuron,

myeloid cell within Domain 5 (top panel) and Domain 18 (bottom panel) at embryonic days E9.5–E16.5; percentages printed on the first and last bars

highlight the temporal shift in dominant cell types. (d) Time-lapse trajectories of FUSION’s embeddings across mouse-embryo development.

Compositional embeddings for every spot from stages E9.5 – E16.5 are projected onto the first two principal-component (PC) axes; points are colored

by embryonic stage and grouped by the spatial domains identified by FUSION. Thin arrows trace the centroid of each domain through developmental

time, revealing domain-specific maturation paths in cell-type composition. (e) Pair-wise Pearson correlation matrix of estimated cell-type proportions

across the mouse embryo dataset, revealing coordinated abundance patterns among the inferred cell types. (f ) Method validation with Visium data

comparing with mouse embryo E16.5 in fibroblast, myeloid cell, and neuron.
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from both platforms, providing mutual validation of the decon-
volution results and highlighting the robustness of FUSION in
integrating and interpreting spatial data across technologies.

3 | Discussion

Spatially resolved transcriptomics is rapidly being applied tomulti-
section, multi-platform profiling, yet most pipelines still tackle
cell-type deconvolution, spatial clustering, and batch correction
in isolation. We thus designed FUSION to be a deep probabilistic
model that unifies these three tasks for multi-section SRT data in
one framework. By modeling gene counts as mixtures of cell-type–
specific topics, FUSION derives interpretable, spot-separable emb-
eddings that capture the compositional heterogeneity and align
with the tissue microanatomy. Unlike existing methods, FUSION
explicitly integrates spatial cohesion through distance-aware self-
attention and graph Laplacian regularization, while harmonizing
multiple sections through a WGAN to mitigate batch effects with-
out sacrificing biological specificity. In comprehensive bench-
marking with four public SRT datasets, FUSION demonstrated
superior performance in resolving spatially coherent domains
and harmonizing multi-section data, outperforming state-of-the-
art tools in various criteria. FUSION can also reveal biologically
meaningful cell-type distributions, such as the immune-tumor
spatial complementarity in SCC, and uncover pathway polariza-
tions aligned with histological functions.

A distinctive feature of FUSION is that it treats the cell-type com-
position as the organizing signal for domain discovery. Unlike
approaches that rely on static marker gene lists or external refer-
ences, FUSION dynamically infers cell-type-specific transcriptional
topics and clusters directly within the resulting embedding space,
automatically reconciling domain boundaries with cellular content
and avoiding the over-smoothing of layers or fragmented clustering
associated with transcription-only approaches. Computationally,

FUSION is engineered for speed and memory efficiency. Its
mini-gene black-box variational scheme touches only a small frac-
tion of genes per update, so the computational cost scales with the
mini-batch size, rather than with the full transcriptome. The cost of
the k-nearest sparse-attention kernel grows linearly with the num-
ber of spots, enabling whole-transcriptome training across a multi-
section SRT dataset. This scalability was critical for analyzing the
mouse embryo Stereo-seq atlas, which spans eight developmental
stages and over 540 000 spatial spots. FUSION efficiently handled
the more than 20-fold increase in spot count from the early (E9.5)
to late (E16.5) stages, and its formulation accommodated the
spatial discontinuities caused by morphogenetic transformations.
Together, these efficiencies enabled FUSION to integrate complex
spatiotemporal data that exceeded the computational limits of
existing pipelines.

While FUSION represents a significant advancement in multi-
section spatial transcriptomic analysis, there are several challenges
remaining that warrant further investigation. First, FUSION cur-
rently assumes there is a consistent resolution across sections,
but emerging sequencing technologies are increasingly producing
multi-resolution datasets, where subcellular and multicellular
measurements coexist within or across tissue sections. Though
FUSION demonstrated a promising cross-platform-harmoniza-
tion ability in its analysis of Stereo-seq and Slide-seqMOB datasets,
its graph-based spatial regularization may struggle in hybrid-
resolution settings, potentially blurring critical nanoscale tissue fea-
tures. Second, FUSION’s adversarial harmonization framework
maps the embeddings of all sections to a single anchor section,
which risks overfitting to the anchor’s technical artifacts or biolog-
ical idiosyncrasies. A more robust method would involve mutual
alignments via the iterative harmonization of all sections against
a dynamically learned consensus embedding, rather than a static
anchor. However, our current implementation prioritizes compu-
tational tractability and scalability in large datasets. Potential
improvements to mitigate this limitation include adopting cycle-

(c) (d)

(e) (f)

FIGURE 5 | Continued.
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consistent adversarial networks or optimal transport-based multi-
reference frameworks. Furthermore, the performance of FUSION
can be sensitive to hyperparameters such as topic number, adja-
cency radius, and balancing weights. Developing automatic
model-selection criteria and more stable optimization schedules
would make the framework easier to deploy for non-specialists.
Taken together, future expansions could allow FUSION to provide
a robust solution for dissecting cell-type architecture and spatial
domains in complex, heterogeneous, andmulti-section SRT studies.

4 | Experimental Section

4.1 | Model Specification

FUSION treats all profiled sections as one dataset and builds a
single hierarchy that simultaneously deconvolves cell types,
assigns spatial domains, and aligns batches within a common
latent space. It simultaneously models the gene expression
counts of K SRT slices, each of which is profiled for P genes.
We denote Xk as the k-th profiled spot-by-gene spatial expression
matrix, consisting of nk spots. The corresponding spatial spots
coordinate is indexed as i= 1, …, nk with ski ∈ R2. As such,
xki = ðxki1, : : : , xkiPÞ⊤ represents the gene count vector for spatial
spot i. FUSION models the gene expression as the aggregation of
single-molecule reads in SRT sequencing. The library size Wki is

the total number of counted reads (UMI) of xki =
PWki

d xkid,
where xkid is a one-hot indicator vector and xkidp = 1 if a sequenc-
ing read records the p-th gene expression. FUSION assumes each
read, xkid, is associated with one of the T latent topic labels,
tkid ∈ f1, : : : ,Tg, and one spatial–domain label, cki ∈ f0, 1gL
for L, domains to capture the macroscopic tissue context shared
across slides. To perform multi-section SRT analysis, FUSION
requires K transcriptomic profiles fXkgKk= 1, and their corre-
sponding spatial coordinates, along with optional scRNA-seq ref-
erence data containing information on the T cell types for
deconvolution. FUSION casts multi-sectional SRT counts as a
hierarchical topic model that links cell-type mixtures to the
coarse-tissue architecture. The generative model is given by:

xkid � MultinomialðπtkidÞ,
πt � Dirichletðα0Þ ∈ ΔP− 1,

tkid � MultinomialðθkidÞ,
θkid = Softmax

�
f βð½ukid; cki�Þ

�
∈ ΔT − 1,

ukid � N ð0, αIÞ,
cki � CatðL− 11LÞ:

For every topic t= 1, …, T, FUSION draws a gene–probability
vector πt from a Dirichlet prior, providing a shared dictionary
of cell-type signatures. Each individual UMI xkid at spot (k,i)
is then generated in two steps: (i) a latent topic label tkid is sam-
pled from a categorical distribution whose logits are produced by

a two-layer MLP f β
�
ukid; cki

�
; (ii) depending on that label, the

UMI is drawn fromMultinomial (1, πtkid ). TheMLP takes as input

a standard Gaussian embedding, ukid � N ð0, αIÞ, that captures
the UMI-specific variability and concatenates it with a one-hot
spatial-domain indicator, cki � CatðL− 11LÞ, shared across all
slides, thereby linking topic usage to tissue architecture.

The inference algorithm for FUSION is designed to perform
approximate Bayesian inference for models with non-conjugate
priors and non-linear functions (via the neural network). We pro-
posed the use of black-box variational inference (BBVI), a gradi-
ent-based optimization approach that approximates the posterior
distribution. The variational distributions factorize over the
latent variables as follows:

qðftkid,ukid, ckigk,i,dÞ=
YK
k= 1

Ynk
i= 1

qðckiÞ
YP
p= 1

qðtkipÞqðukipÞ, with

qðtkipÞ= SoftmaxðθkipÞ, qðckiÞ= SoftmaxðAtten ðρkiÞÞ,

where q(tkip) is defined as the topic probability for the UMI of
gene p in spot i in slice k and q(cki) as the domain probability.
To incorporate spatial information, FUSION uses the following
attention mechanism to build the variational distribution for the
spatial domain indicators cki:

Atten ðρkiÞ= f ϕ
X

j∈N ðskiÞ
W ski, skj
� �

⋅ ρkj

0
@

1
A,

Wðski, skjÞ ∝ exp − γ ⋅ Dðski, skjÞ
� � ffiffiffi

L
p Þ

where N ðskiÞ denotes neighbor subset of spot ski, and f ϕ denotes

two-layer MLP with parameters ϕ. The attention weight matrix W
is computed based on the compound distance Dð⋅, ⋅Þ, based on the
Euclidean distance between the spots ski, skj and the cosine simi-
larity of their posterior probabilities. The loss function of BBVI is
based on the evidence lower bound (ELBO), which is computed as:

LELBO ∝
XK
k= 1

Xnk
i= 1

XP
p= 1

xkip
XT
t = 1

θkipt ⋅ Eπt
log πtp

−
XK
k= 1

Xnk
i= 1

XL
l= 1

Atten ðρkiÞ½l� ⋅ log Atten ðρkiÞ½l�

−
XK
k= 1

Xnk
i= 1

XP
p= 1

xkip
XT
t = 1

θkipt

⋅

"
log θkipt −

XL
l= 1

Atten ðρkiÞ½l�

⋅Eu log Softmaxðf βð½u, ckil = 1�Þ½t�Þ
#
,

where θkip = [θkip1,…,θkipT] and ρki= [ρki1,…,ρkiL] are trainable
parameters. Formally, the optimal variational parameters and
loss function of FUSION are defined as follows:

fθ∗kip, ρ∗kigk,i,p = arg min
θ, ρ

α ⋅
XK
k= 1

kXk −Pk ⋅ BTk2

− β ⋅ LELBO +
XK
k= 1

Tr ðRT
k ⋅ Lk ⋅ RkÞ,

where α and β are weight coefficients, and we have defined

rki =
XP
p= 1

xkip ⋅ θkip1, : : : , θkipT
� �

T , pki = Softmax ðrkiÞ,

Rk = rk1, : : : , rknk
� �

T , Pk = ½pk1, : : : ,pknk �T , Lk =Dk −Ak:
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FUSION tackles the computational bottlenecks of multi-sec-
tion SRT by pairing sparse spatial attention with mini-gene
batching. For the spot dimension, we consider an m-nearest
neighbor graph, so the self-attention update for each domain
logit ρki involves onlym �P

knk neighbors. We choosem = 30
for our experiments. The cost of one update is therefore
O m ⋅

P
knkð Þ rather than O ðPknkÞ2ð Þ, and memory scales with

the edge list rather than the full distance matrix. For the gene
dimension, each BBVI iteration samples a small subset of p̃
genes and updates only their topic weights θkip. Because the
ELBO factorizes over genes, such minibatching reduces both
GPU memory and runtime from P×

P
knk to p̃×

P
knk

while still providing unbiased gradient estimates. Together,
these choices mean the increase in FUSION’s memory foot-
print remains linear with batch size and enables single-GPU
training on tens of sections at the whole-transcriptome
resolution.

FUSION generates the spot-separable embeddings rki by weight-
ing the gene expression counts xkip with the topic probability
parameters θkip. These embeddings are then normalized to obtain
spot-separable cell-type proportions, pki, at each spatial location.
As these embeddings depend on the topic probabilities θkip, any
change in the topic mixture immediately reshapes the embedding
and the probability that the spot belongs to each spatial domain.
During model training, we alternate the two optimization phases
with Adam. In the topic training phase, we update θkip by maxi-
mizing the ELBO (as in variational LDA), optionally adding an
NMF regularizer that anchors the inferred topics probabilities to
scRNA-seq reference profiles when such data are available. In the
domain training phase, we refine the domain logits ρki while
holding θkip fixed. A graph-Laplacian penalty Tr R⊤

kLkRk

� �
encourages neighboring spots with similar embeddings rki to
share the same domain. The alternation stops when both the
ELBO and the Laplacian term stabilize, typically within 50
epochs. Because domain probabilities are updated directly from
the compositional embeddings, the resulting boundaries reflect
shifts in the cell-type composition rather than gene-level vari-
ance, while the sparse Laplacian keeps domains spatially coher-
ent. Full optimization details are described in the Supplementary
Notes.

To remove section-specific batch effects while preserving biolog-
ical signals, FUSION additionally fits a slice-conditioned
Wasserstein GAN to harmonize compositional embeddings
across sections. After the BBVI step we treat the spot embeddings
Rk = rk1, : : : , rknk

� �
⊤ as empirical samples from a distribution Pk.

Embeddings from one reference section (k= 1) serve as the ”real”
distribution P1; for every other section (k> 1), we train a genera-
tor Gk (10-layer MLP with ReLU activation, shared weights
across spots) that maps rki to r̂ki =Gk rkið Þ. A single discriminator
D tries to assign higher scores to r � P1 than to r̂ � Pk, and the
generator is updated to minimize the Wasserstein distance.
Because the inputs are the cell-type compositional embeddings,
alignment operates in a biologically interpretable space rather
than on raw gene counts, and adversarial updates are computed
on mini-batches of spots, adding negligible overhead to the BBVI.

After 50 alternating steps the transformed embeddings R̂k are
statistically indistinguishable fromR1, yielding a batch-corrected,
cross-slice latent space that feeds directly into all downstream
analyses.

4.2 | Simulation Details

The simulated data were generated from two different biological
sources to create two distinct multi-slice integration scenarios
with known ground truth.

In scenario 1, we generated a multi-slice dataset from scRNA-seq
data. We utilized the Mouse musculus single-cell atlas data [54]
containing 2 837 cells and 35 100 genes. From this dataset, we
randomly selected five major cell types with sufficient represen-
tation: endothelial cell (231), late pro-B cell (177), pro-B cell
(171), myeloid cell (103), and neuron (61). We designed 10 dif-
ferent spatial topics (patterns of cell type composition) and
assigned each topic a distinct mixture of the five cell types.
For each topic, we generated a varying number of spots (ranging
from 50 to 160) by sampling cells from the single-cell data acc-
ording to the topic’s cell type mixture. This procedure created
spatially organized domains with known cellular composition
gradients. To simulate multiple slices with varying technical
quality, we generated three synthetic slices by applying different
levels of multiplicative noise to gene expression counts: low (5%
standard deviation, 10% probability), medium (10% standard
deviation, 20% probability), and high (20% standard deviation,
30% probability). This resulted in a multi-slice dataset comprising
2 700 spots in total (900 spots per slice) with preserved biological
structure but varying technical noise levels.

In scenario 2, the simulated data were generated from a real ST
dataset of a mouse embryo at stage E16.5 [9]. The original dataset
contained 121 767 spots and 23 761 genes. To construct biologically
meaningful scenarios with known anatomical annotations, a total
of 42 909 spots were isolated from six major organs, including the
brain, choroid plexus, heart, kidney, liver, and lung. Using stratified
sampling with organs as strata, we selected a total of 5 000 spots,
distributed as follows: brain (2 025), choroid plexus (201), heart
(434), kidney (251), liver (1 651), and lung (438). To simulate vary-
ing degrees of batch effects, we applied three different noise levels
by applying three levels of scaling factors to the count matrix: low
(0.8–1.2), medium (0.6–1.4), and high (0.4–1.6). These ranges con-
trol the variability between simulated slices and their divergence
from the original sample. Higher noise levels result in reduced
inter-slice correlation and greater deviation from the original data.
We generated five synthetic slices by applying multiplicative noise
and random drift to the gene expression count matrix, along with
Gaussian noise to the spatial coordinates. Because all five slices
were derived from the same set of 5 000 spots, inter-slice correlation
was naturally preserved. This resulted in a multi-slice dataset com-
prising 25 000 spots in total.

With FUSION, each of the eight state-of-the-art spatial data-
integration methods was executed independently, with 20 repli-
cates per condition to ensure statistical robustness. Performance
was evaluated using the ARI to measure clustering accuracy
when compared to the known cellular compositions (scenario
1) or anatomical annotations (scenario 2). Computational run-
time was also recorded to assess scalability and efficiency.

4.3 | Downstream Analysis

4.3.1 | Differentially Expressed Gene Analysis

For every simulated and real multi-section ST dataset, we first
removed low-quality spots (total UMI count < 200) and genes
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detected in fewer than 10 spots using sc.pp.filter_cells
and sc.pp.filter_genes using Python package Scanpy.
Quality-controlled datawere library-size–normalized with sc.pp.
normal ize_total and log-transformed via sc.pp.log1p. We
then performed domain–specific differential expression based on
the detected domain labels. Specifically, we called sc.tl.rank_-
genes_gr oups (method= “wilcoxon”) for each annotated dom-
ain, treating all remaining spots as the background population.
Using Scanpy to report Benjamini–Hochberg–adjusted p-values
and log 2 fold changes for every gene; we retained the DE genes
whose adjusted p-values were < 0.001.

4.3.2 | Gene-Set Enrichment Analysis of
Domain-Specific DE Genes

To elucidate the biological programs underlying each spatial
domain, we subjected the domain-specific DE genes to GSEA using
the Python package gseapy. For every domain on each slide, we
first ranked the DE genes according to their assigned log10
Benjamini–Hochberg–adjusted p-values. The resulting ranked list
was analyzed by gseapy.prerank (permutation_num= 1, 000;
min_size= 15; max_size= 500) using the KEGG pathway collec-
tions with gene_sets= [“KEGG_2016”,“KEGG_2013”]. Enriched
gene sets with a false-discovery rate of <0.05 were considered sig-
nificant. For each domain, we retained the top 10 pathways by NES
and visualized them with gseapy.barplot, enabling a direct
comparison of functional themes across adjacent domains.

4.3.3 | Domain Annotation Based on Context-Specific
DE Genes

To annotate each predicted domain, for example, tumor or non-
tumor, we first derived two reference signatures by performing
DE analysis between the pathologist-defined tumor and non-
tumor regions and retained the top 300 up-regulated genes for
each class (denoted Gtum and Gn:t:). For every predicted domain,
d, we carried out an analogous DE comparison of the spots in d
against all remaining spots to obtain its domain-specific gene set,
Gd (topM= 50 genes). We then quantified the similarity between
d and each reference class, c ∈ ftum, n:t:g, via the normalized
overlap, Sd,c = jGd ∩ Gcj=M ∈ ½0, 1�, and assigned the label
ĉd = arg maxcSd,c. A high correspondence between these auto-
matically generated labels and the ground-truth tumor mask pro-
vided downstream validation of the spatial clustering results.

4.4 | Methods for Comparison

We compared FUSION with eight spatial-domain detection meth-
ods: (1) BayesSpace implemented in the R package BayesSpace
(version 1.14.0), using the spatialCluster() function with
q equal to domain number and nrep = 10 000 iterations from
https://bioconductor.org/packages/BayesSpace;
(2) IRIS and its reference-free variant IRISfree implemented in
the R package IRIS, invoked with IRIS() or IRISfree() at
default settings from https://github.com/YingMa0107/
IRIS; (3) BASS implemented in the R package BASS
(version 1.1.0), executed via BASS() with 5 000 burn-in and
10 000 MCMC iterations from https://github.com/
zhengli09/BASS; (4) CARD implemented in the R package
CARD (version 1.2.0), estimating spot-level cell-type proportions
through CARD_deconvolution() and deriving domain labels

by k-means clustering as described in the original paper
(https://yma-lab.github.io/CARD/); (5) SpaGCN imple-
mented in the Python package SpaGCN (version 1.2.7), run with
the high-level SpaGCN.clustering() workflow in the project
tutorial (https://github.com/jianhuupenn/SpaGCN); (6)
SEDR implemented in the Python package SEDR (version 1.0),
trained for300epochsusingSEDR.train_model()andclustered
in latent space with Leiden (resolution 0.8) from https://
github.com/JinmiaoChenLab/SEDR; (7) STAGATE imple-
mented in thePython package STAGATE, producing graph-atten-
tion embeddings via STAGATE.train() (3 000 epochs) followed
by Leiden clustering (resolution 1.0) from https://github.
com/zhanglabtools/STAGATE; and(8)STitch3Dimplemented
in thePythonpackageSTitch3D(version1.0.3), aligning slideswith
STitch3D.utils.align_spots(), fitting a 3-D auto-encoder
with model.train(), and clustering the resulting coordinates at
Leiden resolution 0.6 (https://github.com/YangLabHKUST
/STitch3D).

Briefly, BayesSpace imposes a Markov-random-field prior on a
finite mixture of multivariate t distributions, encouraging
neighboring spots to share a label. IRIS leverages cell-type
compositions learned from a scRNA-seq reference and jointly
segments multiple slices; IRISfree removes this dependency
via an unsupervised optimization step. BASS fits a Bayesian
hierarchical model that simultaneously clusters single cells
and aggregates them into higher-level tissue domains, borrow-
ing strength across sections. CARD is a spatially informed auto-
regressive deconvolution method that returns spot-level cell-
type proportions; by clustering these proportions, we obtain
coarse tissue compartments. SpaGCN builds a weighted graph
that fuses gene expression, spatial adjacency, and histology fea-
tures, then applies a graph convolutional network followed by
deep embedded clustering. SEDR couples a deep autoencoder
with a variational graph autoencoder to learn a spatially aware
latent space, whereas STAGATE replaces the fixed graph weights
with an adaptive graph-attention mechanism, markedly sharpen-
ing boundaries. Finally, STitch3D extends autoencoder–based
embedding to the 3D setting, jointly modeling aligned slices
and a scRNA-seq reference to delineate coherent spatial regions
across depth.

4.5 | Evaluation Metrics

We comprehensively benchmarked FUSION on real multi-
section SRT datasets. For the evaluation of cell-type deconvolu-
tion, we quantified the agreement of the estimated cell type
composition matrices using the average column-wise Pearson
correlation (Avg Corr). To assess the identified spatial domain,
we compared the inferred domain labels with the reference ana-
tomic annotations via the ARI. Finally, to evaluate the effective-
ness of cross-section batch correction, we computed the
integration Local Inverse Simpson’s Index (iLISI), which meas-
ures how well spots from different tissue sections are mixed in
the learned embedding. Higher Avg Corr, ARI, and iLISI values
indicate better performance in their respective tasks of decon-
volution accuracy, domain delineation, and batch-effect
removal.

ARI ARI measures how often the predicted domain labels agree
with the ground-truth labels on pairs of spots, while correcting
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for agreements that could occur by chance. Denote the unad-
justed Rand index (the raw proportion of agreeing pairs) by

RI=
ð# spot pairs on which the two labelings agreeÞ�

N
2

� ,

Because RI is biased upward when many clusters are present,
ARI subtracts its expected value under random labelings and
rescales to the theoretical maximum:

ARI =
RI− expectedðRIÞ

maxðRIÞ− expectedðRIÞ

Hence ARI= 1 indicates perfect concordance, 0 corresponds to
random agreement, and negative values signal worse-than-
random alignment.

iLISI To quantify cross-section mixing in a learned embedding,
we compute a LISI score per spot using section labels. For each
spot i, let N kðiÞ be its k-nearest neighbors and let b ∈ f1, : : : ,Bg
index sections. The local section distribution is

pi,b =
1
k

X
j∈N kðiÞ

1fsection ðjÞ= bg,
XB
b= 1

pi,b = 1

The spot-level and global scores are

LISIi =
XB
b= 1

p2i,b

 !
− 1

, iLISI=
1
N

XN
i= 1

LISIi:

We use k= 30. Higher iLISI (approaching B) indicates better
cross-section mixing and lower values reflect residual batch
structure.

Conservation Local Inverse Simpson’s Index (cLISI) To
assess preservation of biological structure (e.g., domains or cell
types), we apply the same LISI definition using biological labels
instead of sections. Let y ∈ {1, …, C} index biological classes and
define

qi,y =
1
k

X
j∈N kðiÞ

1flabelðjÞ= yg,
XC
y= 1

qi,y = 1

with

cLISIi =
XC
y= 1

q2i,y

 !
− 1

, cLISI=
1
N

XN
i= 1

cLISIi

Lower cLISI (approaching 1) indicates that neighbors share
the same biological label (good structure conservation) and
higher cLISI reflects over-mixing that blurs biological bou-
ndaries.

Pearson Correlation across Shared Domains To assess the
cell-type proportions for homologous (shared) domains across
different tissue slices of multi-section SRT data, we proposed
the following correlation metric. Let B be the number of slices,
K the number of cell types, and D the set of domains that are
identified on at least two slices. For domain d ∈ D and slice

b ∈ f1, : : : ,Bg, denoted by SðbÞd ⫅f1, : : : ,Nbg the index set of

spots on slice b that are assigned to domain d, and let ĉi ∈ RK

be the estimated composition vector of spot i. The slice-averaged
composition for domain d on slice b is

μ̂ðbÞd =
1

jSðbÞd j
X
i∈SðbÞd

ĉi:

For every domain d that appears on a pair of slices (b1,b2), we
compute the Pearson correlation between their slice-level means:

Corrðb1, b2Þd =

�
μ̂ðb1Þd − μd1

�
⊤
�
μ̂ðb2Þd − μd1

�
kμ̂ðb1Þd − μd1k2 kμ̂ðb2Þd − μd1k2

,

μd = 1
2

�
1⊤μ̂ðb1Þd + 1⊤μ̂ðb2Þd

	.
K:

When a domain occurs on more than two slices, we evaluate all
unordered slice pairs and average their correlations. The overall
agreement of cell-type compositions across shared domains is
summarized by

AvgCorr =
1X

d∈D



md

2

�X
d∈D

X
ðb1, b2Þ∈

�
Bd
2

	Corrðb1, b2Þd ,

where md = jBdj is the number of slices on which domain d

appears and
�
Bd
2

�
denotes all

�
md
2

�
unordered slice pairs. A higher

AvgCorr indicates more consistent cell-type compositions for
homologous domains across tissue sections.

4.6 | Real Datasets

4.6.1 | Human DLPFC Data by 10x Visium Technology

We analyzed the publicly available human DLPFC 10x Visium
dataset [27] using FUSION and compared its performance to that
of competing methods. We profiled 12 contiguous 10-μm tissue
sections (two pairs per block from three neurotypical adult
donors, with the second pair collected 300-μm posterior to the
first), resulting in a total of 45 044 bar-coded spots and expression
counts for 33 538 genes. Each section is accompanied by manual
histological annotations that delineate the six cortical layers
(L1–L6) and the underlying white matter, which we adopted
as ground-truth domains for benchmarking the spatial cluster-
ing. For cell-type deconvolution we used the 10x Chromium
scRNA-seq dataset from the post-mortem brain [36], comprising
70 634 cells and 17 926 genes for 44 transcriptional subtypes from
7 major cell classes: astrocyte (Ast, n= 3 392), endothelial cell
(End, n= 121), excitatory neuron (Ex, n= 34 976), inhibitory
neuron (In, n= 9 196), microglia (Mic, n= 1 920), oligodendro-
cyte (Oli, n= 18 235), oligodendrocyte precursor cell (Opc, n=
2 627), and pericyte (Per, n= 167). Throughout our experiments,
we fixed the number of spatial domains to K= 7 for all competing
methods and set the loss-weight coefficients to α= 10 and β= 1
for FUSION.

4.6.2 | Human SCC Data from ST

We analyzed the publicly available human cutaneous SCC data-
set generated with the first-generation ST platform [40] using
FUSION and currently used methods. Four lesions (patients
P2, P5, P9, and P10) were profiled at 100-μm resolution, yielding
8 671 barcoded spots with a median of 15 168 detected genes.
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Hematoxylin-eosin staining followed by dermatopathologist
review produced five histological compartments: (i) tumor core,
(ii) invasive leading edge, (iii) cancer-associated stroma, (iv)
inflamed immune foci, and (v) adjacent normal epidermis/
dermis. To benchmark the spatial clustering, we collapsed these
annotations into a binary mask (tumor vs. non-tumor). The top
1 000 highly variable genes per lesion were selected with the R
package Seurat. Predicted domains were subsequently anno-
tated as tumor or non-tumor by computing the overlap score
between their domain-specific DE genes (top 50 genes) and ref-
erence tumor/non-tumor DE gene signatures (top 300 genes per
class). For deconvolution, we used the matched scRNA-seq atlas
from the same study, comprising 48, 164 cells and 32 738 genes.
Fine-grained clustering identified 24 transcriptional subtypes
that we aggregated into seven macro cell classes: malignant ker-
atinocytes, non-malignant keratinocytes, immune (lymphoid+
myeloid), fibroblasts, endothelial cells, melanocytes, and append-
age/glandular epithelium. We fixed the number of spatial
domains at K= 12; for FUSION we adjusted the loss-weight
coefficients to α= 20 and β= 1.

4.6.3 | Mouse Olfactory Bulb Data from Stereo-Seq and
Slide-Seq v2 Technologies

We analyzed the publicly released MOB Slide-seq v2 datasets [6]
using FUSION and other methods. The coronal section was
arrayed on barcoded bead surfaces, yielding a total of 20 193 spots
with expression counts for 21 220 genes. We also analyzed the
MOB Stereo-seq dataset released with the original Stereo-seq
paper [9]. After quality control, sagittal Section 1 yielded 27 106
spots with expression counts for 19 109 genes. Each section is acc-
ompanied by a histology-based mask that delineates the canoni-
cal MOB laminae—ONL, GL, EPL, MCL, IPL, GCL, and RMS—
which we treat as ground-truth domains for clustering bench-
marks. For cell-type deconvolution, we obtained the scRNA-
seq data from 10× Chromium [46], comprising 21 746 cells,
18 560 genes, and 18 transcriptional subtypes spanning excitatory
neurons (mitral/tufted, external tufted, superficial tufted), inhib-
itory interneurons (granule cells, periglomerular subclasses),
astrocytes, oligodendrocytes, endothelial cells, and microglia.
In all experiments, we fixed the number of spatial domains to
K= 8 to match the anatomical layers for cross-platform analysis
and set the FUSION loss-weight coefficients to α= 10 and β= 1.

4.6.4 | Mouse Embryo Data from Stereo-Seq and Visium
Technologies

We analyzed the publicly available mouse embryonic development
dataset generated with Stereo-seq technology [9] using FUSION
and other methods. Eight embryonic stages (E9.5 to E16.5) were
profiled at bin50 (50 μm) and segmented at a single-cell resolution,
yielding 5 910 to 121 760 analyzable spots from E9.5 to E16.5 (rep-
resenting a > 20-fold increase). Anatomical structures (e.g., neural
tube, heart, somites, limb buds, liver) were annotated using in situ
gene expression patterns and morphological landmarks. For com-
parison, we also analyzed the FFPE Mouse Embryo tissue blocks
from the Visium platform, which contain 6 434 spots profiled with
an 11-mm capture area. For benchmarking the spatial clustering,
we used these annotations as ground truth domains. The top 1,000
highly variable genes per stage were selected with the R package
Seurat. For deconvolution, we employed the Tabula Muris

ingle-cell transcriptomic atlas of adult mouse organs [61], compris-
ing 100,605 cells from 20 organs. We aggregated the 117 annotated
cell types into 18 broad classes including: epithelial cells (lung,
liver, kidney), endothelial cells, immune cells (T cells, B cells, mac-
rophages), mesenchymal cells (fibroblasts, adipocytes), muscle cells
(cardiac, skeletal), neuronal cells, and specialized organ cell types
(hepatocytes, pancreatic acinar cells). In all experiments, we fixed
the number of spatial domains to K= 8 to match the anatomical
layers for multi-section analysis and set the FUSION loss-weight
coefficients to α= 1 and β= 1.
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Supporting Information

Additional supporting information can be found online in the Supporting
Information section. Supporting Fig. S1: The spatial domain maps gen-
erated from the joint analysis of all 12 integrated slices for DLPFC tissue
for 151507-151510 using all candidate methods. IRIS free and FUSION
free are alternative methods of IRIS and FUSION, respectively, that
do not use scRNA-seq data from 10x Chromium analysis of the post-mor-
tem brain tissue as reference. Supporting Fig. S2: The spatial domain
maps generated from the joint analysis of all 12 integrated slices for
DLPFC tissue for 151669-151672 using all candidate methods. IRIS free
and FUSION free are alternative methods of IRIS and FUSION, respec-
tively, that do not use scRNA-seq data from 10x Chromium analysis of the
post-mortem brain tissue as reference. Supporting Fig. S3: The spatial
domain maps generated from the joint analysis of all 12 integrated slices
for DLPFC tissue for 151673-151676 using all candidate methods. IRIS
free and FUSION free are alternative methods of IRIS and FUSION,
respectively, that do not use scRNA-seq data from 10x Chromium analy-
sis of the post-mortem brain tissue as reference. Supporting Fig. S4: The
UMAP embeddings across the non-contiguous slices 151507, 151669, and
151673. The RGB plots show spots from the three slices, while the 8-color
embedding plots indicate section identity, where the colors illustrate the
annotation labels and the coordinates are the values of the embeddings
from FUSION, FUSION without WGAN, BayesSpace, CARD, and IRIS.
Supporting Fig. S5: The UMAP embeddings across the non-contiguous
slices 151507, 151669, and 151673. The RGB plots showed spots from the
three slices, while the 8-color embedding plots indicates the section iden-
tity where the colors illustrate the annotation labels and the coordinates
are the value of the embeddings from SpaGCN, SEDR, and STAGATE.
Supporting Fig. S6: The UMAP embeddings across the non-contiguous
slices 151507, 151669, and 151673. The RGB plots showed spots from the
three slices, while the multi-color embedding plots indicates the topic
domains and the corresponding coordinates inferred from FUSION,
FUSION without WGAN, BayesSpace, CARD, and IRIS. Supporting
Fig. S7: The UMAP embeddings across the non-contiguous slices
151507, 151669, and 151673. The RGB plots showed spots from the three
slices, while the multi-color embedding plots indicates the topic domains
and the corresponding coordinates inferred from SpaGCN, SEDR, and
STAGATE. Supporting Fig. S8: The spatial domain maps generated
from the joint analysis of all 12 tissue slices for SCC tissue across four
patients using FUSION, FUSION free, BayesSpace, IRIS, BASS, and
CARD. The plots express the results of the three tissue slices from
Patient 2. FUSION free are the alternative method of FUSION, but
not using scRNA-seq data from 10x Chromium on the post-mortem brain
tissue as reference. Supporting Fig. S9: The spatial domain maps gen-
erated from the joint analysis of all 12 tissue slices for SCC tissue across
four patients using SpaGCN, SEDR, STAGATE, and Stitch3D. The plots
express the results of the three tissue slices from Patient 2. Supporting
Fig. S10: The spatial domain maps generated from the joint analysis of all
12 tissue slices for SCC tissue across four patients using FUSION,
FUSION free, BayesSpace, IRIS, BASS, and CARD. The plots express
the results of the three tissue slices from Patient 5. FUSION free are
the alternative method of FUSION, but not using scRNA-seq data from
10x Chromium on the post-mortem brain tissue as reference. Supporting
Fig. S11: The spatial domain maps generated from the joint analysis of all
12 tissue slices for SCC tissue across four patients using SpaGCN, SEDR,
STAGATE, and Stitch3D. The plots express the results of the three tissue
slices from Patient 5. Supporting Fig. S12: The spatial domainmaps gen-
erated from the joint analysis of all 12 tissue slices for SCC tissue across
four patients using FUSION, FUSION free, BayesSpace, IRIS, BASS, and
CARD. The plots express the results of the three tissue slices from Patient
9. FUSION free are the alternative method of FUSION, but not using
scRNA-seq data from 10x Chromium on the post-mortem brain tissue
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as reference. Supporting Fig. S13: The spatial domain maps generated
from the joint analysis of all 12 tissue slices for SCC tissue across four
patients using SpaGCN, SEDR, STAGATE, and Stitch3D. The plots
express the results of the three tissue slices from Patient 9.
Supporting Fig. S14: The spatial domain maps generated from the joint
analysis of all 12 tissue slices for SCC tissue across four patients using
FUSION, FUSION free, BayesSpace, IRIS, BASS, and CARD. The plots
express the results of the three tissue slices from Patient 10. FUSION free
are the alternative method of FUSION, but not using scRNA-seq data
from 10x Chromium on the post-mortem brain tissue as reference.
Supporting Fig. S15: The spatial domain maps generated from the joint
analysis of all 12 tissue slices for SCC tissue across four patients using
SpaGCN, SEDR, STAGATE, and Stitch3D. The plots express the results
of the three tissue slices from Patient 10. Supporting Fig. S16: The
UMAP embeddings of slices for SCC tissue across four patients (patient
2 to patient 10). The RGB plots showed spots from the three slices (0,1, 2),
while the multi-color embedding plots indicate the section identity where
the colors illustrate the annotation labels and the coordinates are the
value of the embeddings from FUSION, FUSION without WGAN, and
BayesSpace. Supporting Fig. S17: The UMAP embeddings of slices
for SCC tissue across four patients (patient 2 to patient 10). The RGB plots
showed spots from the three slices (0,1, 2), while the multi-color embed-
ding plots indicate the topic domains and the corresponding coordinates
inferred from BASS, IRIS, and CARD. Supporting Fig. S18: The UMAP
embeddings of slices for SCC tissue across four patients (patient 2 to
patient 10). The RGB plots showed spots from the three slices (0,1, 2),
while the multi-color embedding plots indicate the topic domains and
the corresponding coordinates inferred from SpaGCN, SEDR, and
STAGATE. Supporting Fig. S19: Tumor regions of SCC from slices pro-
duced by the spatial domains estimated from FUSION, BayesSpace,
SEDR, CARD, BASS, STAGATE, Stitch3D, IRIS, and SpaGCN. The
top part of the graph is the manual annotation of the tumor region with
a silver-standard mask of histologist-defined tumor versus non-tumor
regions in in slice P2_ST_rep2. Supporting Fig. S20: The spatially com-
plementary tumor-versus-immune distributions across all slices of SCC
tissue from patients 2, 9, and 10. The three figures in the first row show
the proportions of the three tumor-related cells from patient 2, differen-
tiated tumor cells (Tumor_KC_Diff ), proliferative tumor cells
(Tumor_KC_Basal), and cycling tumor cells (Tumor_KC_Cyc). The three
figures in the second row show the proportions of the three immune cells
from patient 2, T cell, B cells, and NK cells. Figures in the bottom row
show the proportions of the three immune cells in green and the three
tumor cells in red from patients 2, 9, and 10. Supporting Fig. S21: a.
Heatmap of the paired MOB cell-type proportions by FUSION for all
8 cell types. For each pair of figures, the top figure is the Stereo-seq cell
type proportion and the bottom figure is the Slide-seq proportion; b. Bar
plot of cell type correlations between matched FUSION domains in the
Slide-seq and Stereo-seq sections. Supporting Fig. S22: The UMAP
embeddings calculated with different methods from the paired mouse
olfactory bulb (MOB) spatial transcriptomics datasets of Slide-seq and
Stereo-seq platforms. The two-color plots showed spots from the two
MOB slices, while the multi-color embedding plots indicate the topic
domains and the corresponding coordinates. Figures in the top part
express the embeddings of FUSION, BayesSpace, BASS, and IRIS.
Figures in the bottom part express the embeddings of FUSION and
Harmony, plus the remaining three methods. Supporting Fig. S23:
The UMAP embeddings calculated with different methods from the
paired mouse olfactory bulb (MOB) spatial transcriptomics datasets of
Slide-seq and Stereo-seq platforms. The two-color plots showed spots
from the two MOB slices, while the multi-color embedding plots indicate
the topic domains and the corresponding coordinates. Figures in the top
part express the embeddings of CARD, SpaGCN, SEDR, and STAGATE.
Figures in the bottom part express the embeddings of the Harmony, plus
the above four methods. Supporting Fig. S24: The cross-temporal fluc-
tuations of cell type proportions for 12 cell types of mouse embryo from
E9.5 to E16.5 by FUSION. Supporting Table S1: Implementation and
Reproducibility Details. Supporting Table S2: Preprocessing and
Quality Control Checklist. Supporting Table S3: FUSION
Hyperparameters (Smoothing&Alignment) Checklist. Supporting
Table S4: Baseline Methods Comparison Framework Checklist.
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