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scGALA advances graph link prediction-
based cell alignment for comprehensive data
integration and harmonization

Guo Jiang 1,2, Kailu Song 2,3, Gregory J. Fonseca4, Darcy E. Wagner 2,5,6,7,
Iain C. Clark 8,9, Hui Wang 10 & Jun Ding 1,2,3,11,12

Single-cell technologies have transformed our understanding of cellular het-
erogeneity through multimodal data acquisition. However, robust cell align-
ment remains a major challenge for data integration and harmonization,
including batch correction, label transfer, and multi-omics integration. Many
existing methods constrain alignment based on rigid feature-wise distance
metrics, limiting their ability to capture accurate cell correspondence across
diverse cell populations and conditions. We introduce scGALA, a graph-based
learning framework that redefines cell alignment by combining graph atten-
tion networks with a score-driven, task-independent optimization strategy.
scGALA constructs enriched graphs of cell-cell relationships by integrating
gene expression profiles with auxiliary information, such as spatial coordi-
nates, and iteratively refines alignment via self-supervised graph link predic-
tion, where a deep neural network is trained to identify and reinforce high-
confidence correspondences across datasets. In extensive benchmarks,
scGALA identifies over 25 percent more high-confidence alignments without
compromising accuracy. By improving the core step of cell alignment, scGALA
serves as a versatile enhancer for a wide range of single-cell data integra-
tion tasks.

Single-cell technologies have revolutionized our understanding of
cellular heterogeneity and function, enabling the generation of rich,
high-dimensional datasets across diverse molecular modalities1–3.
From transcriptomics and epigenomics to proteomics and
spatial measurements, these techniques allow researchers to probe
cell states and interactions at unprecedented resolution4–6. However,
this technological leap introduces a fundamental challenge: how

to accurately align and integrate cells across datasets generated
from different conditions, batches, or modalities, while preserving
biological relevance7–9. Cell alignment serves as a foundation
for numerous downstream tasks, including batch effect
correction10,11, label transfer12,13, multi-omics integration14,15, and spatial
alignment16,17, making it a critical step in the single-cell analysis
pipeline.
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Despite considerable progress, current cell alignment methods
face substantial limitations. Linear approaches such as Canonical Cor-
relation Analysis (CCA)18, implemented in Seurat’s anchoring strategy19,
aim to uncover shared correlation structures across datasets. These
methods are computationally efficient and effective when the datasets
have similar linear structure, but they often fail to capture the complex,
non-linear biological relationships that underlie cell states20,21. In con-
trast, non-linear methods, including those based on Mutual Nearest
Neighbors (MNN)22, are better suited for detecting local corre-
spondences in expression space. However, thesemethods still struggle
when aligning cells across modalities or conditions with substantial
technical variation, where geometric proximity is distorted by noise or
batch effects23. Furthermore, both linear and non-linear methods
generally rely on expression-derived features and fail to incorporate
auxiliary information such as spatial coordinates or known biological
relationships—critical cues that are especially important in spatial
transcriptomics5,24,25. As a result, these methods can yield suboptimal
alignments that overlook biologically meaningful correspondences.

Recent advances in graph learning offer new opportunities to
model complex relationships in biological systems26–31. In particular,
graph-based methods have demonstrated strong performance in cap-
turing non-linear and long-range dependencies32–34, and link prediction
techniques have proven effective in inferring missing or hidden con-
nections in networked data35–37. Motivated by these developments, we
introduce scGALA (single-cellGraphAttentionLink-prediction based
Alignment), a computational framework that reconceptualizes the
alignment problem as a graph-based link prediction task. scGALA builds
comprehensive graphs to model cell-cell relationships across datasets,
integrating both gene expression and auxiliary information. It then
applies amulti-scale Graph Attention Network (GAT)38,39 to predict high-
confidence linksbetweencorrespondingcells. A key featureof scGALA is
its iterative score-based optimization strategy40,41, which refines align-
mentsbyprioritizingmatcheswithhighpredicted linkprobabilities. This
allows the method to progressively improve alignment accuracy while
capturing both local and global graph structure. Importantly, scGALA’s
architecture allows the integration of diverse auxiliary features, such as
spatial coordinates or known cell-cell relationships42,43, which extends its
applicability across a range of single-cell data integration tasks.

We benchmarked scGALA across diverse tasks to demonstrate its
comprehensive capabilities. As an all-in-one integration pipeline,
scGALA consistently outperformed existing methods in batch correc-
tion, label transfer, multi-omics integration, and spatial alignment,
achieving up to 67.8% improvement in clustering accuracy metrics. As
a universal booster, scGALA enhanced the performanceof ten state-of-
the-art integration tools, including Seurat19, INSCT44, and scCross14, by
improving their underlying cell alignment. In spatial transcriptomics
applications, scGALA effectively imputed missing gene expression
while maintaining biological fidelity, expanding gene coverage three-
foldwhile preserving spatial organization information (GraphST-based
spatial clustering ARI of 0.51 for scGALA imputed data versus 0.47 for
limited gene coverage data). For mosaic integration, scGALA bridged
separate dual-omics datasets (RNA+ATAC and RNA+ADT) into virtual
tri-omics data, identifying 25% more high-confidence alignments than
conventional approaches. In cross-modality imputation, scGALA
accurately generated RNA profiles fromATAC-seqmeasurements with
high biological fidelity (Pearson correlation = 0.93 in terms of marker
genes), preserving cell type-specific markers, pathway enrichment,
and intercellular communication patterns. Across all tasks and data-
sets, scGALA consistently demonstrated superior alignment accuracy
and biological coherence compared to existing methods.

Results
Overview of scGALA
scGALA is a graph-based learning framework that enables accurate and
scalable cell alignment across single-cell datasets by formulating

alignment as a masked link prediction problem over cell-cell graphs
(Fig. 1a). For each dataset pair, intra-dataset graphs are built using
K-nearest neighbors (KNN) from molecular profiles, and inter-dataset
edges are initialized via mutual nearest neighbors (MNN). These
graphs are input into aGraphAttentionNetwork (GAT), trained using a
self-supervised masked link prediction strategy in which a random
subset of edges is hidden during each epoch and the model is opti-
mized to reconstruct them. This encourages the discovery of cross-
dataset correspondences beyond those observed during training. The
predicted alignments are further refined through iterative, score-
basedoptimization andmergedwith initialMNNmatches to produce a
robust and high-confidence cell mapping, a strategy that differentiates
scGALA from prior alignment frameworks that rely solely on mutual
nearest-neighbor heuristics.

Built upon this enhanced alignment backbone, scGALA can serve
in two complementary roles: as a “universal booster” for existing
alignment-based methods and as a “standalone framework” for
advanced applications. As a universal booster, scGALA replaces the
intermediate alignmentmodule in existing pipelines with its enhanced
alignments, directly improving core single-cell integration tasks
(Fig. 1b). These include batch correction by mitigating technical var-
iation while preserving biological heterogeneity; label transfer by
mapping annotations from reference to query datasets; multi-omics
integration by aligning modalities into a unified representation; and
spatial alignment by incorporating spatial coordinates for context-
aware mapping across platforms. Since many widely used integration
tools already perform these tasks, our focus is not to replicate existing
modules but to demonstrate that scGALA can universally enhance
them, providing a drop-in improvement across diverse pipelines and
establishing scGALA as a broadly generalizable backbone for integra-
tion. In addition to these foundational capabilities, scGALA can also
independently perform a set of distinct advanced multi-omics func-
tionalities (Fig. 1c) that are not widely enabled by existing methods.
These include mosaic integration, where datasets with partially over-
lappingmodalities (e.g., RNA+ATAC and RNA+ADT) are jointly aligned
to construct unified tri-modal profiles; cross-modality multi-omics
imputation, which infers unmeasured profiles (e.g., RNA from ATAC)
to enable transcriptome-scale analyses in unimodal datasets; and
spatial transcriptomics enhancement, in which aligned reference
scRNA-seq data are used to impute missing gene expression in spatial
datasets, thereby increasing resolution and supporting downstream
tasks such as spatial domain identification and spatial marker
discovery.

scGALA enables all-in-one single-cell data integration and har-
monization across multiple tasks
To comprehensively evaluate scGALA’s core capabilities as an inte-
grated analysis pipeline, we conducted the experiments in this section
on the Rodent Research-3 dataset45 from the NASA Open Science Data
Repository. This dataset contains matched single-cell RNA sequencing
and ATAC sequencing data of 21178 cells, generated using the 10x
Multiome protocol on one hemisphere of each mouse brain, and
spatially resolved transcriptomics data of 29770 spots, acquired using
the 10x Genomics Visium Gene Expression protocol on the other
hemisphere. Thismultimodal and spatially structureddataset provides
an ideal benchmark for testing scGALA across a broad range of inte-
gration challenges.

We focused on four key tasks—batch correction, label transfer,
multi-omics integration, and spatial alignment—which collectively
represent the most common and essential challenges in single-cell
data integration and harmonization. These tasks span across mod-
alities, batches, and spatial axes, and are routinely encountered in
multi-condition or large-cohort studies. A unified solution that
can address all four tasks consistently is crucial for enabling
scalable and biologically coherent single-cell analysis. Through
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systematic evaluation including both visual and quantitative compar-
isons, we demonstrate that scGALA’s graph-based cell alignment
framework enhances the performance of existing methods across all
four tasks.

Our analysis reveals that scGALA significantly improves Seurat’s
batch correction capabilities while preserving biological signals. The
UMAPs provide an intuitive illustration of better separation of cell
types with minimized batch effects when using scGALA-enhanced
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Fig. 1 | Overview of the scGALA Framework. a Cell Alignment Backbone Module
viaGraph Link Prediction. The foundational alignment frameworkoperateson each
pair of datasets by constructing cell-cell graphs and learning alignments viamasked
link prediction. Intra-dataset graphs are built using K-nearest neighbors (KNN)
based on molecular profiles, optionally incorporating spatial coordinates, while
inter-dataset edges are initialized using mutual nearest neighbors (MNN). A Graph
AttentionNetwork (GAT) is trainedon these graphs using a self-supervised strategy
in which a subset of edges is randomly masked during training and the model is
optimized to reconstruct them, encouraging the discovery of cross-dataset corre-
spondences. The predicted links are iteratively refined via score-based optimiza-
tion and merged with the MNN-based priors to yield a high-confidence alignment
backbone that enables subsequent integration analyses. b All-in-One Data Inte-
gration Pipeline. Building upon the enhanced cell alignment backbone from panel
(a), scGALA supports core tasks for single-cell data integration and harmonization,
including: (1) batch correction, by removing technical variation guided by pre-
dicted alignments while preserving biological heterogeneity; (2) label transfer, by

propagating annotations through alignment-based matching; (3) multi-omics
integration, by aligning and constructing unified representations acrossmodalities;
and (4) spatial alignment, by incorporating spatial coordinates to enable spatial-
aware alignment across tissue slices. c Advanced Multimodal Functionalities.
Leveraging the improved cell alignment methodology independently, scGALA
enables distinct advanced multi-omics functionalities not widely supported by
existing methods, including: (1) mosaic integration, where datasets with partially
overlappingmodalities (e.g., RNA+ATACandRNA+protein) are jointly integrated to
reconstruct unified tri-modal profiles; (2) cross-modality multi-omics imputa-
tion and generation, where unmeasured modalities (e.g., RNA for ATAC cells) are
inferred using alignment-derived mappings to support full-transcriptome analysis;
and (3) spatial transcriptomics enhancement, where scRNA-seq data is aligned with
spatial datasets to imputemissing gene expression (such as in Xenium), increasing
resolution and enabling downstream analyses such as spatial domain identification
and spatial marker discovery.
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Seurat. As shown in the red circle of Fig. 2a, the UMAP of the Seurat-
corrected data demonstrates a mixture of other cell types within the
cluster dominated by cell type Neurogenesis I, while in the scGALA-
enhanced results, the corresponding cluster shows less cell type mix-
ing. This is further illustrated by the clearer isolation of Neuroendo-
crine Activity cells in UMAP regions highlighted by the purple circle.
This improvement is quantitatively supported by increased biological
conservation metrics, with the Adjusted Rand Index (ARI)46 improving

by an average of 14.7% (P = 6.07 × 10−5) and the Normalized Mutual
Information (NMI)47 increasing by 7.7% (P = 1.41 × 10−5) compared to
standard Seurat (Fig. 2b). Furthermore, as shown in Supplementary
Table S1, 15 out of a total of 18 clusters demonstrate improved batch-
specific Average Silhouette Width (ASW)48 scores (P = 6.90 × 10−5) in
scGALA-enhanced results. The increased ASW/Batch scores and Graph
Connectivity scores49 further confirm the enhanced integration quality
while maintaining cell type-specific features.
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In label transfer applications, scGALA enhances cell type annota-
tion accuracy between reference and query datasets. The UMAP
visualization shown in Fig. 2c reveals improved classification precision
across cell types, particularly for populations that are prone to mis-
identification, such as Neurogenesis I and Neurovasculature, which
yielded a 38.5% improvement in Spearman correlation. This enhance-
ment is characterized in Fig. 2d by wider 95% confidence interval
bounds for prediction accuracy (AccuracyLower: P = 6.79 × 10−12; and
AccuracyUpper: P = 2.75 × 10−13), and significantly higher overall accu-
racy (P = 4.16 × 10−10) and Cohen’s kappa (P = 1.90 × 10−11) statistics,
which show average increases of 52.8% and 66.8% respectively. These
results demonstrate scGALA’s ability to establish more accurate cell
type correspondences across datasets, facilitating reliable label har-
monization and cross-dataset integration.

For multi-omics integration, scGALA enhances scCross’s ability14

to integrate scRNA-seq and scATAC-seq profiles into a unified repre-
sentation. The integrated analysis shows improved coordination
between transcriptomic and chromatin accessibility signals, as evi-
denced by more coherent clustering patterns in the joint embedding
space visualized in Fig. 2e. The FOSCTTM50 analysis shown in the right-
side panel of Fig. 2f demonstrates consistently superior preservation
of biological relationships between modalities across varying sample
sizes (P = 1.34 × 10−5). From all the metrics shown in the left-side
panel of Fig. 2f, although the domain label-based ASW scores do not
show considerable improvements, the biological conservation
metrics, including ARI (P = 4.48× 10−5), NMI (P = 8.80 × 10−6), and ASW
(P = 4.09 × 10−13), all show significant increases, calculated using a one-
sided Student’s t-test51. These findings indicate the advantage of
scGALA in producing more biologically meaningful alignments, which
provide stronger cell type-specific signals for downstream applica-
tions. This enhancement may also support more reliable inferences of
regulatory relationships between the chromatin state and gene
expression, demonstrating scGALA’s ability to unify transcriptomic
and chromatin accessibility signals within a coherent framework.

In spatial alignment applications, scGALA significantly improves
STAligner’s performance52 by leveraging both molecular profiles and
spatial information through its enhanced cell alignment framework.
The experiment showcases spatial alignment between two adjacent
slices (Sample 158 A1 and Sample 158 B1), comparing results from the
standard STAligner and the scGALA-enhanced version. As shown in the
spatial alignment plots in Fig. 2g with visualization of alignments on
retrosplenial neurons in Sample 158 A1, the enhanced algorithm
achieves more precise matching of the corresponding tissue regions
across consecutive slices,withmore alignments deemed correct based
on region annotations. Quantitative assessment shows a statistically
significant increase in spatial alignment accuracy52 (Fig. 2h), with
improved preservation of both spatial relationships and molecular
profiles, as demonstrated by higher NMI (19.5% average improvement,
P = 1.71 × 10−10) and slice-specific ASW scores (16.7% average improve-
ment, P = 3.20 × 10−14), based on the intermediate result of integrated
representations across slices and ground truth region labels. In the

calculation of spatial alignment accuracy, alignments are considered
correct when aligned cells have matched region labels. This improve-
ment enables a more accurate reconstruction of three-dimensional
tissue organization from sequential sections and facilitates the inte-
grated analysis of spatially resolved transcriptomics data, under-
scoring scGALA’s capacity to extend beyond molecular modalities to
robust spatial harmonization.

scGALA boosts a broad spectrum of methods by enhancing cell
alignment
Beyond establishing scGALA as a standalone integration framework,
we evaluated its applicability as a general enhancement module for
established computational methods in single-cell data analysis. Since
scGALA’s core enhancement function lies in improving the funda-
mental cell alignment step that underlies many integration methods,
we first validated the quality of scGALA’s alignment capabilities by
directly comparing its cell-cell correspondence identification against
dedicated alignment methods.

We benchmarked scGALA’s ability to identify cell-cell relation-
ships (i.e., cell alignments) against state-of-the-art methods designed
for this task, including random walk MNN (rwMNN) from the iMAP
framework53 and BATMAN54. Alignment experiments were conducted
between a CITE-seq dataset55,56 of 161,764 bone marrow mononuclear
cells and a PBMC Multiome dataset from 10x Genomics57 containing
10,412 cells from healthy donors. As shown in Supplementary Fig. S1,
scGALA consistently outperforms bothmethods, achieving an average
AUROC of 0.767 compared to 0.690 for rwMNN (P = 8.55 × 10−31) and
0.663 for BATMAN (P = 2.84 × 10−31). Notably, this improvement in
alignment accuracy is obtained while maintaining comparable quality,
as indicated by similar Spearman correlation distributions between
aligned pairs (scGALA: 0.496; BATMAN: 0.502; rwMNN: 0.485; Sup-
plementary Fig. S1c). Confusion matrices further confirm that scGALA
produces alignments with higher cell-type specificity (Supplementary
Fig. S1d). These results demonstrate that scGALA achieves bothgreater
coverage and equal or superior quality compared to existing align-
ment methods, which is the foundation of scGALA’s enhancement
ability.

Since scGALA improves established methods through enhancing
their intermediate cell alignmentmodules, we next performed a direct
comparison between the alignments generated by scGALA and the
initial anchors identified by Seurat to demonstrate the enhancement
mechanism. This experiment is conducted on the same datasets as in
Supplementary Fig. S1: the CITE-seq dataset56 and the PBMCMultiome
dataset57. As shown in Supplementary Fig. S2, scGALA effectively
enriches the initial Seurat anchors with around 145% more alignments
identified exclusively by scGALA (Supplementary Fig. S2ab). Impor-
tantly, the quality of these newly identified alignments is comparable
to the original Seurat anchors, as shown by their similar Spearman
correlation distributions for gene expression between aligned cell
pairs (average correlation: Seurat 0.492, scGALA Unique 0.472) (Sup-
plementary Fig. S2a). To ensure a fair comparison of accuracy, we

Fig. 2 | scGALA Enables All-in-One Single-Cell Data Integration and Harmoni-
zation Across Multiple Tasks. a UMAP visualizations comparing batch correction
results from Seurat (baseline) and scGALA, colored by batch (left) and cell type
(right). Circled regions highlight improved cell type separation achieved by
scGALA. b Normalized integration metrics (range 0-1) evaluating biological con-
servation (e.g., cell type purity) and batch effect removal (higher values indicate
better performance). cUMAPs showing label transfer results (Spearmancorrelation
vs. ground truth) using Seurat and scGALA, colored by transferred cell type labels.
d Label transfer performance metrics including accuracy and Cohen’s kappa, with
95% confidence intervals. e Multi-omics integration of scRNA-seq and scATAC-seq
using scCross (baseline) and scGALA, colored by modality domain (left) and inte-
grated cell type labels (right). fMulti-omics integration metrics: box plots showing
biological conservation and domain harmonizationmetrics. Line plot of FOSCTTM

scores (lower values indicate better performance) as a function of increasing cell
numbers. g Spatial alignment results comparing spatial coordinate plots of STA-
ligner (baseline) and scGALA, colored by annotated spatial region labels. h Spatial
integration metrics evaluating biological conservation, modality mixing, and
alignment accuracy across slices. Each score in panels b, d, f, and h is derived from
N = 10 bootstrapping replicates using different random seeds (technical replicates).
Boxes indicate the interquartile range (IQR, 25th to 75th percentile), with the line
inside each box representing the median. Whiskers extend to the most extreme
data points within 1.5 times the IQR from the quartiles. P values calculated using
one-sided Student’s t-test: * P < 0.05, ** P < 0.01, *** P <0.001, **** P < 0.0001; ns, not
significant. Exact P values are provided in the SourceData. Sourcedata are provided
as a Source Data file.
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selected a subset from scGALA results using the same scoring method
as Seurat andmatched in number to the Seurat anchors. Thismatched
set achieved a slightly higher AUROC of 0.814 compared to Seurat’s
0.808, confirming scGALA’s ability to identify high-quality cell-cell
correspondences (Supplementary Fig. S2c). The confusion matrices
further visualize this, showing that scGALA maintains high cell-type
specificity while vastly increasing the number of alignments (Supple-
mentary Fig. S2d).

This fundamental improvement in the core cell alignment step
directly translates to enhanced performance in downstream applica-
tions. Building on the demonstration of its core capabilities, we inte-
grated scGALA’s graph learning and score-based optimization
approach into several widely used pipelines featuring both classic and
recent top-performing tools. Crucially, we focused onmethods whose
core algorithms rely on an intermediate cell-cell alignment module, as
these are the methods that scGALA is designed to enhance. Using
benchmark datasets that capture representative challenges in batch
correction, label transfer, multi-omics integration, and spatial align-
ment, we assessed performance changes in both visual and quantita-
tive outcomes. Across all tested settings, scGALA improved the
integration quality of the baseline methods, supporting its utility as a
versatile alignment enhancer that can be incorporated into diverse
analytical workflows.

For batch correction, we tested scGALA with Seurat (unsu-
pervised), INSCT (in both supervised and unsupervised modes)44,
scDML (unsupervised)11 Scanorama (unsupervised)10, iMAP
(unsupervised)53, and STACAS (semi-supervised)20 on the Mouse Brain
ATAC (Gene) dataset of 11270 cells from the scIB benchmark suite49.
Due to space constraints, thequantitativemetrics of Scanorama, iMAP,
and STACAS are provided in Supplementary Fig. S3b. UMAP visuali-
zations showed that scGALA-enhanced INSCT (supervised) yielded
more coherent cell type clusters with reduced batch effects, particu-
larly in the resolution of closely related subtypes suchas Inhibitory and
Excitatory Neurons (Fig. 3a; and Supplementary Fig. S3a, S4). These
qualitative improvements were supported by quantitative metrics:
scGALA-enhanced methods achieved an average increase of 29.7% in
ARI (e.g., 48.6% average improvement for INSCT Unsupervised,
P = 9.03 × 10−5) and 17.0% in NMI (e.g., 8.8% average improvement for
Scanorama, P = 3.66 × 10−6) compared to their original implementa-
tions (Fig. 3b; and Supplementary Fig. S3b). Improvements were also
observed in batch effect reduction, with average gains of 7.5% in Graph
Connectivity (e.g., 37.6% average improvement for INSCT Unsu-
pervised, P = 3.32 × 10−12) and 6.7% in batch-based ASW (e.g., 23.4%
average improvement for scDML, P = 9.19 × 10−12). Even in cases where
batch-specific metrics decreased slightly (e.g., Graph Connectivity in
scDML, ASW in Seurat), the average decline was minimal (1.9%), indi-
cating that scGALA introduces negligible trade-offs. Notably, the lar-
gest performance boosts were observed in methods with moderate
baseline performance, suggesting that scGALA’s learned alignments
can compensate for method-specific limitations.

To evaluate label transfer, we assessed scGALA’s effect on Seurat,
scGCN58, Conos13, andMonet59 using a 4-patient breast cancer dataset60

of 10689 cells, derived from Chromium Flex (snRNA-seq) FFPE
samples61. The dataset was split unevenly (30% reference, 70% query),
and synthetic batch effects were introduced to the query data with
batch and noise strength both set to 0.3.When scGALAwas applied, all
tested methods showed marked improvements in transferring accu-
rate cell type labels. For example, in Seurat, the Spearman correlation
between transferred and true labels improved by 60.0% (Fig. 3c; and
Supplementary Fig. S3c), with visible benefits for closely related cell
types such as Natural T-regulatory Cells and Cytotoxic T Cells. More
visual results are shown in Supplementary Fig. S5. Across all methods,
scGALA led to an average increase of 6.1% in overall classification
accuracy (e.g., 14.7% average improvement for Seurat, P = 6.01 × 10−6)
and 19.2% in Cohen’s kappa (e.g., 36.2% average improvement for

Conos, P = 2.66 × 10−15), with consistently higher 95% confidence
intervals represented with the maximum value (AccuracyUpper, e.g.,
4.0% average improvement for scGCN, P = 2.28 × 10−14) and minimum
value (AccuracyLower, e.g., 4.0% average improvement for Monet,
P = 2.68 × 10−11) in the interval (Fig. 3d; Supplementary Fig. S3d). These
gains demonstrate that scGALA enhances the reliability of label
transfer under strong batch and technical noise, enablingmore robust
cell type inference across experiments.

For multi-omics integration, we used the Mouse Cortex SNARE-
seq dataset62 containing paired scRNA-seq and scATAC-seq data of
9190 cells. scGALA was integrated with scCross, GCN-SC63, Seurat, and
Conos13. The resulting embeddings showed a more distinct clustering
of cell types and improved agreement between modalities in the joint
latent space (Fig. 3e; and Supplementary Fig. S3e, S6). These visual
improvements were reflected in quantitative metrics, where the
scGALA-enhancedmethods achieved average increases of 19.3% in ARI
(e.g., 32.5% average improvement forGCN-SC,P= 1.66 × 10−5) and 13.6%
in NMI (e.g., 20.0% average improvement for Conos, P = 1.12 × 10−12).
Furthermore, FOSCTTM curves confirmed an improved cross-
modality correspondence, with scGALA-enhanced pipelines con-
sistently producing closer embeddings (e.g., 12.4% average improve-
ment for scCross, P = 7.41 × 10−4) for true matching cells (Fig. 3f; and
Supplementary Fig. S3f). These results suggest that scGALA strength-
ens the integrative capacity of multi-omics methods, enabling more
accurate reconstructions of regulatory landscapes and joint cellular
states.

To assess spatial alignment, we combined scGALAwith STAligner,
INSCT, Seurat, and STADIA64 to align tissue sections from human
dorsolateral prefrontal cortex samples profiled with 10x Visium65. The
dataset included four slices (A-D) from three individuals (I-III), con-
sisting of sequencing data on 47681 spots in total. We evaluated
alignment between slices A and B of Sample I (Fig. 3g; and Supple-
mentary Fig. S3g, S7). scGALA-enhanced methods produced better
spatial alignment with improved preservation of anatomical bound-
aries and tissue structure. Quantitatively, scGALA yielded average
improvements of 19.2% in spatial alignment accuracy52 (e.g., 9.3%
average improvement for STADIA, P = 4.37 × 10−4) and 11.5% in NMI
(e.g., 8.4% average improvement for STAligner, P = 1.21 × 10−4) based on
integrated representations and spatial region annotations (Fig. 3h; and
Supplementary Fig. S3h). Even inmethods that do not explicitlymodel
spatial information, such as Seurat, scGALA’s spatially informed
alignments improved downstream spatial coherence (33.4% average
improvement of spatial alignment accuracy, P = 2.54 × 10−10), demon-
strating the added value of incorporating graph-based spatial
relationships.

scGALA advances mosaic multi-omics integration
Contemporary multi-omics technologies typically generate paired
measurements that capture two modalities from the same cell66,67,
such as RNA+ATAC or RNA+protein abundance. While these “dual-
omics” approaches have advanced our understanding of cellular
states, they remain limited in their scope, capturing only partial views
of the complex molecular landscape within cells68,69. A significant
challenge in the field is mosaic integration70,71, where separate dual-
omics datasets are integrated into comprehensive “tri-omics” or
higher-order multimodal representations that provide more complete
cellular characterization72,73. scGALA addresses this challenge by
leveraging its enhanced cell alignment framework to integrate multi-
ple dual-omics datasets through shared modalities, establishing a
bridge for comprehensive mosaic data integration while preserving
biological relevance across all measured features.

As illustrated in Fig. 4a, scGALA employs its enhanced cell align-
ment ability to integrate distinct dual-omics datasets that share a
common modality, in this case, the RNA component from both RNA
+ATAC and RNA+ADT measurements. The workflow begins by
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Fig. 3 | scGALA Serves as a Universal Booster for Existing Single-Cell Analysis
Pipelines by Replacing Cell Alignment Modules. a UMAPs comparing batch
correction by INSCT (supervised baseline) and scGALA-enhanced INSCT (replacing
alignment module), colored by batch (left) and cell type (right). b Normalized
metrics (0-1) quantifying biological conservation (e.g., cell type purity) and batch
effect removal. Higher values indicate better performance. c Label transfer accu-
racy (Spearman correlation vs. ground truth) comparing Seurat (baseline) and
scGALA-enhanced Seurat, with UMAPs colored by transferred cell type labels.
d Label transfer performance metrics: accuracy, Cohen’s kappa, and 95% con-
fidence intervals (box plots). e Multi-omics integration (RNA + ATAC) comparing
Seurat (baseline) and scGALA-enhanced Seurat, colored by modality domain (left)
and joint cell type labels (right). f Multi-omics integration metrics: biological con-
servation and domain harmonization (box plots), and FOSCTTM (lower is better;

line plot) across varying cell numbers. g Spatial alignment of tissue slices: spatial
coordinate plots (X/Y/Z tissue positions) comparing STAligner (baseline) and
scGALA-enhanced STAligner, colored by spatial region labels. h Spatial integration
metrics: biological conservation, modality mixing, and alignment accuracy (box
plots). Each score in panels b, d, f, and h is derived from N = 10 bootstrapping
replicates using different random seeds (technical replicates). Boxes indicate the
interquartile range (IQR, 25th to 75th percentile), with the line inside each box
representing the median. Whiskers extend to the most extreme data points within
1.5 times the IQR from the quartiles. P values calculated using one-sided Student’s t-
test: * P < 0.05, ** P < 0.01, *** P < 0.001, **** P < 0.0001; ns, not significant. Exact P
values are provided in the Source Data. Source data are provided as a Source
Data file.
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Fig. 4 | scGALAUnifiesMulti-omics Datasets Through EnhancedCell Alignment
Beyond Conventional Matches. a Schematic workflow of scGALA integrating two
dual-omics datasets (e.g., RNA+ATAC and RNA+ADT) into a unified tri-omics
dataset via refined cell alignment. b Cell type-specific alignment precision: Con-
fusion matrices comparing MNN (baseline), scGALA-enhanced (MNN + scGALA-
exclusive), and scGALA-exclusive alignments. Diagonal enrichment highlights
scGALA's improved accuracy in tri-omics integration. c Spearman’s correlation
distribution of aligned cell pairs from MNN (baseline) versus scGALA-exclusive
matches. Comparable distributions confirm scGALA maintains alignment quality

while expanding coverage. dComposition of scGALA alignments (doughnut chart):
scGALA identifies previously undiscovered cell pairs (exclusive to scGALA) while
retaining high-confidence MNN matches, enabling comprehensive multi-omics
unification. e ROC curves quantifying alignment accuracy for cell type matching,
with AUROC values demonstrating scGALA's superior performance in cross-
modality integration. f UMAP visualization of cross-dataset alignment, with con-
necting lines indicating alignments fromMNN (baseline), scGALA-enhanced (MNN
+ scGALA-exclusive), and scGALA-exclusive alignments (blue: correct cell type
matches; pink: mismatches). Source data are provided as a Source Data file.
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establishing cell alignments between datasets based on their shared
RNA profiles, creating initial alignments through MNN. These initial
alignments are then significantly enhanced through scGALA’s graph
attention network, which leverages both local and global connectivity
patterns to refine existingmatches anddiscover additional biologically
relevant alignments that conventional methods miss. By identifying
these expanded cell alignments, scGALA effectively creates a bridge
between modalities that were not simultaneously measured, enabling
the construction of a virtual tri-omics dataset (RNA+ATAC+ADT) that
provides a more comprehensive molecular characterization without
requiring new experimental techniques. This integration capability
represents a potential advancement, as it allows researchers to lever-
age existing datasets to gain insights that would otherwise require
more complex and costly experimental designs74,75.

We conducted the integration process between a CITE-seq
dataset55 of 161764 bone marrow mononuclear cells56 and a PBMC
Multiome dataset published by 10x Genomics57 of 10412 cells from
healthy donors. To showcase the integration performance in aligning
multiple datasets, we sampled subsets, identified by ‘PN’ in ‘orig.i-
dent’ annotation that denotes different patients, from the CITE-seq
dataset and integrated them with the Multiome dataset respectively.
To evaluate the biological fidelity of these integrations, we examined
the cell type-specific alignment precision achieved by scGALA com-
pared to standard MNN approaches. The confusion matrices dis-
played in Fig. 4b, Supplementary Fig. S8a, S9a and S10a reveal a
visible improvement in alignment accuracy when using scGALA’s
enhanced framework. The quantitative comparison of alignment
accuracy is provided in Fig. 4e with AUROC value and ROC curve,
which will be discussed later. While standard MNN establishes some
correct alignments between cells of the same type, thematrices show
considerable off-diagonal elements indicating mismatched cell
types. In contrast, scGALA’s confusion matrices exhibit stronger
diagonal enrichment, which is further proven by the confusion
matrices of scGALA Unique alignments, where the CD4 T cell subsets
(CD4 Naive, CD4 TCM and CD4 TEM) are visibly benefited with more
accurate alignments. The unique alignments result in average pre-
cisions of 0.723 (P7) and 0.737 (P8), which are considerably higher
than the precisions of MNN alignments: 0.581 (P7) and 0.562 (P8).
This pattern demonstrates that scGALA not only expands alignment
coverage but does so while maintaining, and often improving, bio-
logical coherence. The improved alignment precision directly
translates to more reliable integration of measurements across
modalities, ensuring that molecular features from different omics
layers are correctly associated with their corresponding cellular
identities. This biological fidelity is essential for downstream ana-
lyses that seek to understand the regulatory relationships between
different molecular features. To further validate the alignment
accuracy through solid ground truth, we conducted experiments on
the tri-omics NEAT-seq dataset76 that performed simultaneous pro-
filing of intra-nuclear proteins, chromatin accessibility and gene
expression of 11300 cells. We duplicated the gene expression data
and added varying strength of Gaussian noise and dropout effect to
mimic the technical variation between real experiments. The simu-
lated and the original gene expression data form a pair of datasets to
use as alignment input. Thus, the mosaic integration performance
can be evaluated according to a solid one-to-one correspondence
ground truth. The recall and AUROC results shown in the Supple-
mentary Fig. S11 indicate consistently better performance of the
scGALA alignments.

A critical consideration in expanding alignment coverage is whe-
ther the additionalmatches identifiedby scGALAmaintain comparable
quality to those found byMNN. Our analysis in Fig. 4c, Supplementary
Fig. S8b, S9b and S10b demonstrates that scGALA Unique alignments,
those not identified byMNN,maintain similar correlation distributions
to the alignments sharedwithMNN. The comprehensive breakdown in

Fig. 4d, Supplementary Fig. S8c, S9c and S10c further illustrates that
scGALA discovers alignments that MNN fails to find while preserving
quality, with approximately 20% of all alignments being exclusive to
scGALA’s enhanced approach. This expansion in alignment coverage,
without considerable sacrifice in quality, enablesmore comprehensive
integration of features across modalities and reduces the sparsity
issues that often plague multi-omics analyses77,78. The comparable
quality of the additional matches identified by scGALA is also
demonstrated in the experiments conducted on the MPAL CITE-seq
and DAb-seq datasets of 72131 cells79, as shown in Supplementary
Fig. S12.

To quantitatively validate the accuracy of scGALA’s cross-dataset
alignments, we performed receiver operating characteristic (ROC)
analysis based on cell type annotations. As shown in Fig. 4e, scGALA
Unique alignments achieves higher area under theROCcurve (AUROC)
values (0.774) compared to MNN (0.715). This enhanced alignment
accuracy indicates more reliable feature integration across modalities.
Further visual validation of alignment accuracy is provided in Fig. 4f,
Supplementary Fig. S8d, S9d and S10d, where three-dimensional
UMAP embedding of the integrated data reveals clear correspondence
between matching cells across datasets. Cells connected by scGALA
alignment links demonstrate appropriate cell type correspondence,
with minimal instances of cross-type misalignments. These results
demonstrate that scGALA reliably advances mosaic multi-omics inte-
gration by expanding alignment coverage while maintaining quality.

scGALA empowers cross-modality imputation and generation
A persistent challenge in single-cell multi-omics analysis stems from
the reality that many datasets contain measurements from only one
modality when comprehensive characterization would ideally require
multiple80,81. This limitation often demands costly and technically
challenging paired experiments to obtain complementary data types
from the same cells or tissues74,75. To address this constraint, we
implemented a GAT-based model within scGALA’s graph-based cell
alignment framework to enable accurate cross-modality imputation,
specifically focusing on generating RNA expression profiles from
chromatin accessibility data in current experiments. This capability
extends scGALA beyond an integration tool to a comprehensivemulti-
omics analysis platform that can significantly expand the utility of
existing single-modality datasets without requiring additional experi-
mental measurements.

Using the same PBMCMultiome dataset as in the last section, we
generated RNA expression profiles from chromatin accessibility data
and compared them with snRNA data from the same dataset. Our
evaluation of scGALA’s cross-modality generation capabilities revealed
considerable performance in preserving cell type-specific gene
expression patterns. As demonstrated in Fig. 5a, the generated RNA
profiles from ATAC-seq input data showed strong correlation of the
mean expression levels with ground truth RNA-seq measurements
across diverse cell types. Although deep learning stochasticity may
increase the fraction of cells with low-level marker gene expression,
themean expression levels remainwell preserved (Pearson correlation
= 0.93, P < 1 × 10−300). This preservation of cell type-specific transcrip-
tional signals is critical for downstream analyses that rely on marker
gene expression, as it enables accurate cell type classification from
generated data. The consistency across both abundant (CD14 Mono
and CD4Naive) and rare (cDC and pDC) cell populations indicates that
scGALA effectively captures the regulatory relationship between
chromatin accessibility and gene expression, regardless of cellular
prevalence in the dataset.

Beyond preserving individual gene expression patterns, scGALA-
generated RNA profiles maintained the global structure of cell types
and their relationships. The UMAP visualizations in Fig. 5b demon-
strate remarkable similarity between clustering patterns of generated
and ground truth RNA data, with comparable ARI values of 0.68 and
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Fig. 5 | scGALA Enables Cross-modal Generation via Alignment-guided Graph
Neural Networks for Extended Multi-omics Functionality. a Cross-modal RNA
generation accuracy: Dot plots compare scGALA-generated RNA (from input ATAC
data) to ground truth RNA, quantified by Pearson’s correlation of cell type-specific
signature gene expression. b Cell type clustering fidelity: UMAPs of scGALA-
generated RNA (left) and ground truth RNA (right), colored by cell type labels.
Adjusted Rand Index (ARI) quantifies clustering concordance with ground truth.
c Functional relevanceof generatedRNA:GeneOntologyBiological Process (GOBP)

enrichment analysis of signature genes. Heatmaps compare (�log10ð FDRÞ) values
for scGALA-generated vs. ground truth RNA, with Pearson’s correlation confirming
conserved biological processes. d Cell-cell interaction preservation: Heatmap of
CellChat-derived interaction strengths (Secreted Signaling and Cell-Cell Contact)
for scGALA-generated RNA vs. ground truth. Pearson’s correlation validates
scGALA's ability to retain multi-omics signaling dynamics. P-values are obtained
from two-sided Pearson correlation tests. Source data are provided as a Source
Data file.
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0.67 based on ground truth annotations. This is particularly evident in
the accurate clustering of closely related cell types like CD4 T cell
subsets. The high fidelity in global structure preservation demon-
strates that scGALA not only generates accurate gene expression
values but also preserves the complex multidimensional relationships
between cells, enabling reliable cell type identification using standard
RNA-seq analysis workflows evenwhen only ATAC-seq data is available
for input.

The biological relevance of scGALA-generated data extends
beyond preserving cellular identities to maintaining functional sig-
natures that reflect underlying biological processes. Gene Ontology
Biological Process (GOBP) enrichment analysis82 revealed strong cor-
relations between GOBP terms inferred from generated and ground
truth RNA profiles (Fig. 5c). The correlation of GOBP term enrichment
scores reached 0.87 across all major cell types (P = 9.82 × 10−17), with
particularly high fidelity in terms related to immune reactions, such as
“neutrophil activation involved in immune response” and “antigen
receptor-mediated signaling pathway”. This preservation of biological
pathway signatures demonstrates that scGALA captures not just
expression levels of individual genes but the coordinated regulatory
programs that define cellular function. This functional fidelity enables
researchers to perform pathway-level analyses and draw biological
insights from generated data with confidence that the results accu-
rately reflect cellular processes in the original tissue.

Furthermore, scGALA-generated RNA profiles preserved complex
intercellular communication patterns that depend on accurate
expression levels of multiple interacting genes. Analysis of cell-cell
interaction networks derived fromgenerated versus ground truth RNA
data revealed strong correlations in CellChat-derived interaction
strengths based on cell secreted signaling and cell-cell contact inter-
action predictions (Pearson correlation coefficient = 0.94,
P = 5.18 × 10−164), as visualized in Fig. 5d. The preservation of these
interaction patterns was particularly evident in Plasmacytoid dendritic
cells (pDCs) related interactions. This level of fidelity in capturing
interaction networks demonstrates that scGALA-generated data can
reliably support sophisticated multicellular analyses that depend on
accurate representation of the complex molecular machinery gov-
erning cell-cell communication. Such capability is especially valuable
for tissue-level studies where understanding cellular cooperation and
signaling is essential for deciphering pathological mechanisms or
developmental processes83.

scGALA improves the gene coverage of spatially resolved
transcriptomics data
Spatially resolved transcriptomics technologies like Xenium have
revolutionized our understanding of tissue architecture and cellular
organization by preserving spatial context during transcriptomic
profiling84,85. While these methods offer high-resolution spatial data,
they typically capture only a few hundred genes compared to the
thousands measured by conventional single-cell RNA sequencing
approaches, limiting comprehensive spatial analysis of gene expres-
sion programs86,87. This technological constraint restricts the ability to
investigate complex biological processes and regulatory networks
within their native spatial contexts88. To address this limitation, we
leveraged scGALA’s sophisticated alignment capabilities to develop a
gene imputation approach that enhances gene coverage in spatial
transcriptomics data by integrating information from reference RNA
sequencing datasets. We used the Rodent Research-3 dataset45 as
described in the integration pipeline evaluation section. This dataset
includes single-nucleus RNA sequencing and spatial transcriptomics
data from opposite hemispheres of mouse brains, showcasing sig-
nificant biological similarity between the two distinct sequencing
profiles. Based on this dataset, we systematically evaluated scGALA’s
ability to generate biologically accurate expanded gene profiles while
preserving spatial information. This approach enables researchers to

maximize the utility of spatially resolved transcriptomics data without
requiring additional experimental procedures or reagents, thereby
extracting more comprehensive biological insights from existing
datasets.

To rigorously assess imputation accuracy, we designed a con-
trolled evaluation framework using spatial transcriptomics data from
the CF7 samples identified with ‘bio origin’ annotation. Our simulation
mimics the low-coverage constraints common in emerging spatial
profiling technologies. For example, Xenium (10x Genomics) typically
captures 250–800 genes per experiment89–91, Molecular Cartography
(Resolve Biosciences) detects approximately 100 genes92,93, and MER-
FISH (Vizgen) panels typically target 250–800 genes depending on
configurations94–96. Starting with a ground truth dataset containing
14,630 genes, we simulated sparse input data by selecting only 500
highly variable genes (HVGs) and then imputed additional 1,050 genes
based on the HVGs from reference snRNA datasets using scGALA’s
reference-guided approach. Additional experiments featuring varying
numbers of HVGs sampled are shown in Supplementary Figs. S13, S14,
S15, and S16 to assess the robustness of imputation to gene selection.
This experimental design allowed us to directly compare the imputed
expression profiles with the actual measured values, providing a
quantitative assessment of imputation fidelity.

The UMAP visualizations shown in Fig. 6a of cell embeddings
derived from the ground truth, simulated sparse data, scGALA-
imputed data, and imputed-only data revealed that scGALA success-
fully recovered the underlying cell type structure. Quantitative eva-
luation using the Adjusted Rand Index (ARI) demonstrated
concordance between cell clusters identified in the imputed data and
those in the ground truth dataset. Even imputed-only genes resulted in
a0.49ARI, which is quite close to the ground truthwith a0.52ARI. This
high degree of clustering agreement indicates that scGALA’s imputa-
tion process effectively preserves biologically meaningful cell type-
specific expression patterns while expanding gene coverage.

To validate that imputed genes reflect genuine biological signals
rather than computational artifacts, we examined cell type-specific
marker gene recovery (Fig. 6c). Pearson correlation analysis between
imputed and ground truth expression values for established marker
genes yielded a Pearson correlation coefficient of 0.96
(P = 4.86 × 10−312). Key neuron-specific markers such as Slc17a6 (exci-
tatory neuronalmarker97), which is related to the transmissionof nerve
impulses and Pou3f1 (neural developmentmarker98) whichparticipates
in the neural fate commitment, showed expression patterns closely
mirroring their actual measured values, both in magnitude and cell
type specificity.

Comprehensive GOBP enrichment analysis (Fig. 6b) demon-
strated that scGALA-imputed data not only preserved existing func-
tional signatures but enhanced pathway detection compared to using
only the measured genes. The imputed dataset recovered four addi-
tional GOBP terms present in the ground truth but undetectable in the
sparse data. For detected pathways like myelination99, the imputed
data showed 14.3% stronger enrichment significance compared to
using simulated sparse data (P = 0.036), indicating improved sensi-
tivity for biological pathway analysis.

Crucially, scGALA preserved the spatial organization inherent in
the original measurements. Spatial domain segmentation using
GraphST100 (Fig. 6d) revealed that domains identified from scGALA-
imputed data showed better correspondence with ground truth
annotations (ARI = 0.51) compared to using only simulated sparse data
(ARI = 0.47). The imputed-only genes maintained comparable spatial
structure (ARI = 0.46), confirming that scGALA effectively reconstructs
spatially-aware gene expression patterns even when the imputed
genes are never spatially measured.

To consolidate the applicability of scGALA to spatial technologies
with limited gene throughput, we applied scGALA to a real-world
Xenium human breast cancer dataset101, which has a limited panel of
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Fig. 6 | scGALA Enhances Spatial Transcriptomics Imputation via Alignment-
guided Graph Reconstruction for Multi-omics Integration. a Imputation accu-
racy across datasets: UMAPs compare ground truth (14,630 genes), simulated
sparse data (500 high-variance genes), scGALA-imputed data (1,545 genes; using
alignment-guided graph reconstruction), and imputed-only genes (1,050 genes).
AdjustedRand Index (ARI) quantifies clustering concordancewith ground truth cell
types. b Functional fidelity of imputed data: Gene Ontology Biological Process
(GOBP) enrichment analysis comparing scGALA-imputed dataset and simulated
sparse dataset showing (�log10ð FDRÞ) values across cell types. The number before
term name indicates cell types. Non-significant terms are labeled as “ns''. P-values

calculated using one-sided Student’s (t)-test. c Cell type-specific marker gene
recovery: Dot plots show Pearson’s correlation between imputed and ground truth
expression for key marker genes, validating scGALA's precision in preserving bio-
logical signals. P-value is obtained from two-sided Pearson correlation test.
d Spatial domain preservation: Spatial clustering using GraphST on ground truth
and scGALA-imputed data (retaining original spatial coordinates). ARI quantifies
agreement between scGALA-imputed spatial domains and ground truth annota-
tions (clustering resolution optimized for ground truth labels). Source data are
provided as a Source Data file.

Article https://doi.org/10.1038/s41467-025-66644-5

Nature Communications |        (2025) 16:11656 12

www.nature.com/naturecommunications


541 genes and is accompanied by ground truth spatial domain
annotations.

First, we performed imputation directly on the original Xenium
data to impute from 541 genes to 2268 genes. As shown in Supple-
mentary Fig. S17a, the imputed-genes-only dataset (1895 genes) yields
similarly defined cell clusters in the UMAP embedding compared to
the original data. Although the comparison of UMAP is not directly
quantified due to the lack of cell type annotations,whenwe performed
spatial domain identification using GraphST, the imputed data resul-
ted in a significantly higher ARI of 0.52 compared to the original data
(ARI = 0.41) (Supplementary Fig. S17b). This demonstrates that the
imputed genes add meaningful biological information that enhances
the identification of spatial structures.

Second, to solve the issue of no ground truth to compare with,
which prevents us from quantitative assessing the biological fidelity
of the imputed genes, we conducted a controlled experiment similar
to our original analysis in Fig. 6. We created a simulated sparse
dataset by sampling 300 highly variable genes from the original 541-
gene panel. We then used scGALA to impute the remaining genes.
This allowed us to compare the imputed expression of marker genes
to their actual measured values in the original data. As shown in the
spatial plots in Supplementary Fig. S17c, the imputed data recovered
the spatial organization with high fidelity (ARI = 0.49), comparable to
the simulated sparse input (ARI = 0.44). Furthermore, the dot plot in
Supplementary Fig. S17d shows a high Pearson correlation of 0.96
(P = 7.35 × 10−126) between the scGALA imputed data and ground truth
data in the expression levels of key cell type marker genes, con-
firming that scGALA imputation accurately preserves biological
signals.

Discussion
The growing diversity and complexity of single-cell datasets—ranging
across modalities, platforms, and biological contexts—have intro-
duced a persistent challenge in computational biology: how to
robustly align and integrate heterogeneous data while preserving
biological fidelity. Traditional approaches for cell alignment have lar-
gely relied on assumptions of proximity in low-dimensional expression
space, often using linear projections or local neighborhood matching.
These assumptions, however, can break down in the presence of
substantial modality gaps, complex non-linear cell relationships, or
batch-specific distortions. To overcome these limitations, we devel-
oped scGALA, a graph-based deep learning framework that recon-
ceptualizes cell alignment as a graph link prediction problem. By
integrating molecular features and auxiliary information into a unified
graph attention network, scGALA enables the inference of robust,
context-aware cell correspondences. This shift from geometric to
relational reasoning provides a more principled and flexible founda-
tion for aligning single-cell data across varying experimental and
technological conditions.

scGALA’s core contribution lies in its universal enhancement of
single-cell integration, both as a plug-in module and as a standalone
tool that enables new analytical capabilities. At the heart of scGALA is a
graph link prediction mechanism that significantly improves align-
ment accuracy, identifying approximately 25% more valid cell corre-
spondences compared to state-of-the-art methods, without sacrificing
biological coherence. Since cell alignment is a critical component
underlying most single-cell analysis workflows, enhancing its accuracy
and robustness has far-reaching consequences. We demonstrate that
simply replacing conventional alignment modules with scGALA
improves the performance of existing tools across diverse integration
tasks such as batch correction, label transfer, multi-omics integration,
and spatial alignment. In batch correction scenarios, scGALA’s ability
to form coherent cross-batch correspondences leads tomore effective
mitigation of technical variation while preserving cellular hetero-
geneity, as evidenced by improved clustering and batch-mixing

metrics. For label transfer tasks, scGALA leverages its graph struc-
ture to propagate annotations with higher accuracy, especially in
challenging cases involving subtle cell type differences. In the context
ofmulti-omics integration, scGALA successfully bridgesmodalities like
RNA and ATAC, capturing nontrivial biological relationships that
improve the coherence of joint embeddings. When applied to spatial
transcriptomics, scGALA incorporates spatial coordinates as graph
features, achieving more accurate registration of corresponding cells
across tissue sections and conditions.

Beyond improving existing workflows, scGALA delivers
advanced multi-omics functionalities and enables three distinct
applications that address pressing limitations in current single-cell
analysis. First, it introduces a mosaic integration strategy that
bridges disjoint doublet datasets, such as RNA-ATAC and RNA-ADT,
to computationally construct a tri-omics dataset (RNA-ATAC-ADT),
thus bypassing the need for specialized triple-modal sequencing
protocols while maintaining coherence across modalities. This
approach maximizes the utility of available data resources while
providing deeper insight into the molecular complexity of cellular
systems than what would be possible from any single dataset alone.
Second, scGALA demonstrates the capacity to impute one modality
from another, most notably predicting transcriptomic profiles from
chromatin accessibility data with high accuracy. This cross-modality
generation extends from gene-level expression to pathway-level
activity and even cell-cell communication profiles. By enabling
researchers to computationally derive one data type from another
with high biological fidelity, scGALA extends the utility of existing
single-modality datasets and provides opportunities for integrative
analysis across previously incompatible datasets. This capability is
particularly valuable for archived samples, such as Formalin-Fixed
Paraffin-Embedded (FFPE) tissue and biological specimens in bio-
banks, where multimodal profiling may not be feasible. Third,
scGALA addresses the sparsity inherent in current spatial tran-
scriptomics platforms by imputing gene expression beyond the
limited gene panels typically measured. Using both spatial proximity
and transcriptional similarity, scGALA reconstructs spatial tran-
scriptomics profiles with high fidelity (Spearman correlation > 0.85
to ground truth), thus improving the interpretability of spatial data
without requiring additional experiments. Notably, scGALA is
designed to be modular and easily integrated into existing analysis
pipelines, including Seurat and Conos, requiring minimal modifica-
tion and thereby facilitating widespread adoption. The lightweight
design (476K parameters) and plug-and-play modularity of scGALA
support its use as a drop-in replacement for conventional cell
alignment modules in existing workflows, enabling scalable applica-
tion to large single-cell and spatial transcriptomics datasets.

Despite scGALA’s demonstrated effectiveness, a key limitation lies
in its reliance on initial anchors derived frommethods such as mutual
nearest neighbors (MNN) or canonical correlation analysis (CCA).
These anchors serve as the foundation for constructing the initial
graph structure, and their quality candirectly influence the accuracyof
downstream cell alignment. In scenarios involving highly divergent
datasets, modality gaps, or rare cell populations, the initial anchor set
may be sparse or error-prone, potentially leading to suboptimal link
predictions and reduced integration performance. The experiment
results shown in Supplementary Fig. S18, where we imposed a range of
dropout effects and added varying ratios of random errors into the
initial MNN alignments, demonstrated that scGALA is robust to the
quality of initial alignments. A promising direction to fully address this
limitation is to move from hard and deterministic anchors to a prob-
abilistic graph construction framework that assigns confidence scores
to each potential alignment link. These confidence scores, derived
from model uncertainty or learned similarity metrics, would enable
scGALA to weight cell pairs according to their estimated reliability.
Such a strategy would not only reduce the sensitivity to poor initial

Article https://doi.org/10.1038/s41467-025-66644-5

Nature Communications |        (2025) 16:11656 13

www.nature.com/naturecommunications


matches but also allow downstream analyses to explicitly incorporate
alignment uncertainty. This refinement would make the model more
robust in challenging settings and provide end-users with greater
interpretability and control, particularly for integrating data across
highly heterogeneous biological systems.

By providing a unified, graph-based solution to the challenges of
single-cell data alignment and integration, scGALA enables researchers
to maximize the value of increasingly complex and multimodal data-
sets. Its ability to enhance both foundational tasks and emerging
applications positions it as a versatile component in themodern single-
cell analysis toolkit. Importantly, scGALA empowers the research
community to extract deeper biological insights from limited or
incomplete data, facilitates the reuse of archival datasets, and reduces
reliance on costly experimental procedures. As the field of single-cell
genomics continues to evolve with ever-increasing scale and multi-
modality of datasets, tools like scGALA that support generalizable,
scalable, and biologically grounded integration will be essential for
advancing discoveries across developmental biology, immunology,
cancer research, and regenerative medicine.

Methods
Data preprocessing
The input data for scGALA consists of expression profiles (e.g., gene
count tables) and auxiliary information, such as spatial coordinates,
when available. For gene count table preprocessing, we implement a
comprehensive quality control and normalization pipeline through
SCANPY’s established preprocessing functions102. Initial quality
assessment begins with computing three fundamental cell-specific
metrics: total count depth per cell, number of unique genes detected
per cell, and percentage of counts derived from mitochondrial
genes103. Cells are filtered using thresholds determined through
the distinct separation between high-quality and low-quality cells
in the violin plot of the quality metric distributions. For
published datasets that are already preprocessed, we skip the quality
control step and retain the cells and genes as provided in the
preprocessed data.

Following quality control, we perform library size normalization,
scaling each cell’s expression to 10,000 counts, and then apply log-
transformation with a pseudocount of 1 to stabilize variance and
approximate log-normal expression patterns104. To reduce compu-
tational complexity while preserving biological signals, we select the
top 2000 highly variable genes (HVGs) using Scanpy with the batch
key provided to identify HVGs within each batch separately before
merging105. For cell alignment between scATAC datasets, which is
required in cross-modality generation, we first generate gene activity
scores from the scATAC-seq data to create a compatible repre-
sentation with RNA expression. Using Signac’s GeneActivity function,
we quantify scATAC-seq counts in the 2 kb-upstream region and the
gene body of each gene to estimate transcriptional activity106. This
estimation presents biological signals from the original scATAC data
in a less noisy and computationally demanding way. These gene
activity scores then undergo the same preprocessing steps as RNA
data, including normalization, log-transformation, and HVG selec-
tion. For alignment tasks, the expression data is scaled after edge
construction to facilitate deep learning model training. However, for
specialized applications such as multi-omics generation and spatial
gene imputation, the inputs remain unscaled to better preserve
biological signals, and genes can be manually selected based on
experimental requirements.

Graph construction
The graph construction process integrates multiple data types into a
comprehensive cell-cell relationship network. In this network, the
nodes represent the cells in each dataset and the edges indicate that
linked cells are biologically similar or related. For the k-th pair of

datasets, with expression profiles Xk
1 and Xk

2, from the totalNp pairs of
input datasets, we combine them into a unified node feature matrix

Xk = Xk
1

Xk
2

" #
2 Rn×d . Similarly, when spatial coordinates are available,

we combine Sk
1 and Sk

2 into Sk = Sk
1

Sk
2

" #
2 Rn× 2. The advantages of

leveraging auxiliary spatial information are demonstrated in Supple-
mentary Fig. S19a. The graph’s edge structure is constructed through
multiple interconnected steps. First, we establish intra-dataset con-
nections using KNN107 based on expression profiles, with KKNN

defaulting to 20 as is commonly adopted in the methods used in our

evaluations. This generates adjacency matrices Ak
1,X , KNN and Ak

2,X , KNN

for datasets Xk
1 and Xk

2 respectively. When spatial coordinates are

available, additional intra-dataset edges Ak
1, S, KNN and Ak

2, S, KNN are
constructed using KNN on spatial distances.

For inter-dataset connections, we employ MNN22 to identify cor-
responding cells between datasets with KMNN defaulting to 20, as is
mostly adopted in existing methods shown in evaluations that utilize
MNN as their cell alignment modules. To ensure robust distance cal-
culations, we first apply cosine normalization108 to the input data. The
MNN process constructs an adjacency matrix Ak

X ,MNN by identifying
pairs of cells from the k-th dataset pair that aremutually recognized as
nearest neighbors in each other’s datasets. Specifically, for a cell in
datasetXk

1 , wefind its nearestneighbors in datasetXk
2, and vice versa. A

cell pair is included in the adjacency matrix if each cell is among the
nearest neighbors of the other. These pairs form the basis for inter-
dataset edges, with matrix entries set to 1 for MNN pairs and 0
otherwise.

The complete edge set’s construction demonstrates the flexibility
in incorporating different types of cell alignments. While MNN serves
as our default approach for establishing inter-dataset connections
(AX,MNN), the framework readily accommodates alternative anchoring
methods. For instance, when enhancing Seurat’s integration pipeline,
we utilize CCA anchors18 to construct the inter-dataset edgesAX,CCA, as
these better align with Seurat’s underlying methodology. This adapt-
ability in edge construction enables scGALA to leverage method-
specific strengths while maintaining its graph-based enhancement
capabilities.

The unified adjacency matrix combines all edge types through:

A= diag fA1, . . . ,Ak , . . . ,ANp g, where Ak

=
_2
i= 1

Ak
i,X , KNN

 !
_ Ak

X , anchor _
_2
j = 1

Aj, S, KNN � Iðk SkF >0Þ
 !

ð1Þ

where Ak
X , anchor represents the inter-dataset edges constructed by any

suitable anchoringmethod (e.g., MNN or CCA anchors) between the k-
th dataset pair from the totalNppairs of input datasets.

W2
i= 1 represents

the binary union process that combines the edges from different edge
types into one adjacency matrix. Iðk SkF > 0Þ denotes an indicator
function that evaluates to 1 when the Frobenius norm of the matrix S
is positive, indicating that spatial information is available. This
generalized formulation results in a graph G= ðX,AÞ, where
X= X1,X2, � � � ,XNp

� �T 2 Rn×d represents the node features compris-
ing combined expression profiles, and A ∈ {0, 1}n×n denotes the
adjacency matrix constructed from various edge types.

This flexible graph construction approach enables scGALA to not
only capture both local and global cell relationships but also smoothly
integrate with the anchoring strategies of existing integration meth-
ods. The resulting graph structure provides a robust foundation for
subsequent link prediction and cell alignment tasks, effectively lever-
aging both transcriptomic and spatial information when available,
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while maintaining compatibility with method-specific cell correspon-
dence identification approaches.

scGALA architecture
The scGALA framework consists of two complementary components: a
multi-scale GAT for link prediction and a score-based search algorithm
for alignment refinement. We adopted the GAT model instead of GCN
for its ability to obtain more alignments with comparable alignment
quality, as shown in Supplementary Fig. S19b. The GAT component
follows a Variational Graph Autoencoder (VGAE)109 structure to learn
and predict cell-cell relationships across datasets, while the score-
based search component iteratively optimizes these predictions to
establish robust cell alignments.

The GAT architecture implements a sophisticated attention
mechanism acrossNh parallel heads, where each head h∈ {1, 2, . . . ,Nh}
independently processes the input graph at a different scale, produ-
cing latent representations of varying dimensionality dh. This multi-
scale design enables simultaneous capture of both fine-grained and
coarse-grained cell-cell relationships39. Through a shared trainable
attention mechanism, each head computes attention coefficients
between connected nodes and aggregates neighboring features
accordingly to form a comprehensive representation of each node:

wðhÞ
i =

X
j2N ðiÞ

exp LeakyReLU a>h ½Θhxi k Θhxj�
� �� �

ΘhxjP
k2N ðiÞ exp LeakyReLU a>h ½Θhxi k Θhxk �

� �� � ð2Þ

where Θh 2 Rdh ×d represents a learnable linear transformation spe-
cific to headh that projects the input features into a lower-dimensional
space (d), and ah 2 R2dh is the learnable attention vector that
determines how to combine the features of connected nodes, and ∥
denotes vector concatenation. The LeakyReLU activation function,
with a negative slope of 0.2, introduces non-linearity while preventing
vanishing gradients for negative inputs110. The denominator performs
softmax normalization over all neighborsN ðiÞ of node i, ensuring that
the attention coefficients sum to 1 for each node.

The resulting feature vector wðhÞ
i 2 Rdh encodes both the struc-

tural and feature-based information from the node’s local neighbor-
hood. These attended features then undergo further transformation
through head-specific Multi-Layer Perceptrons (MLPs)111 to produce
the parameters of a variational distribution. The final latent repre-
sentationZ is then constructed by transforming concatenated samples
from Nh independent Gaussian distributions, each parameterized by
its respective head’s output, into target latent dimension Z 2 Rn ×dz :

Z=MLPz k
N

h= 1
Wh

� 	
, where Wh � N ðMLPμ,hðwðhÞÞ, diag ðeMLPσ,hðwðhÞÞÞÞ

ð3Þ

where k
N

h= 1
denotes the concatenation of the samples from Nh inde-

pendent Gaussian distributions.

During training, the model reconstructs both the graph structure
and node features using separate decoders. The edge reconstruction
probability matrix A0 2 ½0, 1�n×n is obtained by computing the inner
products of latent representations, followed by a sigmoid activation.
Meanwhile, the node features are reconstructed using a single Linear
layer:

G0 = ðX0,A0Þ, where A0 = σðZZ>Þ 2 Rn ×n, X0 =LineardecoderðZÞ 2 Rn×d

ð4Þ

Here, σ(⋅) is the sigmoid function that maps the inner products to
values between 0 and 1, representing the probability of an edge

existing between nodes. We use a simple Linear layer as the feature
decoder to encourage the GAT encoder to better capture the input
expression profiles.

The training process employs a comprehensive loss function that
balances multiple objectives to achieve effective cell alignment while
maintaining biological meaningfulness. The total loss comprises four
main components:

Ltotal = λ Lrecons,X � ð1� Iðk SkF >0ÞÞ+Ltriplet � Iðk SkF > 0Þ
� �

+ ð1� λÞLrecons,A +βLKL

Lrecons,X = �EqθðZjXi ,Atrain, iÞ½logpφX
ðXijZÞ�

Ltriplet = �
X

ði, j, kÞ2T
maxð0, k zi � zjk22� k zi � zkk22 +αÞ

Lrecons,A = �EqθðZjXi ,Atrain, iÞ½logpφA
ðAijZÞ�

LKL = KL ðqθðZjXi,Atrain, iÞ k pðZÞÞ,
with Atrain =A�M, Mij � Bernoulli ðγÞ

ð5Þ

The first term, Lrecons,X , represents the reconstruction loss for cell
expression profiles, which serves as an auxiliary task to ensure the
model learns meaningful cellular representations. The likelihood
pφX

ðXijZÞ is modeled as: pφX
ðXijZÞ=

QNh
i= 1 N ðxijμi, IÞ, where

μi = MLPdecoder(zi) is the reconstructed feature vector for cell i. For
graphs with available spatial information, we replace the standard
reconstruction loss with triplet loss112, represented as the second term
Ltriplet, which explicitly preserves spatial relationships. Given a set of
spatial edges ES = fði, jÞ∣ð

W2
k = 1Ak, S, KNNÞij = 1g, for each edge ði, jÞ 2 ES

(spatially close cell pair i,j), we randomly sample a negative cell k that is
not spatially adjacent to cell i, which forms
T = fði, j, kÞjzj 2 N SðiÞ, zk=2N SðiÞg. The margin parameter α is set to 1,
the default in PyTorch. This loss encourages the model to embed
spatially adjacent cells closer together in the latent space while push-
ing non-adjacent cells apart, effectively preserving the local spatial
structure in the learned representations.

The third term models the edge reconstruction probability
pφA

ðAijZÞ through inner products in the latent space:
pφA

ðAijZÞ=
QN

j = 1

QN
k = 1, k≠j pðAjk jzj, zkÞ. The KL divergence term LKL

regularizes the latent space by encouraging the approximate pos-
terior qθ(Z∣Xi, Ai) to match a standard normal prior p(Z). To enhance
model robustness and prevent overfitting, the edges of input graph
are randomlymasked at the beginning of each training step. This self-
supervised learning strategy forces the model to learn generalizable
patterns rather than memorizing specific edge configurations and
enables the model to predict unseen edges, facilitating the ability of
link prediction. We selected a default masking ratio of 30%, as it
provides a sufficient number of edges for both robust training and
effective validation. To formally assess the impact of this hyper-
parameter, we conducted a sensitivity analysis by varying the
masking ratio from 20% to 50%. The results demonstrate that
scGALA’s performance is highly robust to this parameter (Supple-
mentary Fig. S20). The Receiver Operating Characteristic (ROC)
curves for each ratio are nearly overlapping, with Area Under the
ROCCurve (AUROC) values showingminimal variation (from0.755 to
0.767) (Supplementary Fig. S20a) with 30% yielding a marginally
higher average AUROCof 0.767. This stability is further supported by
the cell type-specific confusion matrices, which show consistently
accurate alignments regardless of the masking ratio (Supplementary
Fig. S20b).

In our framework,weapply a uniform randommasking strategy to
both intra- and inter-dataset edges. The rationale for also masking
intra-dataset edges is to encourage the model to learn robust repre-
sentations of cell identity and neighborhood structure, which
improves the quality of cell embeddings and, in turn, enhances the
model’s ability to predict correct inter-dataset alignments. To validate
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this uniform strategy, we performed an ablation study comparing it
against two alternatives: masking only inter-dataset edges ("Inter-
Only”) and masking only intra-dataset edges ("Intra-Only”) (Supple-
mentary Fig. S21). The results show that our default Uniform masking
(AUROC: 0.767) and the Inter-Only strategy (AUROC: 0.764) perform
comparably and are both significantly superior to the Intra-Only
strategy (AUROC: 0.735) (Supplementary Fig. S21ab). The slight
advantage of the Uniform approach suggests that learning to recon-
struct the intra-dataset graph provides valuable information that
refines cell embeddings. This is achievedwithout sacrificing the quality
of the newly identified alignments, as all three strategies produced
similar Spearman correlation distributions (Supplementary Fig. S21c).
These results support our choice of a uniformmasking strategy as the
default.

Then, the hyperparameters λ and β control the balance between
reconstruction accuracy and latent space regularity. The model is
trained using the Adam optimizer, with an initial learning rate of
1 × 10−3 and a cosine annealing schedule. Training continues until
convergence, defined as no improvement in validation loss for 10
consecutive epochs.

The score-based search algorithm constitutes the second major
component of scGALA, designed to refine the initial cell-cell relation-
ships predicted by the GAT model. It preserves better biological sig-
nals than traditional threshold-based alignments, which determines
the alignments through threshold-based filtering on the edge prob-
abilities generated by graph model, as shown in Supplementary
Fig. S19c. Building upon the classical Gale-Shapley algorithm for stable
matching problems113, our approach introduces flexible matching
capabilities that allow cells to form multiple alignment pairs while
preventing over-alignment through a carefully designed quadratic
penalty term. This modification enables the discovery of biologically
meaningful many-to-many cell relationships while maintaining control
over the total number of alignments per cell.

The optimization objective is formulated as a constrained max-
imization problem over the binary alignment matrix P 2 f0, 1gn1 ×n2 :

P= argmax
P2f0, 1g

ξðP,A0Þ

ξðP,A0Þ=
XNp

k = 1

X
i, j2fXk

1 ,X
k
2g
PijA

0
ij

� λ
X
i2Xk

1

Xn2

j = 1

Pi, j

 !2

+
X
j2Xk

2

Xn1

i = 1

Pi, j

 !2
0
@

1
A

ð6Þ

where Pij represents the binary alignment decision between cell i and
cell j from different datasets, A0

ij denotes the alignment probability
predicted by the GAT model, and λ controls the strength of the over-
alignment penalty. The first term encourages alignments between cells
with high predicted correspondence, while the sparsity regularization
term prevents excessive many-to-many matches through progressive
penalization of additional alignments.

The greedy algorithm implements an iterative optimization
strategy that alternates between datasets to ensure balanced con-
sideration of both populations. For each iteration, the process con-
sists of two phases: forward alignment from datasetXk

1 to dataset Xk
2,

and reverse alignment from dataset Xk
2 to dataset Xk

1 . Starting from
zero, it greedily adds or replaces existing alignments to refine the
result. A visual overview of the preprocessingworkflow is provided in
Supplementary Fig. S22. During each phase, cells are processed
based on their maximum alignment probabilities in A0. For cell i
considering alignment with cell j, the marginal alignment score is

computed as:

Δadd
ij = ξðP,A0jPij = 1Þ � ξðP,A0jPij =0Þ

= A0
ij � λ

Xn2

j = 1

Pi, j + 1

 !2

+
Xn1

i = 1

Pi, j + 1

 !2
0
@

�
Xn2

j = 1

Pi, j
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+
Xn1

i= 1
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0
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1
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= A0
ij � 2λ

Xn2

j = 1

Pi, j +
Xn1

i = 1

Pi, j + 1

 !
ð7Þ

where
Pn2

j = 1Pi, j and
Pn1

i = 1 Pi, j represent the current number of align-
ments for cells i and j respectively. An alignment is accepted ifΔadd

ij >0.
When Δadd

ij ≤0, the algorithm attempts to improve the alignment by
replacing an existing lower-confidence match. For a candidate
replacement of cell l’s alignment with j, the replacement score is
calculated as:

Δreplace
ij, lj = ξðP,A0jPij = 1,Plj =0Þ � ξðP,A0jPij =0,Plj = 1Þ

= A0
ij � A0

lj

� �
� λ

Xn2
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Pi, j + 1

 !2
0
@

+
Xn2

j = 1

Pl, j � 1
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�
Xn2

j = 1
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Xn2
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P2
l, j

 !1A

= A0
ij � A0
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� �
� 2λ

Xn2
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Pi, j �
Xn2

j = 1

Pl, j � 1
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ð8Þ

The replacement is executed if Δreplace
ij, lj >0, ensuring that each mod-

ification improves the overall objective score. This process continues
alternating between datasets until either no changes occur for three
consecutive iterations or a maximum number of iterations is reached.
This limit is set to n1 ⋅ 0.02 and is capped between 50 and 100
iterations.

The quadratic form of the penalty term is specifically designed to
impose progressively stronger constraints as the number of align-
ments increases. This non-linear penalty effectively prevents over-
alignment by making each additional alignment increasingly costly,
particularly for cells that already have multiple matches. The para-
meter λ is empirically set to balance between alignment flexibility and
specificity, with larger values promoting more conservative alignment
patterns.

After the score-based optimization converges, the final alignment
matrix Â is constructed by combining the optimized alignment plan P
with the initial inter-dataset edges: Â=P _ AX , anchor. This choice to
combine the initial high-confidence anchorswith scGALA’s predictions
was validated through an ablation study (Supplementary Fig. S23). We
compared the performance of using: (1) only the initial anchors, (2)
only the alignments uniquely predicted by scGALA, and (3) the com-
bined set used in our final model. The results demonstrated that the
combined approach yielded themost accurate and robust alignments.
For instance, when enhancing Seurat, the combined strategy achieved
an average label transfer accuracy of 0.8263, a significant improve-
ment over using either initial anchors alone (0.7201) or only the newly
predicted links (0.7866) (Supplementary Fig. S23f). Furthermore, the
alignments discovered exclusively by scGALA constitute around 21% of
the final pairings and exhibit a quality comparable to the initial
anchors, as shown by their similar Spearman correlation distributions
of gene expression (Supplementary Fig. S23a–e). This confirms that
scGALA enriches the alignment map with high-quality cell pairs that
are previously undiscovered, and the combined strategy produces the
most comprehensive results. This integration ensures that high-
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confidence anchor pairs are preserved while allowing for additional
biologically meaningful alignments discovered through the score-
based optimization process. The resulting alignmentmatrix provides a
comprehensive cell-cell correspondence map that captures both
strong one-to-one matches and carefully controlled many-to-many
relationships, enabling flexible yet reliable cell alignment across
datasets.

All-in-one integration and harmonization pipeline
Having established the core graph-based alignment framework, we
next describe how scGALA implements fundamental single-cell data
integration tasks. The scGALA framework enhances existing single-cell
integration methods by replacing their core cell alignment modules
while preserving their established workflows. This enhancement
strategy capitalizes on the robust graph-based cell alignments gener-
ated through our GAT architecture and score-based optimization,
smoothly integrating these improved alignments into various down-
stream applications. Bymaintaining the fundamental structure of each
methodwhile upgrading their alignment capabilities, scGALA achieves
superior performance across multiple integration tasks without
requiring significant modifications to established pipelines.

For each integration method, the enhancement process primarily
involves substituting the original cell correspondence identification
mechanism with scGALA’s alignment output Â. In Seurat’s batch cor-
rection pipeline, we modify the CCAIntegration module by replacing
the CCA-based anchors with scGALA-derived alignments, maintaining
the subsequent correction steps that leverage these anchors for batch
effect removal. Similarly, for label transfer applications, Seurat’s
FindTransferAnchors function is adapted to utilize scGALA’s align-
ments instead of the default PCA-based anchor identification. The
scCrossmulti-omics integration pipeline is enhanced by incorporating
scGALA-generated alignments into its MNN prior generation step,
while STAligner’s spatial alignment capabilities are improved by
updating its MNN dictionary construction with scGALA’s refined cell
alignments.

To demonstrate the versatility and effectiveness of this
enhancement strategy, we developed a comprehensive evaluation
framework utilizing the Rodent Research-3 dataset45 from the NASA
Open Science Data Repository. This spatial multi-omics dataset com-
bines single-cell RNA sequencing (21,178 cells), ATAC sequencing
(21,178 cells), and spatially-resolved transcriptomics data
(29,770 spots), all generated frommouse brain hemispheres using 10x
Multiome and Visium protocols respectively. This unique dataset
enables the assessment of all four primary integration applications—
batch correction, label transfer, multi-omics integration, and spatial
alignment—within a single cohesive experimental context. The eva-
luation framework implements rigorous quantitative metrics tailored
to each application’s specific objectives while maintaining consistency
in the assessment methodology across different integration tasks.
Statistical significance evaluated using one-sided Student’s t-test is
adopted to determine whether scGALA is capable of producing sig-
nificant improvements51. As the evaluation processes of all-in-one
pipeline and universal booster are the same, the details of the specific
evaluation framework for each task will be elaborated on in the next
section.

scGALA as universal booster
To demonstrate the broad applicability of scGALA’s enhancement
capabilities as a universal booster for existing methods, we extended
our evaluation to encompass multiple established methods within
each application category, testing their performance on commonly
used benchmark datasets specifically designed for each task. For batch
correction, we evaluated Seurat (unsupervised), INSCT (supervised
and unsupervised modes)44, scDML (unsupervised)11, Scanorama
(unsupervised)10, iMAP (unsupervised)53, and STACAS (semi-

supervised)20 using the Mouse Brain ATAC (Gene) dataset of 11,270
cells from the scIB benchmark suite49. The scGALA enhancement
process involved replacing their respective cell alignmentmodulewith
scGALA andadapting theoutput formats tofit their originalworkflows:
modifying CCA-based anchor identification for Seurat, updating MNN
dictionary construction for INSCT variants and Scanorama, adapting
MNN pair calculations for scDML and iMAP. The detailed code mod-
ifications can be accessed in our public code repository.

For batch correction performance assessment, we employ a dual-
metric approach that evaluates both biological conservation and
technical variation removal. Biological conservation is quantified
through three complementary metrics: Adjusted Rand Index (ARI)46,
which measures the similarity between clustering results, and Nor-
malized Mutual Information (NMI)47, which quantifies the shared
information between two clustering results with values between 0 and
1, for cluster alignment accuracy based on the Leiden graph-clustering
method114, andAverage SilhouetteWidth (ASW)48, which evaluates how
well-separated clusters are by measuring the average similarity of
points within their assigned clusters compared to other clusters, for
assessing the preservation of biological structure. The effectiveness of
batch effect removal is measured using graph connectivity analysis49,
which assesses integration quality by measuring the connections
between cells from different batches in a nearest-neighbor graph, and
batch-specific ASW score, whichmeasures howwell batches aremixed
in each cell type and therefore affected by both batch mixing and cell
type isolation in each cluster. Specifically, for cells i with batch label B
of a cell type Cj, the batch-specific ASW score of that cell type is:

BatchASW ðCjÞ =
1

jCj j
X
i2Cj

1� ∣sði;BÞ∣ð Þ,

s i;Bð Þ = 1
∣i∣

X
k2i

b k;Bð Þ � a k;Bð Þ
maxfa k;Bð Þ,b k;Bð Þg

� 	 ð9Þ

whereaði;BÞ is the average distance between cell k and all other cells in
the same batch, bðk;BÞ is the minimum (over all the other batches) of
the average distance between k and cells in that batch. All metrics in
the Batch Correction evaluation are obtained using the scIB bench-
mark suite49 and scaled between 0 and 1, with 0 indicating suboptimal
performance and 1 indicating optimal performance. The UMAP visua-
lizations are plotted using Scanpy102 with the Leiden algorithm114 as the
cell clustering backbone.

Label transfer evaluation expanded to include Seurat, scGCN58,
Conos13, and Monet59, using a 4-patient breast cancer dataset60 of
10,689 cells derived fromChromium Flex (snRNA-seq) FFPE samples61.
The scGALA enhancement process involved replacing inter-dataset
graph generation components with scGALA for scGCN and Conos,
modifying reference-query anchors for Seurat, and replacing MNN
alignments for Monet.

To rigorously evaluate label transfer performance under realistic
conditions, we implemented two key data preprocessing strategies:
uneven cell type splitting and batch effect simulation. For the splitting
procedure, we developed an adaptive sampling approach that gen-
erates reference and query datasets with intentionally imbalanced cell
type distributions while maintaining a specified overall split ratio. This
is achieved by assigning random split ratios (uniformly distributed
between 0.1 and 0.9) to each cell type independently, followed by a
global adjustment step that ensures the target overall ratio is pre-
served through selective redistribution of cells between sets. For batch
effect simulation, we applied a two-component batch effect model to
the query dataset. The model combines multiplicative gene-specific
effects, drawn from a normal distribution centered at 1 with controlled
variance, with additive random noise. The strength of both compo-
nents can be adjusted through parameters controlling the variance of
the multiplicative effects and the magnitude of the random noise,
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respectively. For a gene expression matrix X, the batch effect simula-
tion can be expressed as: Xbatch = X ⊙ (1 + αϵb) + βϵn, where ⊙ repre-
sents element-wise multiplication, ϵb � N ð0, 1Þ is the gene-specific
batch effect, ϵn � N ð0, 1Þ is random technical noise, and α, β are
strength parameters for batch effect and noise respectively. The
resulting modified expression profiles maintain biological signals
while exhibiting realistic technical variations, creating challenging but
representative conditions for evaluating label transfer methods. This
preprocessing framework enables systematic assessment of method
robustness under conditions where cell type representations are
unbalanced and technical variations exist between reference and
query datasets. The combination of uneven splitting and simulated
batch effects provides a standardized yet challenging evaluation sce-
nario that closely mirrors real-world integration challenges.

Then, the label transfer accuracy is evaluated through a multi-
faceted statistical framework that combines overall accuracy mea-
surements with detailed confidence analysis. Beyond simple accuracy
calculations, we adopt Cohen’s Kappa coefficient, which measures
inter-rater reliability while accounting for the possibility of agreement
occurringby chance, and compute95% confidence intervals, providing
robust statistical bounds for the reliability of label transfer results. This
approach enables precisequantification of improvement in annotation
transfer capabilities while accounting for statistical uncertainty. All
metrics are obtained using confusionMatrix function from the R
package caret115, directly comparing ground truth labels and trans-
ferred labels.

Inmulti-omics integration assessment, we used theMouse Cortex
SNARE-seq dataset62 containing paired scRNA-seq and scATAC-seq
data of 9190 cells, accessible through GEO accession GSE126074. We
incorporated GCN-SC63 with modifications to its MNN pair calculation
with scGALA enhanced alignments. With scCross, Seurat, and Conos
enhanced by scGALA as stated previously, we also evaluated their
integration ability tailored for multi-omics data.

Multi-omics integration evaluation employs an extended metric
suite that builds upon the biological conservation measures used in
batch correction assessment. In addition to ARI, NMI, and ASW cal-
culations, we introduced domain-specific graph connectivity and ASW
analysis using scIB by replacing the batch labels with domain labels in
batch-specific graph connectivity and ASW analysis. Moreover, we
implemented the Fraction of Samples Closer Than True Match
(FOSCTTM) methodology50, which evaluates integration quality by
measuring the proportion of cells fromonemodality that are closer to
a cell’s true match in another modality, with lower values indicating
better integration. The FOSCTTM curve analysis provides particular
insight into the quality of cell matching over varying sample size.

Spatial alignment evaluation examined STAligner, INSCT, Seurat,
and STADIA64 to align tissue sections from human dorsolateral pre-
frontal cortex samples profiled with 10x Visium65, accessed through
the spatialLIBD Bioconductor package116. The dataset included four
slices (A-D) from three individuals (I-III), totaling 47,681 spots. We
evaluated alignment between slices A and B of Sample I. The scGALA
enhancement process involved updatingMNNdictionary construction
for STAligner, augmenting the MNN adjacent matrix construction for
STADIA, and the same modifications as described for INSCT and
Seurat above.

Spatial alignment assessment introduces unique metrics that
account for both molecular and spatial aspects of integration quality.
While retaining the core biological conservation metrics, we imple-
ment specialized spatial integration measures including slice-specific
graph connectivity and ASW analysis using scIB by replacing the batch
labels with slice labels in batch-specific graph connectivity and ASW
analysis. For cross-slice alignment accuracy, we employed the Spa-
tial Match function from scSLAT117, which uses embedding to
match cells from different slices according to cosine similarity and
then calculate the accuracy based on matching cell type labels.

This comprehensive evaluation framework enables quantification
of both transcriptional and spatial correspondence accuracy, provid-
ing a complete picture of integration performance in the spatial
context.

This comprehensive evaluation framework demonstrates scGA-
LA’s capability to enhance various integration methods across diverse
experimental contexts. By maintaining consistent evaluation metrics
while testing multiple methods on commonly used benchmark data-
sets, we establish the broad applicability and robust performance
improvements achieved through scGALA enhancement. The frame-
work provides strong evidence for scGALA’s utility as a universal
booster for single-cell integration methods, capable of improving
performance across diverse applications while maintaining the core
functionality and unique advantages of each original method.

Advanced multi-omics functionalities
Beyond fundamental integration tasks, scGALA implements advanced
multi-omics functionalities that leverage scGALA’s unique graph-based
alignment architecture to solve problems that remain challenging or
impossiblewith conventional approaches. These advanced capabilities
extend beyond traditional integration tasks to enable unseen biologi-
cal insights from complex and heterogeneous datasets spanning
multiple modalities and technologies. These functionalities include
mosaic integration and cross-modality imputation, which enhance
data alignment and infer unmeasured profiles, and spatial tran-
scriptomics enhancement that improves resolution by imputing
missing gene expression in spatial datasets.

Mosaic Integration and Cross-modality Imputation: Single-cell
multimodal analysis presents unique challenges in data integration,
requiring sophisticated approaches to align and analyze data across
different molecular modalities. The scGALA framework addresses
these challenges through two distinct but complementary capabilities
built upon the graph-based framework established in previous sec-
tions while introducing specialized components for multimodal ana-
lysis: mosaic integration for combining datasets with overlapping
modalities, and cross-modal generation for imputing missing
modalities.

For mosaic integration, scGALA focuses on unifying dual-omics
datasets (e.g., paired scRNA+scATAC and scRNA+scADT measure-
ments) that share a commonmodality into a comprehensive tri-omics
dataset by leveraging shared modalities as alignment bridges. The
process begins with careful preprocessing of each modality following
the established protocol. The shared RNA modality serves as the pri-
mary basis for alignment. The graph construction for mosaic integra-
tion follows the basic framework described earlier. Given dual-omics
dataset pairs with shared RNA modality, we construct the input graph
data as GMulti = ðX,AÞ, where we use the RNA expression profiles to
construct the intra-dataset and inter-dataset edges. The edge structure
incorporates both intra-dataset relationships through KNN and inter-
dataset connections through the chosen anchoringmethod (e.g.,MNN
or CCA). The input graph then undergoes the GAT-based link predic-
tion and score-based search optimization as previously described.
The resulting enhanced alignments from scGALA enable the con-
struction of a unified tri-omics dataset by establishing robust cell-cell
alignments that preserve the biological relationships across all three
modalities.

For mosaic integration evaluation, we used the CITE-seq dataset55

of 161,764 bone marrow mononuclear cells56 (accessible through GEO
accession GSE128639) and the PBMC Multiome dataset of 10,412 cells
published by 10x Genomics57. To showcase integration performance
across multiple datasets, we sampled subsets (identified by ‘PN’ in
‘orig.ident’ annotation denoting different patients) from the CITE-seq
dataset and integrated them with the Multiome dataset respectively.

The integration process begins by establishing cell alignments
between datasets based on their shared RNA profiles using MNN as
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initial anchors, followed by scGALA’s graph attention network
enhancement. To evaluate biological fidelity, we examined cell type-
specific alignment precision through confusion matrices comparing
three alignment strategies: MNN baseline (ARNA,MNN), scGALA-
enhanced (Â), and scGALA-exclusive (P, exclusive alignments identi-
fied by scGALA). Quality control was assessed through Spearman’s
correlation distribution analysis of aligned cell pairs with SciPy118 and
composition analysis via doughnut chart visualization. Alignment
accuracy was validated using ROC analysis with scikit-learn119 based on
cell type annotations, with AUROC values quantifying cell type
matching performance. Visual validation was provided through three-
dimensional UMAP embedding using SLAT117, with alignment links
indicating correspondence quality.

To validate alignment accuracy with solid ground truth, we con-
ducted experiments on the NEAT-seq dataset76 (accessible through
GEO accession GSE178707) containing simultaneous profiling of pro-
teins, chromatin accessibility, and gene expression in 11,300 cells. We
duplicated gene expression data and added varying Gaussian noise
and dropout effects to simulate technical variation, enabling evalua-
tion against one-to-one correspondence ground truth. Additional
validation with the same experiment process was performed using
MPAL CITE-seq and DAb-seq datasets79 of 72,131 cells (GEO accession
GSE232074).

The cross-modal generation capability of scGALA extends its
graph-based framework to address a critical challenge in single-cell
multi-omics analysis: generating RNA expression profiles for cells
where only ATAC-seq measurements are available. This functionality
enables comprehensive molecular characterization of cells by lever-
aging information from a reference multi-omics dataset (containing
paired scRNA-seq and scATAC-seq measurements) to predict RNA
profiles for query cells with only ATAC-seq data. The approach
implements a two-stage framework that first establishes robust cell-
cell alignments through graph-based alignment, then utilizes these
alignments to guide RNA profile generation through a specialized
Graph Attention Network architecture.

In the Graph Data Generation stage, we begin by preprocessing

both the reference multi-omics dataset Dref = fXref
RNA,X

ref
ATACg and the

query ATAC dataset Xquery
ATAC following our established protocol. A cri-

tical step involves generating gene activity scores from both ATAC
datasets to create a representation compatible with RNA expression
patterns. Using the Signac package’s GeneActivity function, we com-

pute activity scoresXref
GAS andXquery

GAS by quantifying ATAC-seq counts in
the 2kb-upstream region and gene body of each gene. These activity
scores undergo the same preprocessing steps as RNA data, including
library size normalization to 10,000 counts, log-transformation with a
pseudocount of 1, and selection of highly variable genes. Subse-
quently, the gene activity scores from both datasets are merged into a

unified feature matrix: XGAS =
Xref
GAS

Xquery
GAS


 �
. This combined representation

serves as input to scGALA’s cell alignment framework, which identifies
corresponding cells between the reference and query datasets. The

resulting alignment matrix ÂATAC captures both one-to-one and care-
fully controlled many-to-many relationships between cells based on
their chromatin accessibility patterns.

Using these alignments, we construct a new graph data structure
specifically designed for cross-modal generation as Ggen = ðXgen,AgenÞ,

where Xgen =
Xref
RNA

Xquery
GAS


 �
is the node feature matrix in Rn×d and

Agen =
W2

i= 1Ai, KNN

� �
_ ÂATAC represents the adjacency matrix. Here,

Ai,KNN represents intra-dataset edges constructed using K-nearest

neighbors within each dataset, and ÂATAC provides the inter-dataset
connections derived from scGALA’s alignment process. The node

features combine reference RNA expression and query gene activity
scores, and the adjacency matrix incorporates both intra-dataset and
inter-dataset edges.

The GAT-based Cross-modal Generation stage implements a
specialized architecture optimized for translating chromatin accessi-
bility patterns into gene expression profiles. The model consists of
three GAT layers (N = 3) with increasing complexity:

X̂
query
RNA = ReLUðELUðGATNðXN ,AgenÞÞÞ,

where Xi = ELUðGATi�1ðXi�1,AgenÞÞ
ð10Þ

with each GAT layer, as mentioned in scGALA Architecture section,
implementing multi-head attention that encodes both the structural
and feature-based information from the node’s local neighborhood to
facilitate effective information propagation across the graph.

The model is trained to minimize a weighted mean squared error
loss:

Lgen =
X

ði, jÞ2ÂATAC

wij k xref
RNA, i � x̂query

RNA, jk22,

with wij = max 0, min
SNNði, jÞ � Q0:01ðSNNÞ

Q0:90ðSNNÞ �Q0:01ðSNNÞ
, 1

� 	� 	 ð11Þ

where SNN(i, j) is the shared neighbor overlap between anchor i in the
reference dataset and anchor j in the query dataset, computed based
on the kscore nearest neighbors.Q0.01(SNN) andQ0.90(SNN) are the 0.01
and 0.90 quantiles of the raw SNN scores, respectively. The weight for
each anchor pair is capped between 0 and 1, and we use the default
kscore value as in Seurat.

The training process employs the Adam optimizer with an initial
learning rate of 1 × 10−3 and implements a step-based learning rate
scheduler (step size = 500, gamma = 0.5) which decays the learning
rate of each parameter group by gamma every step size epochs for
stable convergence. Early stopping monitors the training loss with a
patience of 10 epochs to prevent overfitting. During inference, the
trained model processes the query cells’ gene activity scores through
the graph attention layers to generate corresponding RNA expression
profiles.

For cross-modality imputation evaluation, we used the PBMC
Multiome dataset57 to generate RNA expression profiles from chro-
matin accessibility data. The framework implements a two-stage
approach as introduced above: first establishing robust cell-cell
alignments through graph-based alignment, then utilizing a specia-
lized GAT architecture for RNA profile generation.

The evaluation framework for cross-modal generation encom-
passes multiple complementary metrics designed to assess both
technical accuracy and biological relevance of the generated profiles.
Cross-modal generation accuracy is quantified through Pearson’s
correlation analysis of expression patterns of cell type-specific sig-
nature genes obtained by Scanpy102 between generated and ground
truth RNA profiles. Cell type clustering fidelity is evaluated using the
Adjusted Rand Index (ARI) to compare clustering results between
generated and ground truth data in UMAP space constructed with
Scanpy. The functional relevance of generated profiles is assessed
through Gene Ontology Biological Process (GOBP) enrichment analy-
sis of signature genes82 using pathway enrichment function from
OmicVerse120, with the correlation of �log10ð FDRÞ values between
generated and ground truth RNA confirming the preservation of bio-
logical processes. Finally, cell-cell interaction dynamics are validated
using CellChat analysis121, comparing interaction strengths for both
Secreted Signaling and Cell-Cell Contact pathways between generated
and ground truth profiles. This comprehensive evaluation framework
ensures that the generated RNA profiles not only accurately reflect
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gene expression patterns but also preserve essential biological char-
acteristics and cellular interaction dynamics.

Spatial Transcriptomics Enhancement: Spatially resolved tran-
scriptomics technologies, while revolutionary, often provides limited
gene coverage compared to traditional single-cell RNA sequencing
methods. For instance, current spatial technologies like Xenium typi-
cally sequence only 300-500 genes61,89,90, creating a significant gap in
transcriptome-wide analysis capabilities. To address this limitation, we
developed a specialized module within scGALA that leverages refer-
ence scRNA-seq data to impute genome-wide expression profiles for
spatial transcriptomics data. This imputation framework integrates
our graph-based cell alignment approach with an efficient imple-
mentation of ClusterGCN122, enabling comprehensive transcriptome
reconstruction while maintaining computational feasibility for large-
scale spatial datasets.

The imputation process follows a two-stage framework that first
establishes robust cell alignments between spatial and reference data,
then leverages these relationships for feature expansion. In the initial
graph data generation stage, we first perform scGALA-enhanced cell
alignment between reference scRNA data XRef and the spatial tran-
scriptomics data XST. The node features of the input graph consist of
common genes between spatial and reference datasets:

XAlign =
XRef ½: ns�
XST½: ns�


 �
, where ns denotes the number of genes measured

in the spatial data that also exist in the reference scRNA data. This
graph undergoes scGALA’s cell alignment framework, which identifies
corresponding cells between the reference scRNA data and spatial

transcriptomics data. The resulting alignments ÂST are utilized as the
inter-dataset edges for the new graph data constructed specifically for
imputation:

GST = ðXimp,AimpÞ, where Ximp =
XRef

XST½: ns�;0


 �
2 Rn×dref ,

Aimp =
_2

i = 1
Ai, KNN

� �
_ ÂST

ð12Þ

where node features Ximp now encompass the full gene set, with
reference scRNA nodes containing complete transcriptome profiles
and spatial nodes containing measured genes padded with zeros. For
reference data nodes r ∈ XRef, features are reordered as
xr = [xr,common; xr,unique], where xr,common represents genes shared with
spatial data. For spatial nodes s ∈ XST, features are structured as
xs = [xs,common; 0], where zero padding matches the dimension of
unique reference genes. This structured arrangement enables direct
computation on the common feature space while maintaining the
complete gene set for imputation. The edge setAimp incorporates both
KNN-based intra-dataset connections and inter-dataset edges derived
from the scGALA cell alignment results, forming a comprehensive
graph that enables information flow from reference to spatial nodes
during imputation.

The core imputation model employs ClusterGCN122, which pro-
cesses dense subgraphs identified through graph clustering to reduce
memory requirements while maintaining accuracy:

ClusterGCN X,Að Þ= ð�A+ λ � diag ð�AÞÞXW1 +XW2,

where �A= ðD+ IÞ�1ðA+ IÞ
ð13Þ

here D is the corresponding degree matrix and W(l) is the learnable
weight matrix. ClusterGCN operates by sampling blocks of nodes that
form dense subgraphs and restricts neighborhood search within these
subgraphs, significantly improving computational efficiency.

The network consists of two ClusterGCN layers with the following
ReLU activation functions and Dropout function with a probability of
50%, processing the graphdata inmanageable chunkswhilepreserving

the essential relationship information for accurate imputation. The
training process employs an adaptive optimization strategy with the
Adamoptimizer (initial learning rate = 1 × 10−3) and a StepLR scheduler
(step size = 500, gamma = 0.5) to ensure stable convergence. We
implement an early stopping mechanism with increased patience (30
epochs) and minimum delta (1e-4) compared to our standard cell
alignment training, accounting for the more gradual convergence
patterns observed in imputation tasks.

The loss function combines mean squared error (MSE) terms for
both RNA and spatial domains:

L=
1

jVRj
X
i2VR

k xi � x̂ik22 +
1

jVSj
X
j2VS

k xj½: ns� � x̂j½: ns�k22 ð14Þ

where VR and VS represent the sets of RNA and spatial nodes respec-
tively, and x̂ represents the reconstructed expression values. This
formulation ensures that the model learns to accurately reconstruct
the full transcriptome for RNA nodes while maintaining fidelity to the
measured genes in spatial nodes.

After the training convergence, imputation is performed through
a forward pass of the spatial nodes through the trained network. The
output provides genome-wide expression profiles for each spatial
location, with the measured genes serving as an internal validation
metric for imputation accuracy. This approach effectively leverages
the rich information available in scRNA-seq reference data while pre-
serving the crucial spatial context of the original measurements,
enabling comprehensive transcriptome-wide analysis of spatial gene
expression patterns.

To evaluate imputation quality, we implemented a multi-faceted
validation framework examining both global and local accuracy
metrics using the Rodent Research-3 dataset that contains both spatial
transcriptomics and reference snRNA-seq data. Starting with ground
truth data (14,630 genes), we simulated sparse input by selecting 500
HVGs, then imputed additional 1,050 genes using scGALA’s reference-
guided approach. Additional experiments with varying HVG numbers
(300, 350, 400, 450) assessed the robustness to gene selection.

We compared clustering results and transcriptome structure
preservation through UMAP visualization (Scanpy) and Adjusted Rand
Index (ARI) calculations (scIB) across different data representations:
ground truth, simulated sparse data (sampled high-variance genes),
scGALA-imputed data (using alignment-guided graph reconstruction),
and imputed-only genes. Biological relevance was assessed through
GOBP enrichment analysis using pathway enrichment function from
OmicVerse120 comparing cell type-specific differential expression pat-
terns between ground truth and imputed data, with GOBP term sig-
nificance correlations (− Log10(FDR)) quantifying functional
preservation. Additionally, we validated spatial domain preservation
using the GraphST algorithm and examined cell type-specific marker
gene expression patterns through dot plot visualization with Pearson
correlation assessments.

Furthermore, we applied scGALA to a Xenium human breast
cancer dataset101 (541 genes, accessible through SubcellularSpatialData
R/Bioconductor package with dataset ID: EH8567) to demonstrate
practical applicability on real spatial transcriptomics data with limited
gene panels. Controlled experiments involved sampling 300 HVGs
from the original panel to enable quantitative comparison against
measured values, confirming high biological fidelity with Pearson
correlation and improved spatial domain identification as
introduced above.

This comprehensive evaluation frameworkdemonstrated thatour
imputation approach effectively leverages the rich information avail-
able in scRNA-seq reference data while preserving both crucial spatial
context and cell type-specific expression patterns, enabling reliable
transcriptome-wide analysis of spatial gene expression.
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Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The datasets used in the evaluationof scGALA are all publicly available.
The processed data of Rodent Research-3 dataset45 is accessible via
NASA Open Science Data Repository under study ID OSD-352. The
preprocessed data of Mouse Brain ATAC (Gene) benchmark dataset
from scIB49 is available as preprocessed AnnData objects on Figshare.
The processed data of breast cancer dataset60 is available at cellxgene
database123. The processed data of Mouse Cortex dataset profiled with
SNARE-seq62 is available at the Gene Expression Omnibus (GEO) data-
base under accession number GSE126074. The processed data of 10x
Genomics Visium ST data from human dorsolateral prefrontal cortex
tissues65 is available from the Bioconductor package spatialLIBD116. The
processed expression matrices of CITE-seq dataset on bone marrow
mononuclear cells56 is available through GEO database under acces-
sion number GSE128639. The PBMC Multiome dataset published by
10x Genomics57 can be accessed in 10x Genomics open database. The
MPAL CITE-seq and DAb-seq datasets79 can be accessed through GEO
database under accession numberGSE232074. TheNEAT-seq dataset76

can be accessed through GEO database under accession number
GSE178707. The Xenium human breast cancer dataset101 is accessible
through the SubcellularSpatialData R/Bioconductor data package101

with identifier EH8567. The example datasets associated with this
study are available on FigShare at https://doi.org/10.6084/m9.figshare.
28728617124. Source data are provided with this paper.

Code availability
The code used to develop the model, perform the analyses, and gen-
erate results in this study is publicly available and has been deposited
in GitHub at https://github.com/mcgilldinglab/scGALA, under the MIT
license. The specific version of the code associated with this publica-
tion is archived in Zenodo and is accessible via https://doi.org/10.5281/
zenodo.17409944125.
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