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[1, 2]. Spatial transcriptomics (ST) technologies simul-
taneously measure gene expression by preserving spa-
tial coordinates of units at various resolutions, i.e., 10× 
Visium [3] with 55 µm, Slide-seq [4, 5] with 10 µm, and 
Stereo-seq [6] with 220 nm. Most studies focus on single-
condition ST data analysis, facilitating the exploration of 
bio-markers, spatial domains, cell-cell communications, 
and progression of cancers [7–15].

The inherent complexity of biological tissues poses 
significant challenges for systematic investigation of 
systems under uniform experimental conditions, and 
integrative analysis of omics data provides more com-
prehensive characterizations of tissues. For instance, 
the limited genome coverage of ST data can be comple-
mented with single-cell RNA-sequencing (scRNA-seq) 
data, which is pivotal for elucidating complex biological 
mechanisms [16, 17]. And, integrating multiple ST slices 
associated with tissue development or cancer progression 
enables effective tracking of spatiotemporal patterns and 
their molecular underpinnings, which are critical for the 
diagnosis and therapy of complex diseases [18]. Conse-
quently, there is a pressing need to integrate multiple ST 
datasets generated by various conditions, platforms, and 
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stages, thereby facilitating holistic interrogation of tissue 
architecture at various resolutions [19, 20].

The alignment of ST slices, which involves construct-
ing mappings among spots across different slices, is a 
fundamental task in the integrative analysis of ST data-
sets. Accurate alignment enables the identification of 
conserved and slice-specific spatial domains, thereby 
facilitating downstream analyses [21–23]. However, 
aligning ST slices remains challenging because hetero-
geneity and batch effects across various datasets, which 
often obscure true biological signals and hinder data 
integration. Current algorithms for the integrative analy-
sis of ST slices can be broadly categorized into non-spa-
tial- and spatial-aware approaches. Non-spatial-aware 
methods ignore spatial information of spots by directly 
extending algorithms originally developed for scRNA-seq 
data, such as Seurat [24], canonical correlation analysis 
(CCA) [25], Harmony [26], and scVI [27]. These algo-
rithms concentrate on learning features to fully represent 
expression profile of datasets, resulting in the low accu-
racy because of the neglect of spatial information.

Although classical image registration methods provide 
an alternative approach for aligning ST slices [28–30], 
these methods are primarily developed for histological 
and medical images, including functional magnetic res-
onance imaging (fMRI) [31]. Recent evidence [32] sug-
gests that image registration is not easily extensible to 
ST data because the absence of corresponding histologi-
cal images. Furthermore, most image registration algo-
rithms are supervised, imposing extra burdens for users 
since manually selected landmarks are required [33]. To 
address these limitations, spatial-aware algorithms for 
aligning ST slices consider both spatial proximity and 
transcriptional similarity of spots across ST slices with 
various strategies. For example, STalign [34] and Spateo 
[35] utilize partially matched sections of tissues to guide 
alignment of slices, whereas SANTO [36] and CAST [37] 
deliberately leverage global spatial information of slices. 
SPACEL [38] aligns slices by exploiting meta-structure 
of spatial domains, and PASTE [39] (its variants PASTE2 
[33] and DeST-OT [40]) hypothesize that topological 
similarity of spot graphs is sufficient to model corre-
spondence of spots across slices. STAligner [41] employs 
graph neural networks (GNN) to learn features of spots 
by taking mutual nearest neighbors (MNN) [42] across 
slices as prior information. SLAT [43] performs slice 
alignment by using the graph adversarial discriminator 
[44], and Moscot [45] utilizes the low-rank optimal trans-
port strategy to accelerate alignment of large-scale ST 
slices.

Although great progress has been achieved, critical 
challenges in ST slice alignment remain unsolved. First, 
existing algorithms primarily focus on aligning adja-
cent ST slices, such as consecutive slices of tissues and 

identical slices generated by various platforms, where 
extensive overlapping of slices provides strong prior 
information for alignment of slices. However, adjacent 
slice scenarios are not always feasible because of finan-
cial and technical limitations. In other words, distant 
ST slices, such as non-consecutive slices of tissues and 
slices collected across different developmental stages or 
organs (Fig. 1A) are ubiquitous, yet few attempts address 
this scenario. Second, most current algorithms first learn 
features of spots and then perform alignment of slices, 
implicitly assuming independence between feature learn-
ing and alignment of slices. In contrast, previous studies 
[15, 46] demonstrate that joint learning of representations 
and downstream tasks significantly improves quality of 
features, thereby improving performance of algorithms 
for analyzing ST data. Third, existing algorithms can only 
handle balanced slices, i.e., sizes or spatial structures of 
slices are highly similar, failing to address alignment of 
unbalanced ST slices, which severely limits their applica-
bility in real-world scenarios. Therefore, there is a criti-
cal need for alternatives capable of aligning distant and 
unbalanced ST slices under diverse conditions.

To address these aforementioned problems, we pro-
pose a novel algorithm for Aligning Distant slices with 
Graph model (called AlignDG), which is a network-based 
approach for aligning distant ST slices. As shown in Fig. 
1B, AlignDG consists of three major components, i.e., 
attributed multi-layer network construction, feature 
learning with graph model, and alignment of ST slices. 
To avoid independence of feature learning and slice 
alignment, AlignDG proposes a joint learning framework 
to integrate these tasks, where features are learned using 
GNN under the guidance of spot correspondences across 
slices. To handle unbalanced slices, AlignDG leverages an 
information-theoretic matching strategy that maximizes 
mutual information between spot distributions across 
slices, enabling a more precise alignment of distant ST 
slices. Moreover, AlignDG employs self-supervised 
learning to fully exploit the topological structure of spot 
networks, thereby enhancing both quality and discrimi-
native of spot features. Experimental results demonstrate 
that AlignDG not only outperforms state-of-the-art base-
lines for alignment of ST slices without prior informa-
tion, but also saves approximate 50% of slices required by 
current algorithms. Overall, AlignDG offers an effective 
alternative for integrative analysis of ST data.

Methods
AlignDG performs alignment of slices without prior 
information by leveraging the topological structure of 
spot attributed multi-layer networks, which consists of 
three major components, i.e., attributed multi-layer net-
work construction, feature learning with graph model, 
and alignment of slices, where the latter two components 
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are jointly optimized to enhance quality and discrimi-
native of spot features for downstream tasks (Fig. 1). 
Specifically, AlignDG first learns spot features from the 
constructed networks using the graph auto-encoder 
(GAE), then aligns slices by simultaneously considering 
feature and structure consistency of spots across slices, 
where self-supervised learning is employed to further 
improve quality of features.

Attributed multi-layer network construction
The raw data of ST slices are preprocessed using 
SCANPY [47] and Seurat [48], where the count matrix 
undergoes normalization, logarithmic transformation, 
and scaling. Genes expressed in less than 10 cells are fil-
tered out, and the top 10,000 highly variable genes are 
remained for downstream analysis.

Fig. 1  Overview of AlignDG for distant slice alignment. A Typical circumstances of distant slices addressed by AlignDG, including non-consecutive slices 
of a tissue (I), slices associated with non-continuous developmental (embryonic) stages (II), slices with different conditions (III), and 3D reconstruction 
of tissues (IV), respectively. B AlignDG consists of network construction, feature learning, and distant slice alignment, where network construction takes 
the normalized gene expression and spatial coordinates of spots as input to obtain attributed multi-layer networks, and feature learning employs graph 
attention auto-encoder neural network to extract spatial-aware representation of spots. And, distant slice alignment simultaneously exploits feature 
and structure of attributed multi-layer networks to perform alignment across unbalanced and distant slices by measuring similarity of spots in terms of 
distributions of spots with mutual information, where self-supervised learning is utilized to improve discriminative of features with self-supervised prior 
information
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Each ST slice containing n spots and m genes, is repre-
sented by an expression profile X = [x1, . . . , xn] ∈ Rm×n 
and a spatial coordinate profile Y = [y1, . . . , yn] ∈ R2×n. 
AlignDG constructs an attributed network G = (V, E, X) 
for each slice by defining spots as vertices, the Euclidean 
distances between spot coordinates as edge weights, 
and spot expression profiles as vertex attributes. The 
K-nearest neighborhood (KNN) algorithm is employed 
to construct network, and the number of neighbors for 
each vertex varies across different platforms accord-
ing to Ref. [49]. The topological structure of the attrib-
uted network G is represented by an adjacency matrix 
W ∈ Rn×n,where the element wij  denotes the weight 
of the edge connecting the i-th and j-th spot. Notice that 
variables with superscripts denote quantities correspond-
ing to specific slices, i.e., G[i] = (V [i], E[i], X [i]), repre-
sents the attributed network for the i-th ST slice, where 
V [i], E[i], and X [i] are the set of spots, the set of edges, 
and the spot feature matrix, respectively.

Feature learning with graph model
AlignDG learns spot features by preserving both the 
intrinsic structure of the attribute matrix and topologi-
cal structure of the graph using a graph attention auto-
encoder (GAT) [50]. Specifically, the graph attention 
mechanism adaptively determines the influence of neigh-
boring spots, thereby mitigating the impact of dropout 
events and noise in expression profiles.

AlignDG extracts features of spots using encoder of 
GAT, where output of the l-th layer of encoder corre-
sponds to feature matrix Z(l) = [z(l)

1 , . . . , z(l)
n ]. Z(l) is cal-

culated as

	
z(l)

i =




xi, if l = 0,

σ(
∑

j∈Ni
α

(l)
ij B(l)z

(l−1)
j ), if l ∈ [1, ι − 1]

σ(B(ι)z
(ι−1)
i ), if l = ι,

� (1)

where Ni denotes set of neighbors of the i-th spot, 
σ(·) is a nonlinear activation function, B(l) represents 
the trainable weight matrix at the l-th layer, and α

(k)
ij  

denotes the learned attention coefficient, respectively. 
And, AlignDG reconstructs expression profiles of slices 
with decoder of GAT, where output of the l-th layer 
of decoder corresponds to reconstructed expression 
X̂(l) = [x̂(l)

1 , . . . , x̂(l)
n ]. And, X̂(l) is computed as

	
x̂(l)

i =

{ ∑
j∈Ni

α̂
(l−1)
ij σ(B̂(l)ẑ

(l)
j ), if l ∈ [1, ι − 1],

σ(B̂(0)x̂(0)
i ), if l = 0,

� (2)

where x̂(0)
i = z

(l)
i  is input of decoder, and α̂(l)

ij = α
(l)
ij  are 

the attention coefficients shared by encoder and decoder, 
respectively. AlignDG learns features of spots by mini-
mizing the reconstruction loss, i.e.,

	 Orec = ∥X − X̂∥,� (3)

where ∥X∥ is the Frobenius norm of matrix X, i.e., √∑
ij x2

ij .

Alignment of distant ST slices
AlignDG adopts optimal transport [39, 51] to align ST 
slices by preserving the local geometry of slices. This pro-
cess generates a probabilistic coupling matrix that quan-
tifies the correspondence likelihood between spots across 
slices.

Given two slices S [1] and S [2], containing n[1] and n[2] 
spots with marginal distributions g[1] and g[2], respec-
tively, and a cost function L : R × R → R, a four-order 
tensor L ∈ Rn[1]×n[2]×n[1]×n[2]

 is constructed with ele-
ment Lijkl = L(S [1], S [2]). According to Ref. [51], the 
Gromov-Wasserstain (GW) problem between a pair of 
ST slices is formulated as a minimization problem, i.e.,

	
O(S [1], S [2]) =

∑
ijkl

L(S [1], S [2])ΓijΓkl,� (4)

where Γ is the coupling matrix defined as 
Π(g[1], g[2]) = {Γ ∈ Rn[1]×n[2]

+ : Γ1n[2] = g[1], Γ′
1n[1] = g[2]} , 

and 1n denotes an n-dimensional vector with all elements 
as 1, respectively. By integrating features of spots Z and 
topological structure of the attributed network W from 
each slice, i.e., S = (Z, W, g), Eq.(4) can be extended to 
the Fused Gromov-Wasserstein (FGW) [51], which is for-
mulated as

	
O(S [1], S [2]) =

∑
ijkl

LW (W [1], W [2])ΓijΓkl + β
∑

ij

LZ(Z [1], Z [2])Γij ,� (5)

where parameter β ≥ 0 controls the relative importance 
of features of spots, and LZ  and LW  are the cost func-
tions for features and topological structure of spots, 
respectively.

While several algorithms [33, 39] adopt the FGW for-
mulation in Eq.  (5) to perform alignment of ST slices, 
they present two critical limitations. First, Eq. (5) is 
applicable only to balanced samples, i.e., slices are global 
similar or replicates of the same tissue, which usually 
deviates from the expectation because of technical con-
straints and array placement. Consequently, these algo-
rithms fail to align distant ST slices as shown in Fig. 1A. 
Second, most existing algorithms first fix cost functions 
LW  and LZ , and then perform slice alignment. In this 
case, these algorithms separate intra-similarity within 
slices and alignment of slices,resulting in an undesirable 
performance.

To address the first unbalanced optimal transport prob-
lem, AlignDG introduces unbalanced transport to handle 
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distant slices, i.e., Γ1n[2] = g[1] and Γ′
1n[1] = g[2]. On 

the basis of equivalence of mutual information [45, 52], 
AlignDG relaxes these equality constraints by incor-
porating mutual information terms. Accordingly, the 
objective function of unbalanced optimal transport in 
AlignDG is reformulated as

	

O(S [1], S [2]) =
∑
ijkl

LW (W [1], W [2])ΓijΓkl + β
∑

ij

LZ(Z [1], Z [2])Γij

+ α1I(Γ1n[2] , g[1]) + α2I(Γ
′
1n[1] , g[2]),

� (6)

where α1, α2 > 0 are hyperparameters determining the 
penalties for deviation in the marginal distributions of ST 
slices.

To address the second limitation regarding the fixed 
cost functions, AlignDG automatically optimizes the cost 
function LZ(Z [1], Z [2]) with joint learning, as demon-
strated in Fig. 1B. Furthermore, to accelerate the optimi-
zation of Eq. (6), we introduce a low-rank approximation 
of the optimal transport plan Γ, and derive the corre-
sponding optimization rules (Additional file 1: Section 
1.1).

Self-supervised learning
AlignDG improves quality of spot features by leveraging 
both topological structure of the attributed multi-layer 
networks and alignment of slices with self-supervised 
learning. Specifically, by treating each spot in slice S(1) as 
an anchor, AlignDG selects the top k spots from S(2) with 
the highest mapping probability from Γ as positive pairs, 
and randomly samples k spots from slice S(1) as negative 
pairs. Let ϱ = {(Canc, Cpos, Cneg)}, where each object 
denotes a triplet consisting of an anchor, a positive, and a 
negative spot. AlignDG employs self-supervised learning 
to enforce positive pairs to be close in feature space while 
pushing negative pairs apart. The self-supervised loss is 
formulated as:

	
Lself = 1

nϱ

∑
ϱ

[s(zanc, zneg) − s(zanc, zpos) + ξ]+,� (7)

where nϱ denotes the total number of triplets, 
[x]+ = max(x, 0), and s(·) measures the similarity 
between features of spots, respectively.

AlignDG joins self-supervised learning and feature 
learning as

	 L = Lrec + ηLself ,� (8)

where the hyperparameter η controls the relative impor-
tance of self-supervised learning term (parameter selec-
tion and analysis are presented in Additional file 1).

3D Reconstruction of tissue architecture
Given multiple consecutive ST slices {S [1], . . . , S [m]}, 
AlignDG provides two strategies for 3D tissue reconstruc-
tion, i.e., pairwise- and reference-based strategy. The 
pairwise-based strategy aligns each consecutive slice pair 
(i.e., S [1] ↔ S [2], , S [m−1] ↔ S [m]), eventually pro-
cesses all slices for 3D architecture of tissues. And, the 
reference-based strategy selects one slice S [r] as refer-
ence, and aligns all other slices to it (i.e., S [1] ↔ S [r], , 
S [m] ↔ S [r]).

For each pair of ST slices, AlignDG transforms spatial 
coordinates of spots into a common coordinate system 
by using the weighted procrustes analysis [53, 54]. Spe-
cifically, given alignment matrix Γ between slice S [1] and 
S [2], AlignDG estimates rotation matrix R and transla-
tion vector T to minimize weighted distances between 
aligned spots across slices as

	
min
R,T

∥Γ
′
(Y [1] − RY [2] − T )∥2, s.t. R

′
R = I.� (9)

Algorithm performance metrics
Several quantitative metrics are employed to evaluate 
the performance of all algorithms. Specifically, pairwise 
alignment accuracy (PAA) and spot-to-spot matching 
ratio (SMR) [55] are utilized to evaluate the alignment 
performance across ST slices. Concurrently, integra-
tion local inverse Simpson’s index (iLISI) and cell type 
local inverse Simpson’s index (cLISI) [26] are selected to 
evaluate performance of algorithms for removing batch 
effect of ST slices, and adjusted rand index (ARI) [56] is 
selected to evaluate performance of algorithms for identi-
fying spatial domains within ST slices.

Specifically, given alignment matrix Γ (Γij  denotes the 
probability that the i-th spot in S [1] aligns with the j-th 
spot in S [2]), PAA [55] is defined as

	
PAA =

∑
i∈S[1] δ(c[1]

i , cj∗)
n[1] ,� (10)

where c
[1]
i  is the cell type of the i-th spot in S [1], 

j∗ = arg maxj Γij , and δ(ci, cj) denotes Kronecker delta 
function, which equals 1 if ci = cj , and 0 otherwise. SMR 
[55] is formulated as

	
SMR = n1

|U| � (11)

where U = {j∗|j∗ = arg maxj Γij for i ∈ S [1]}, and |U| 
denotes the cardinality of U , i.e., the number of elements 
in U .

On spatial domain identification issue, given spatial 
domains identified by algorithms P and ground truth 
domains P ∗ of slice S  with n spots, ARI [56] is defined as
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where nij  is the number of spots overlapped by the i-th 
cluster in P ∗ and j-th cluster in P, and |Ci| is the number 
of spots in cluster Ci.

Clustering and visualization
Based on the learned spot features, AlignDG employs 
Leiden algorithm [57] (implemented by SCANPY [47] 
package) to derive cluster assignments, where each clus-
ter corresponds to a distinct spatial domain (the number 
of clusters is determined by PhenoGraph [58]). The uni-
form manifold approximation and projection (UMAP) 
[59] algorithm is selected to visualize the learned 
features.

Identification and functional analysis of differentially 
expressed genes
AlignDG performs differential expression analysis of 
genes for each spatial domain by using Wilcoxon rank-
sum test (implemented in SCANPY package [47]). 
Genes expressed in more than 80% of cells/spots in each 
domain, with a fold change ≥ 1.5 and an adjusted FDR 
≤ 0.05, are selected as differentially expressed genes 
(DEGs). The filtered DEGs are then serve as input for 
gene ontology enrichment analysis, which is conducted 
with clusterProfiler [60]. Enriched functional terms with 
-log10(adjusted P-value) are plotted.

Data cohorts
Human dorsolateral prefrontal cortex dataset
The human dorsolateral prefrontal cortex (DLPFC) 
dataset [61] is profiled using the 10× Genomics Visium 
platform. It consists of twelve slices, where each slice 
contains 3,460-4,789 spots and 33,538 genes. Spots of 
each slice are manually annotated into six cortical lay-
ers and white matter (WM) on the basis of the canonical 
marker genes.

Mouse hypothalamic preoptic dataset
The mouse hypothalamic preoptic region dataset is pro-
filed with MERFISH platform [62], which consists of 
eleven slices, and each one contains 6,813  10,796 cells 
and 161 genes. Cells of each slice are manually anno-
tated into sixteen cell types, including Astrocyte, Inhibi-
tory, Pericyte, Ambiguous, Endothelial 1, Excitatory, OD 
Immature 1, OD Immature 2, Microglia, OD Mature 2, 
OD Mature 1, Endothelial 3, OD Mature 3, OD Mature 4, 
Endothelial 2, and Ependymal.

Mouse embryo datasets
To benchmark performance of AlignDG for alignment 
of ST slices across various platforms and developmental 

stages, two mouse embryo datasets are selected. Spe-
cifically, the first dataset is profiled using seqFISH [63] 
at embryonic day 8.75 (E8.75), containing 11,529 cells 
and 351 genes, and all cells are manually annotated into 
21 major tissues or organs. The second dataset is a spa-
tiotemporal mouse embryo dataset spanning embryonic 
days from 9.5 to 16.5 (E9.5–16.5.5), consisting of eight 
slices at distinct developmental stages. Each slice con-
tains 5,913 121,767 spots and 25,568 genes. All spots are 
manually annotated into 45 tissues or organs.

Human cancer datasets
To benchmark the performance of AlignDG on cross-
platform cancer slice alignment, we first employ human 
breast cancer slices co-assayed using 10× Genomics 
Visium and Xenium. The Visium slice contains 3,841 
spots and 17,820 genes, whereas the Xenium slice [64] 
includes 100,642 cells and 313 genes. Notably, triple-
positive cells were annotated in the Xenium slice but not 
in the Visium slice. To further evaluate the potential of 
AlignDG in aligning slices from different cancer types, 
we additionally employ one breast cancer slice and one 
ovarian cancer slice profile using Visium platform. The 
additional breast cancer slice contains 3,798 spots and 
18,601 genes, while the ovarian cancer slice contains 
3,493 cells and 15,832 genes

Mouse olfactory bulb datasets
Two mouse olfactory bulb datasets are employed for 
experiments, where the first one is profiled using Slide-
seqV2 platform [5], containing 20,139 cells and 21,220 
genes. And, the second dataset is generated using Stereo-
seq platform [6], consisting of 19,109 spots and 14,376 
genes.

Axolotl brain regeneration dataset
The axolotl brain regeneration process profiled using Ste-
reo-seq platform [6] is selected to validate performance 
of algorithms for the identification of spatiotemporal pat-
terns, which contains seven slices across different stages 
ranging from 2 to 60 days post-injury (DPI). Each slice 
has 8,192 10,964 spots, and all spots are manually anno-
tated into 26 cell types to investigate cell migration dur-
ing regeneration.

Mouse brain datasets
One normal mouse hippocampus slice and one Alzheim-
er’s disease (AD) related hippocampus slice are selected 
for experiments, where the normal hippocampus slice 
contains 13,583 spots and 19,653 genes, and the AD-
related hippocampus slice contains 15,092 spots and 
27,222 genes, respectively.
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Results
Overview of AlignDG for distant slice alignment
Before presenting an overview of AlignDG, we first 
illustrate several typical scenarios involving the align-
ment of distant slices, such as non-consecutive slices of 
tissues, slices of developmental stages with a large gap, 
slices from distinct tissues, as well as slices under diverse 
experimental conditions (Fig. 1A). These scenarios are 
ubiquitous and inevitable in biological and medical fields, 
which cannot be effectively addressed by available state-
of-the-art algorithms. And, the alignment of distant 
slices is particularly valuable, as it substantially reduces 
the number of ST slices required for integrative analy-
sis, thereby alleviating experimental and financial bur-
dens. Moreover, aligning distant slices across tissues or 
diseases can reveal potential biological insights that are 
undetectable through adjacent slice alignment. Thus, it is 
of great significance to perform distant slice alignment, 
forming the core rationale and motivation of this study. 
AlignDG is a network-based model for distant slice align-
ment, providing a novel strategy for analyzing ST data.

As shown in Fig. 1B, AlignDG consists of three com-
ponents, i.e., attributed multi-layer network construc-
tion for multiple slices, feature learning using the graph 
attention auto-encoder model, and slice alignment with 
mutual information (Section Methods). AlignDG takes 
normalized expression profile and spatial coordinates of 
ST slices as input. On the network construction issue, 
it constructs spatial network of spots using K-nearest 
neighborhood (KNN), where Euclidean distances of spa-
tial coordinates between spots define the edge weights, 
and expression profiles serve as spot attributes, thereby 
forming spot attributed multi-layer networks. Then, 
AlignDG employs a graph attention auto-encoder neu-
ral network to learn discriminative spot features, which 
projects attributed multi-layer networks into a shared 
latent space, thereby obtaining consistent spot features 
and mitigating inter-slice heterogeneity.

On the alignment of distant and unbalanced slices 
issue, AlignDG further employs optimal transport to 
obtain alignment probabilities across slices by simul-
taneously exploiting spatial proximity and transcrip-
tional similarity of spot pairs across slices. Specifically, 
AlignDG handles transportation of unbalanced slices via 
minimizing mutual information, which evaluates cor-
respondences of spots across slices in terms of distribu-
tions of features of spots, rather than features themselves. 
In this case, AlignDG provides a precise and robust way 
to model mapping between spot pairs for partial align-
ment between unbalanced slices. To further improve 
feature quality, AlignDG jointly learns spot features and 
slice alignments, where feature learning is guided by the 
alignment result. Additionally, a self-supervised learning 
strategy is introduced to improve feature discriminability 

by contrasting positive and negative spot pairs. Finally, 
AlignDG is formulated as a mutual information regular-
ized Wasserstein optimization problem, which is effec-
tively solved using mirror gradient descent (Section 
Methods, Additional file 1: Section 1.1 and 1.2). Fur-
thermore, AlignDG addresses the alignment of distant 
and unbalanced ST slices, which cannot be fulfilled by 
baselines.

Benchmarking AlignDG with various simulated datasets
Three simulated datasets generated with Splatter [65] are 
selected to evaluate performance of algorithms. Dataset 
1 maintains identical cell types and spatial coordinates 
across slices (Additional file 1: Fig. S1A), while Dataset 
2 only preserves cell types with distant spatial coordi-
nates (Additional file 1: Fig. S1B). Dataset 3 exhibits dis-
tinct cell compositions and spatial coordinates (Fig. 2A, 
Additional file 1: Fig. S1C). Twelve state-of-the-art algo-
rithms, including Seurat [24], Harmony [26], PASTE [39], 
PASTE2 [33], STAligner [41], SLAT [43], SPACEL [38], 
CAST [37], Spateo [35], DeepST [11], GraphST [66], and 
Moscot [45], are selected as baselines. STalign [34] and 
SANTO [36] are excluded due to their inability to output 
the required spot-to-spot mappings across slices. PAA 
(pairwise alignment accuracy, higher PAA represents 
better performance) and SMR (spot-to-spot Matching 
Ratio, lower value denotes better performance) [55] are 
selected to measure performance of various algorithms 
(Section: Methods).

Parameter analysis indicates that AlignDG is quite 
robust for different hyperparameters, and under unbal-
anced conditions, the performance of AlignDG is cor-
related with overlap ratios between slices (Additional 
file 1: Section 1.3, Fig. S2-S3). Performance of different 
algorithms on Dataset 1 indicates that AlignDG achieves 
the best performance (Additional file 1: Fig. S4A) with 
PAA 0.960 and SMR 1.098, which outperforms base-
lines. STAligner is inferior to AlignDG because it fails to 
fully leverages spatial information, and PASTE2 inferior 
to PASTE as it is specifically designed for partial align-
ment of slices. These results demonstrate that AlignDG 
is promising for balanced and similar slices. Performance 
of various algorithms on Dataset 2 further shows that 
AlignDG also achieves the best performance with PAA of 
0.956 and SMR of 1.111, followed by Moscot 0.952 and 
1.116 (Additional file 1: Fig. S4B). Figure 2A visualizes 
slices of Dataset 3 (left), and alignment obtained by vari-
ous algorithms (right), where cell types are labeled with 
different colors, and mapping of spot pairs is labeled with 
colors (sub-sampled to 150 alignment pairs for illustra-
tion, blue lines for correct alignment, and red for incor-
rect ones). Interestingly, AlignDG still achieves the best 
performance with PAA 0.858 and SMR 1.144, whereas 
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PAA and SMR of the best baseline PASTE2 is 0.829 and 
1.160, respectively (Additional file 1: Fig. S4C).

These two slices of Dataset 3 share the common Group 
1–4, while Group 5 and 6 are specific to slices 1 and 2 
respectively. And, we select iLISI (integration Local 
Inverse Simpson’s Index) and cLISI (cell type local inverse 
simpson’s index) [26, 67], to measure performance of 
various algorithms for removing batch effect and dis-
criminating slice-specific groups. Figure 2B (top panel) 
visualizes cell types with features learned by various 
algorithms, where AlignDG and STAligner can precisely 

separate Group 5 and 6. However, other baselines cannot 
fully discriminate them (surrounded by dashed squares, 
Fig.  2B and Additional file 1: Fig. S5). Notice that dis-
tance between these two groups of AlignDG is much 
larger than STAligner, demonstrating that AlignDG is 
more precise to characterize slice-specific groups than 
STAligner. Figure 2B (bottom panel) visualizes consis-
tency of cell types from different slices in terms of fea-
tures, where AlignDG (iLISI=0.785) effectively mixes 
cells with shared labels across slices in feature space and 
accurately discriminating Group 5 and 6, showing that 
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AlignDG precisely removes batch effect in slices while 
preserving underlying biological variation (Additional file 
1: Fig. S5A-C). These results demonstrate that AlignDG 
learns discriminative features, providing a better way to 
characterize structure of these simulated datasets.

Moreover, we investigate the robustness of algorithms 
on Dataset 3 by introducing perturbations through both 
rotation of slices (at varying angles) and expression pro-
file noise. Figure 2C (top) depicts how PAAs of various 
algorithms change as the rotation angle increases from 
0 to 180 degree, where AlignDG achieves the best per-
formance (PAA=0.869 ± 0.023, mean ± standard devia-
tion), followed by Moscot (PAA=0.827 ± 0.016). And, Fig. 
2C (bottom) describes how PAAs of various algorithms 
change as noise level increases from 0 to 3, where PAA 
of AlignDG is 0.845 ± 0.013, followed by Moscot with 
PAA 0.808 ± 0.014. These results confirm the superiority 
of AlignDG over baselines in both accuracy and robust-
ness, demonstrating that the joint learning of features 
and alignment is promising. Two reasons explain why 
AlignDG outperforms baselines. First, it makes use of 
expression and topological structure of spatial network 
of spots, thereby bridging complementary information of 
transcriptomics and spatial proximity. Second, AlignDG 
joins feature learning, alignment, and self-supervised 
learning, which enhances quality and discriminative of 
spot features, thereby providing a more comprehensive 
strategy to model consistency of slices.

We also evaluate the performance of all these algo-
rithms on synthetic datasets without alignable regions, 
and find that AlignDG effectively avoids over-fitting, 
whereas baselines exhibit high false-positive rates (Addi-
tional file 1: Fig. S6). Finally, the ablation study further 
confirms that all components of AlignDG are essential 
because removing either of these components decreases 
performance, proving conciseness of the proposed algo-
rithm (Additional file 1: Fig. S7).

AlignDG significantly improves alignment accuracy of 
adjacent and distant slices across tissues
Except for simulated datasets, we further evaluate per-
formance of AlignDG with three biological datasets 
representing different tissues and generated from dif-
ferent platforms, including DLPFC (human dorsolateral 
prefrontal cortex, 10× Visium) [61], HPC (mouse hypo-
thalamic preoptic region, MERFISH) [68], and mouse 
embryo (Stereo-seq) [69]. The DLPFC includes twelve 

slices, HPC includes eleven slices, and mouse embryo 
includes four slices, respectively.

Figure 3A illustrates the alignment results of dif-
ferent algorithms on the first two slices of these three 
datasets, where correctly aligned regions are labeled in 
green, otherwise red. We observe that AlignDG outper-
forms baselines on the DLPFC and MERFISH dataset, 
and has a similar performance with SLAT. Specifically, 
AlignDG performs best on the Visium DLPFC and MER-
FISH HPC dataset, and it is only surpassed by SLAT 
on the Stereo-seq mouse embryo dataset. In details, 
the PAA of various algorithms on the DLPFC dataset is 
0.851 (AlignDG), 0.779 (Moscot), 0.832 (PASTE), 0.839 
(SLAT), 0.759 (STAligner), whereas that for HPC dataset 
is 0.730 (AlignDG), 0.729 (Moscot), 0.208 (PASTE), 0.693 
(SLAT), 0.324 (STAligner), respectively. The PAA scores 
of all algorithms on Stereo-seq dataset is worse than that 
on 10 × Visium and MERFISH because tissues in embryo 
are more complicated than those in others (Additional 
file 1: Fig. S8-S9). Notice that PASTE and its variants 
failed to address Stereo-seq datasets because it is time-/
space- consuming, which limits its application to large-
scale datasets. AlignDG achieves the best performance 
across all three datasets as a whole, demonstrating that 
the proposed joint graph learning model is precise in 
aligning slices from various platforms.

The DLPFC dataset is originated from three individuals 
(labeled I, II and III), each comprising four slices (labeled 
A, B, C and D). Interestingly, the four slices of each indi-
vidual include both adjacent and distant slice pairs, i.e., 
the first (last) two slice pairs AB (CD) are directly adja-
cent (10µm apart), whereas the middle slice pair BC is 
distant (300 µm apart) (Additional file 1: Fig. S10). Hence, 
DLPFC naturally serves as a benchmark to validate per-
formance of various algorithms for aligning adjacent and 
distant slices. Figure 3B reports performance of different 
algorithms on pairwise alignments of consecutive slices 
from the same sample, measured by PAA (top) and SMR 
(bottom). AlignDG achieves the best performance for 
3 of the 9 pairwise alignments in terms of PAA, achiev-
ing high alignment accuracy for adjacent pairs. Notably, 
AlignDG, STAligner and SLAT are much better than 
baselines for distant slice pairs (middle pair BC), whereas 
performance of PASTE and Moscot declines dramati-
cally. Seurat and Harmony are inferior to others, showing 
that spatial information is necessary for slice alignment. 
Furthermore, AlignDG is more robust than baselines 

(See figure on previous page.)
Fig. 3  Performance of algorithms for aligning adjacent and distant slices across various tissues. A Visualization of alignment results of different algo-
rithms on the first slice of datasets generated by 10× Visium, MERFISH and Stereo-seq platform, where green denotes correct alignment for cell types 
and regions, and red for incorrect alignment for either of them (NA denotes no outputs), B Performance of algorithms for aligning consecutive slices of 
DLPFC dataset (denoted by AB, BC, and CD) in terms of PAA (top, high PAA indicates better performance) and SMR (bottom, lower value denotes bet-
ter performance), and C/D PAA of algorithms on consecutive (non-consecutive) pairwise slices, where missing bar denotes no outputs, and error bars 
denotes mean and standard deviation
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across all pairwise alignments, whereas STAligner, Seurat 
and Harmony are sensitive to perturbation of dataset, 
particularly for the distant slice alignment. For example, 
PAA of STAligner for BC pair in Sample II is 0.806, and 
decreases to 0.623 in Sample III, demonstrating that 
spatially-aware embedding only is insufficient to pre-
cisely align distant slices. Surprisingly, AlignDG achieves 
the best performance for all slice pairs in terms of SMR, 
demonstrating that AlignDG is promising for aligning 
slices of datasets generated by Visium (Fig. 3B bottom).

Then, we investigate performance of different algo-
rithms for aligning consecutive slices generated by vari-
ous platforms. Figure 3C summarizes the PAA results 
for all datasets, where AlignDG achieves the best perfor-
mance on both the Visium DLPFC and MERFISH HPC 
datasets in terms of PAA and SMR. For the Stereo-seq 
mouse embryo dataset, AlignDG is superior to base-
lines, only inferior to SLAT in terms of PAA. However, 
it outperforms all these baslines in terms of SMR (Addi-
tional file 1: Fig. S11). In details, PAA and SMR of various 
algorithms on DLPFC is 0.822 ± 0.093 and 1.340 ± 0.388 
(AlignDG), whereas those are 0.764 ± 0.122 and 1.458 
± 0.345 for Moscot, 0.816 ± 0.156 and 1.653 ± 1.116 for 
PASTE, and 0.820 ± 0.106 and 3.172 ± 0.129 for SLAT, 
respectively. On the MERFISH HPC dataset, STAligner, 
PASTE, CAST and Spateo perform the worst with PAAs 
of 0.339 ± 0.028, 0.343 ± 0.140, 0.281 ± 0.027, and 0.276 
± 0.036, respectively. In contrast, AlignDG achieves the 
best performance with PAA of 0.735 ± 0.016, demonstrat-
ing that the proposed algorithm also applicable to MER-
FISH data. And, we obverse that AlignDG also achieves 
the best SMR (1.294 ± 0.107) for all pairs of slices, fur-
ther demonstrate the robustness of the proposed algo-
rithm. STAligner, which ignores spatial information for 
slice alignment, resulting in undesirable performance 
of PAA and SMR, while AlignDG, SLAT, and Moscot 
achieve better performance by leveraging spatial infor-
mation for alignment. To investigate why PASTE and 
STAligner achieve poor performance, we visualize the 
coupling matrix among cell types, where rows corre-
spond to cell types predicted by various algorithms, col-
umns denote ground truth cell types, and elements are 
number of matches within the corresponding predicted 
and truth cell type pairs (Additional file 1: Fig. S12). We 
find that both STAligner and PASTE fail to align rare cell 
types. For instance, PASTE and STAligner incorrectly 
align OD mature 3 and OD mature 4 to Astrocyte, Inhibi-
tory, suggesting that meta-structure of spots in slices is 
also critical for slice alignment. AlignDG joints learning 
spot features and alignment, where meta-information in 
alignment serves as prior information to enhance quality 
of features.

In addition to the alignment of adjacent slices, we 
also perform distant slice alignment, i.e., pairwise 

non-consecutive slice alignment, using all three datas-
ets (Fig. 3D, Additional file 1: Fig. S13). AlignDG out-
performs all these baselines in distant alignment. For 
example, PAA and SMR of AlignDG is 0.801 and 1.268 
(AC in DLPFC), 0.731 and 1.246 (S1-S4 in HPC), 0.653 
and 1.511 (S1-S3 Stereo-seq), whereas that of STAligner 
is 0.703 and 7.094 (AC in DLPFC), 0.325 and 7.959 (S1-S4 
in HPC), 0.531 and 3.664 (S1-S3 Stereo-seq), respectively. 
Performance of all these algorithms for distant alignment 
on these three datasets are summarized in Fig. 3D, where 
AlignDG also achieves the best performance for both 
PAA and SMR, demonstrating that it effectively over-
coming unbalanced alignment for distant slices (Addi-
tional file 1: Fig. S11). In contrast, none of the baseline 
algorithms can accurately align distant slices, suggesting 
the superiority of the proposed network-based model for 
distant alignment as it simultaneously addresses unbal-
ance, discriminative and independence assumption in 
adjacent alignment.

We also evaluate performance of different algorithms 
on removing batch effect across slices (Additional file 1: 
Fig. S14A-B), where AlignDG achieves the best perfor-
mance (iLISI = 0.915 and cLISI = 0.964), demonstrating 
effective preservation of biological variability while mini-
mizing technical biases. In addition, we evaluate the per-
formance of different algorithms for the identification of 
spatial domains, where AlignDG and STAligner obtain 
the best performance (Additional file 1: Fig. S14C). The 
computational efficiency of these algorithms is also con-
ducted in terms of running time by varying the number 
of cells from 3,200 to 102,400 (Additional file 1: Fig. S15), 
where AlignDG and Moscot are the only spatially-aware 
algorithms capable of handling slices with > 100,000 cells. 
Overall, AlignDG outperforms baselines for aligning 
adjacent and distant slices with high computational effi-
ciency for large-scale ST data.

AlignDG improves alignment and integration of distant 
slices across different platforms
Evidence [70] suggests that integrating analysis of slices 
generated from different platforms leverages comple-
mentary advantages, enabling super-resolution recon-
struction of large tissues, allowing accurately prediction 
of gene expression at near-single-cell spatial resolution. 
Here, we validate performance of AlignDG with three 
additional datasets of the same tissue across different 
platforms, including the mouse olfactory bulb (OFB) 
slices sequenced by Slide-seq V2 and Stereo-seq, whole 
mouse embryo slices sequenced by seqFISH and Stereo-
seq, and human breast cancer slices co-assayed by 10× 
Visium and Xenium, respectively. Since ground-truth 
alignments are unavailable for these datasets, we assess 
performance of algorithms through batch-effect removal 
and cross-slice domain annotation mapping. PASTE, 
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PASTE2, Spateo and Moscot are excluded as they fail to 
remove batch effect, and SPACEL, GraphST, DeepST are 
also excluded for their inability to integrate ST slices with 
significant difference.

The mouse olfactory bulb dataset is generated by 
Slide-seqV2 [5] and Stereo-seq platform [6] from the 
same tissue at different spatial resolutions (Fig. 4A), and 
these slices are annotated with DAPI-stained image [71] 
and Allen Mouse Brain Atlas [72], where the accessory 
olfactory bulb (AOB) and granular layer of the acces-
sory olfactory bulb (AOBgr) are Slide-seqV2-specific. 

Since alignment of various slices elucidates the conserved 
spatial domains across slices, we hypothesize that this 
information can facilitate batch-effect removal and the 
identification of spatial domains, which is fulfilled with 
self-supervised learning in AlignDG by enforcing fea-
tures of matched spots across slices are consistent. Figure 
4B visualizes different slices and spatial domains identi-
fied by AlignDG, where top panel is colored for platforms 
(blue: Stereo-seq, orange: Slide-seq V2) and bottom 
panel for spatial domains. The embeddings obtained by 
AlignDG are consistently overlapped, demonstrating 
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that batch effect is effectively removed, whereas Seurat 
fails to characterize and remove batch effect in slices 
since overlapping is limited (Additional file 1: Fig. S16A). 
Notably, only AlignDG and STAligner successfully iden-
tify the slice-specific structure AOB and AOBgr (dashed 
circle in Fig. 4B, Additional file 1: Fig. S16B), whereas 
all other baselines fail to identify these domains. These 
results demonstrate that AlignDG and STAligner effec-
tively remove batch effects while preserving slice-specific 
structures. In contrast, other baselines exhibit over-cor-
rection by sacrificing specific structures of slices (Addi-
tional file 1: Fig. S16A). By visualizing the identified 
spatial domains on both slices, we confirm that AOB and 
AOBgr are slice-specific (dashed circle in Fig. 4C), which 
cannot be recovered by other algorithms (Additional file 
1: Fig. S16B and C), demonstrating that AlignDG also 
accurately aligns slices at the cellular and sub-cellular 
resolution.

Then, we evaluate the performance of AlignDG with 
the shape-like whole mouse embryo slices profiled by 
seqFISH and Stereo-seq, which are unbalanced, i.e., seq-
FISH slice contains over 10,000 cells and 350 genes [63, 
73], Stereo-seq slice contains 5,000 spots and over 20,000 
genes [69]. Meanwhile, cell types of slices also differ 
greatly, where the number of cell types is 21 and 11 for 
seqFISH and Stereo-seq slice, respectively (Additional 
file 1: Fig. S17A and B). Interestingly, AlignDG and SLAT 
precisely capture cell-type transfer across platforms, 
which is critical for understanding cellular states transi-
tions. For example, Neural crest cells in Stereo-seq slice 
are aligned to five major cell types in seqFISH slice (Fig. 
4E, Additional file 1: Fig. S17C), thereby refining cell-type 
annotations that are further validated by known bio-
marker genes (Additional file 1: Fig. S17D-E). Notably, 
slices from these two platforms also differ in spatial struc-
ture with substantial non-rigid deformations, where only 
AlignDG, STAligner and SLAT track these spatial varia-
tions. Visualization of aligned brain cells across slices also 
demonstrate that AlignDG achieves higher accuracy than 
baseline methods in aligning cell types, as quantified by 
multiple metrics, including F1-score, false positive rate, 
ARI and NMI (Fig. 4D, Additional file 1: Fig. S18 and 
S19A, Methods section). Further analyses of batch-effect 
removal and spatial domain identification confirm that 
AlignDG is promising for processing slices generated by 
seqFISH and Stereo-seq platform (Additional file 1: Fig. 
S19B-D).

Moreover, human breast cancer slices co-assayed 
by 10× Visium and Xenium are selected with various 
genomic coverage and spatial resolutions, where Xenium 
slice covers more than 100,000 cells with 313 genes, and 
Visium slice contains 3,841 spots covering over 20,000 
genes. AlignDG aligns the shared spatial regions across 
slices, such as invasive region and the ductal carcinoma 

in situ (DCIS) region, showing that AlignDG accurately 
identifies shared spatial structures of slices with differ-
ent coverage and resolutions (Additional file 1: Fig. S20). 
Notably, the rare triple-positive breast tumor cells manu-
ally annotated in Xenium, rather than Visium (Addi-
tional file 1: Fig. S20A), is only captures by AlignDG and 
SLAT, whereas others fail to identify it (Fig. 4E top panel, 
Additional file 1: Fig. S21). Furthermore, differential 
expression analysis for triplet-positive cells identify 25 
differentially expressed genes (DEGs), where 18 of these 
25 DEGs are previously confirmed as established bio-
markers for triple-positive breast cancer as supported 
in the literature. For example, as one of three top DEGs, 
PGR is significantly upregulated within the matched 
spatial domain (Fig. 4E bottom panel, two-sided Stu-
dent’s t-test, p=1.4E-157 for Xenium, and p=2.1E-20 for 
Visium). These results show that AlignDG not only accu-
rately aligns spots across slices, but also effectively maps 
rare spatial domains of slices across platforms.

Overall, AlignDG effectively aligns distant slices across 
different platforms, which not only accurately removes 
batch effects, but also captures cross-platform label 
transfer of cell types, thereby bridging barcode- and 
imaging-based ST technologies.

AlignDG accurately aligns consecutive and non-
consecutive spatial-temporal slices
Spatiotemporal spatial transcriptomics datasets offer 
unprecedented opportunities to investigate developmen-
tal trajectories and transitional processes across various 
stages of tissues, and two spatiotemporal datasets gen-
erated by Stereo-seq [6, 69] are selected to investigate 
whether AlignDG can effectively align continuous and 
non-continuous spatiotemporal slices, and track develop-
ment of tissues.

Mouse embryo dataset [69] across 8 time points from 
E9.5 to E16.5 is selected, where each time point cor-
responds to a slice annotated with different cell types 
and organs (Additional file 1: Fig. S22A). To investigate 
whether AlignDG precisely tracks development of majors 
organs, such as brain, heart, liver and lung, we perform 
alignment for each of two continuous slices, and utilize 
these subsequent alignment results to track develop-
ment of organs (Additional file 1: Fig. S22B-C). Figure 
5A visualizes development of four main organs from 
E9.5 to E16.5 tracked by AlignDG (middle) and Moscot 
(bottom), where organs predicted by AlignDG are highly 
consistent with annotation at each time point (top). Spe-
cifically, F1-score of heart predicted by AlignDG is 0.811 
± 0.080, whereas that of Moscot is 0.694 ± 0.096, dem-
onstrating that AlignDG is more precise to track evolv-
ing spatial domains in spatial-temporal slices. Except for 
heart, AlignDG accurately recapitulates development 
of all organs (brain: F1-score=0.786 ± 0.100, and liver: 
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F1-score=0.764 ± 0.134, Additional file 1: Fig. S23A). 
Notice that only AlignDG and Moscot can effectively 
address all slices from E9.5 to E16.5 as they utilize low-
rank optimal transport to accelerate alignment, enabling 
their application to large-scale slices (Section: Methods).

To further exploit alignment of spatiotemporal slices, 
we analyze the mouse embryo dataset between E9.5 and 
E10.5, where AGM (aorta-gonad-mesonephros) cells at 
E9.5 is mapped to spatial domains in E10.5 (Additional 
file 1: Fig. S24A). It partially overlaps with annotated tis-
sues, including Lung Primordium, Blood Vessel, Urogeni-
tal Ridge, Connective Tissue, and Spinal Cord (Additional 
file 1: Fig. S24B), and nearly 50% of bio-marker genes of 
AGM are overlapped with those of the aligned domains, 
indicating that the aligned tissues are highly related 
(Additional file 1: Fig. S24C top). Interestingly, these bio-
marker genes are highly expressed in different stages of 
tissues. For example, Peg3 and Gpc3 are well-known as 
progenitor cell marker, which is highly expressed in AGM 
at E9.5 and Lung Primorduim at E10.5 (Additional file 
1: Fig. S24C bottom). Hba-a1 (hemoglobin alpha, adult 
chain 1) and Blood Vessel cells at E10.5 (Additional file 1: 
Fig. S24C bottom). And, the spatial distribution patterns 
of overlapping biomarker genes between E9.5 and E10.5 
are similar at the two subsequent time points (Additional 
file 1: Fig. S24D), suggesting that AlignDG effectively 
capatures genuine developmental transitions rather than 
producing arbitrary alignments. GO enrichment analysis 
show that biomarker genes are significantly enriched bio-
logical functions associated with development of tissues 
(Additional file 1: Fig. S24E), such as myeloid cell differ-
entiation (adjusted p-value=4.5E-10, hyper-geometric 
test), regulation of epithelial cell proliferation (adjusted 
p-value=2.1E-3, hyper-geometric test), which are highly 
related to development of tissues [74, 75]. Alignment 
between E11.5 and E12.5 obtained by AlignDG (Fig. 5B 
left) demonstrates that kidney and ovary are initialized 
at E12.5, which are originated from Urogenital Ridge at 
E11.5 [76, 77]. In details, ovary emerges directly from 
one domain, and kidney is derived from two separate 
domains corresponding to the mesonephros and meta-
nephros structures in early kidney [78, 79]. As shown in 
Fig. 5B (right panel), AlignDG precisely tracks the evo-
lution of kidney and ovary across spatial-temporal slices. 
These results demonstrate that AlignDG captures bio-
logically meaningful alignment across spatial-temporal 
slices, reflecting dynamics of tissue development.

Then, we validate performance of AlignDG for distant 
(non-continuous) slice alignment using a reduced num-
ber of slices. Specifically, we benchmark AlignDG with 
non-continuous slices between E9.5 and E12.5, E12.5 and 
E14.5, and E14.5 and E16.5, where approximately 50% of 
slices are removed from the original dataset. As shown in 
Fig. 5C, AlignDG precisely tracks development of major 

organs, demonstrating that AlignDG also applicable to 
non-continuous slice alignment (Additional file 1: Fig. 
23B). More specifically, F1-score of AlignDG at E12.5 is 
0.801 (brain), 0.929 (heart), 0.920 (liver), and 0.791 (lung), 
whereas that of Moscot is 0.761 (brain), 0.698 (heart), 
0.509 (liver), and 0.314 (lung). These results confirm that 
AlignDG maintains comparable alignment performance 
even with a 50% reduction of slices, which is of great sig-
nificance values because it enables substantial savings in 
both experimental and computational cost, benefiting 
both biological research and algorithm development.

Moreover, an additional dataset for axolotl brain regen-
eration [6] with 7 time points is also selected, which cov-
ers 2, 5, 10, 15, 20, 30, and 60 days post-injury (DPI) to 
dissect immediate wound responses and later regenera-
tion processes (Additional file 1: Fig. S25A). Analogously, 
AlignDG tracks development of lineages with align-
ment, where EGC (epidermal germinative cell) trans-
forms into wntEGC and reaEGC cells (Additional file 1: 
Fig. S25B). We speculate that these transformations are 
highly related to the degree of wound healing over time. 
Initially, when the wound is severe (at 2 DPI), sfrpEGC 
cells are directly transformed into reaEGC cells, or into 
wntEGC and ribEGC cells, which are then transformed 
into reaEGC cells. Later, as wound heals (from DPI 15 to 
DPI 20), reaEGC cells transform back into wntEGC cells 
or differentiate into other cells. Moreover, AlignDG also 
describes cell dynamics during axolotl brain regenera-
tion. At the beginning of injury (from DPI 5 to DPI 10), 
sfrpEGC and wntEGC cells transform into reaEGC cells, 
and cell proliferation in the injured hemisphere acti-
vates, especially for EGC-type cells in the vicinity of the 
wound, and reaEGC cells move toward the wound. As 
the wound gradually healed, reaEGC cells transform back 
to wntEGC cells or differentiated into other types of neu-
rons, which is consistent with assertions in Ref. [6, 80] 
(Additional file 1: Fig. S25C). To evaluate performance 
of AlignDG, an additional experiment for aligning dis-
tant slices is performed on the axolotl brain regeneration 
dataset, where AlignDG consistently achieves the best 
performance, thereby demonstrating its generality across 
species (Additional file 1: Fig. S26). These results further 
indicate that AlignDG is robust in aligning distant slices, 
requiring fewer slices than current baselines.

In summary, AlignDG provides a novel strategy for 
investigating the spatial-temporal dynamics of cellular 
differentiation, achieving comparable performance with 
about 50% slices, which may dramatically reduce burden 
of finance and labour for biologists.

AlignDG accurately identifies disease-related spatial 
domains with distant slice alignment
Previous experiments are devoted to the alignment of 
ST slices under identical conditions, and we extend our 
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evaluation to examine performance of AlignDG with 
slices under various experimental conditions for the 
identification of condition-specific spatial domains. Spe-
cifically, slices from normal and Alzheimer’s disease (AD) 
hippocampus tissue of mouse profiled by Slide-seq V2 
[5] annotated by the Allen Mouse Brain Atlas (Fig. 6A) 
are selected to validate whether distant alignment can 
identify disease-related spatial domains. Figure 6B visual-
izes embedding of slices (left panel, red for normal slice 
and blue for AD slice), and spatial domains identified by 
AlignDG, where these two slices are highly overlapping, 
indicating that AlignDG effectively removes batch effect. 
Notice that most regions are overlapped, while only few 
of them are unique (dashed circle in Fig. 6B left panel, 
Additional file 1: Fig. S27). Spatial domains identified 
by various algorithms are visualized in Fig. 6C, where 
AlignDG, STAligner, and SLAT identify the disease-
related domain (Additional file 1: Fig. S27). Furthermore, 

most spatial domains identified by AlignDG reveal clear 
spatial patterns corresponding to anatomical structures 
of the hippocampus. Specifically, domain 4, 6 and 11 
are conserved in both normal and disease slices, form-
ing the ’cord-arrow-like’ structure in the hippocampus 
region (Fig. 6C and Additional file 1: Fig. S28A), where 
domain 6 (’arrow-like’) corresponds to the dentate gurys 
region, and domains 4 and 11 (’cord-like’) correspond to 
the structure CA3 and CA1 of Ammon’s horn, respec-
tively. Interestingly, domain 13 is AD-specific, whereas 
others are shared by normal and AD slices at some extent 
(Additional file 1: Fig. S28B), potentially shedding light 
on revealing structure and functions of AD. Importantly, 
the high Aβ plaque density in the vicinity of domain 13 
indicates that it is highly co-localized with the amyloid 
deposition, which is one of the key pathological features 
of AD (Fig. 6D).
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Since domain 1 and 13 are with highest percentage of 
normal and disease spots respectively (excluding the 
’cord-arrow-like’ structure), which are also proximity in 
feature space(Additional file 1: Fig. S28B). Differential 
expression analysis between domain 13 and 1 is per-
formed to identify differentially expressed genes (DEGs, 
|logFC| ≥2, p<5.0E-2, Wilcoxon rank-sum test for sig-
nificance, Methods section, Fig. 6E, Additional file 1: Fig. 
S28C). Interestingly, Tyrobp is markedly up-regulated 
in Aβ-associated brain regions (p=7.1E-14), acting as 
the downstream adaptor and putative signaling part-
ner for several receptors implicated in AD [81], enhanc-
ing the phagocytic activity of microglia and clearance of 
Aβ deposits (Additional file 1: Fig. S29A). Furthermore, 
it also participates in the initiation of inflammatory 
responses, and the latter may exacerbate neurodegen-
erative processes [82]. And, mutation of Cst3 results in 
less efficient cleavage of the signal peptide and reduced 
secretion of Cystatin C secretion (p=1.8E-17), which is 
associated with increased risk of Alzheimer’s disease 
[83]. Functional enrichment analysis shows that these 
DEGs are involved in glial cell activation, macrophage 
activation, neuron apoptotic process, and alpha-beta T 
cell activation (Additional file 1: Fig. S29B), which are 
highly associated with the progression of Alzheimer’s 
disease [84]. And, evidence proves that C1qb and C1qc 
are strongly expressed by Aβ-associated microglia and 
mediate synapse loss in AD [85], where spatial expres-
sion distribution of Tyrobp is localized near the position 
of Aβ accumulation, illustrating the potential effect of Aβ 
accumulation on gene expression (Fig. 6E). These results 
demonstrate that AlignDG precisely captures the con-
served and specific structures between normal and dis-
ease slices, proving the superiority of distant alignment. 
Furthermore, these findings further confirm that align-
ment of slices under heterogeneous conditions facilitates 
the identification of meta-structures of spots, i.e., spa-
tial domains, demonstrating the potential application of 
AlignDG for cell annotation across ST datasets.

AlignDG facilitates 3D architecture of tissues with multiple 
slices
Recent studies demonstrate that tracking changes in the 
expression levels of biomarker genes within three-dimen-
sional (3D) tissue architecture facilitates the identifica-
tion of functional regions, characterization of cell state 
transitions and tissue-specific gene regulation, which 
are fundamental for elucidating mechanisms of complex 
diseases [86, 87]. Therefore, it is of great significance for 
reconstructing 3D architecture of tissues by integrating 
multiple consecutive slices. Here, we evaluate the perfor-
mance of AlignDG in reconstructing 3D architecture of 
tissues. AlignDG is highly flexible and provides two dif-
ferent strategies for aligning multiple consecutive slices 

for 3D reconstruction, i.e., pairwise- and reference-based 
approach (Fig. 7A). The pairwise-based strategy (denoted 
as AlignDG-P) aligns each pair of consecutive slices and 
integrates all slices sequentially to perform 3D recon-
struction (Fig. 7A top), and the reference-based approach 
(denoted as AlignDG-R) selects one slice as the reference, 
and aligns all other slices to the reference one (Fig. 7A 
bottom). The mathematical model is presented in section 
of Methods.

We then benchmark AlignDG-P and AlignDG-R 
against several state-of-the-art algorithms, such as 
PASTE [39], PASTE2 [33], SLAT [43], SPACEL [38], and 
Spateo [35], for the reconstruction of 3D architecture of 
tissues. By following Ref. [35], two measurements, includ-
ing mean squared error and angle shift, are selected to 
measure performance of these algorithms on the human 
DLPFC (Fig. 7B) and mouse HPC dataset (Fig. 7C). Since 
no manually annotated spatial registration of these slices 
for 3D reconstruction is available, we employ the cor-
rected spatial coordinates provided by PASTE [55] as the 
ground truth because of the improved spatial consistency 
across slices (Additional file 1: Fig. S30). And, manually 
corrected spatial information of mouse HPC dataset pro-
filed by MERFISH is provided by Squidpy [49]. Figure 
7B visualizes performance of various algorithms for the 
human DLPFC dataset, where each column corresponds 
to an algorithm, top panel is for the stacked aligned slices 
in 2D space (colored by slices), middle for 3D architec-
ture obtained by various algorithms (colored by spatial 
domains), and bottom for spatial distribution of bio-
marker genes in 3D architecture (colored by expression 
level). From these these visualization results, it is easy 
to assert that 3D architecture constructed by AlignDG, 
PASTE2 and Spateo is much closer to the ground truth 
structures than others, demonstrating that these algo-
rithms precisely reconstruct architecture of tissues. 
Furthermore, we quantify approximation of the recon-
structed and ground truth 3D architecture in terms of 
mean squared error and angle shift (right panel of Fig. 
7B), where the proposed algorithm is much better than 
baselines, indicating that AlignDG is also promising for 
3D reconstruction by aligning multiple slices. In details, 
mean squared error is 73.227 of AlignDG-P (54.501 for 
AlignDG-R), whereas it is 145.554 for PASTE2, 9988.762 
for SLAT, 1294.274 for STAligner, 152.675 for Moscot, 
156.372 for SPACEL, 511.360 for Spateo, and 8666.034 
for CAST, respectively. And, angle shift of AlignDG-P 
is 0.720 (0.693 for AlignDG-R), whereas it is 0.919 for 
PASTE2, 92.319 for SLAT, 5.564 for STAligner, 0.921 
for Moscot, 1.823 for SPACEL, 1.591 for Spateo, 30.227 
for CAST, respectively. Furthermore, AlignDG consis-
tently outperforms other baselines on the MERFISH data 
(Fig. 7C), further demonstrating the platform invariance 
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and robust reconstruction capability of the proposed 
algorithm.

In all, AlignDG is also applicable for 3D architecture of 
tissues, demonstrating superiority of AlignDG for adja-
cent and distant alignment of ST slices.

Discussion
Slice alignment is a fundamental task in the analysis of 
ST data, and various algorithms are developed to address 
this biologically important challenge. However, current 

algorithms typically rely on manually annotated land-
marks to guide slice alignments, or operate under the 
assumption of balanced slices with comparable sizes. Fur-
thermore, available algorithms separate feature learning 
from alignment, resulting in undesirable performance. 
By integrating attributed network model with graph-
based learning, AlignDG achieves reliable slice alignment 
for both adjacent and distant slices in an unsupervised 
and data-driven manner, which dramatically extends 
the applications of slice alignment. A summary of the 
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proposed algorithm and current baselines for alignment 
of ST slices is provided in Table 1. Overall, AlignDG pro-
vides a unified framework for aligning ST slices, and the 
source code and tutorials for AlignDG are also available 
at ​h​t​t​p​​s​:​/​​/​g​i​t​​h​u​​b​.​c​​o​m​/​​x​k​m​a​​x​i​​d​i​a​n​/​A​l​i​g​n​D​G.

The unique capability of AlignDG for distant slice 
alignment enables diverse biological applications, cover-
ing non-consecutive or non-continuous slices across dif-
ferent tissues, as well as slices from different conditions 
that are currently unmanageable by existing methods. 
Furthermore, alignment of distant slices enables the iden-
tification of spatially-resolved patterns, which not only 
bridges ST technologies with various resolutions and 
genomic coverage, but also detects key regulators and 
pathways of tissues. More importantly, AlignDG fulfills 
alignment of distant slices by saving about 50% of slices 
with a comparable performance, which is critical for 
biologists for launching and designing biological experi-
ments. AlignDG is also efficient and applicable across 
various conditions that cannot be properly addressed by 
current state-of-the-art methods, where existing meth-
ods often decouple feature learning from alignment. And, 
AlignDG integrates feature learning and alignment of 
slices by dynamically updating features of spots, thereby 
significantly reducing computational complexity. Nota-
bly, only AlignDG and Moscot efficiently handle large-
scale slices, performing alignment of slices with 100,000 
spots within 20 minutes.

Furthermore, pan-cancer analysis [88–90] show that 
highly related diseases often share cancer-associated 
genes, and AlignDG provides an effective strategy to 
identify shared patterns by aligning distant slices across 
different diseases. Thus, we apply AlignDG to human 
breast and ovarian cancer slices generated by 10× Visium 
(Additional file 1: Fig. S31A), where both overlapping and 

non-overlapping spatial domains are observed, proving 
existence of specific and conserved spatial domains for 
breast and ovarian cancer (Additional file 1: Fig. S31B-C). 
Moreover, DEGs associated with conserved domains are 
largely overlapped between these two slices, demonstrat-
ing that breast and ovarian cancer are highly related [91–
93] (Additional file 1: Fig. S31D, Fig. S32A). We also find 
that the biomarker genes associated with these shared 
domains (i.e., domains identified in both slices) are asso-
ciated with the conserved spatial patterns of slices, which 
may provide novel insights into underlying biological 
mechanisms (Additional file 1: Fig. S31E-F, Supplemen-
tary Fig. S32B). For example, gene HSP90AA1 encodes 
the heat shock protein HSP90α, which regulates tumor 
immunity and therapy response by modulating protein 
stability and stress-related signaling pathways. Inhibi-
tion of HSP90AA1 activity reverses multi-drug resistance 
and reduces stem-like properties in immune-refrac-
tory tumors [94–96]. Consistently, we find that gene 
HSP90AA1 significantly stratifies survival time of breast 
and ovarian cancer cohorts (breast cancer: p=2.6E-3, 
ovarian cancer: p=2.0E-2, Additional file 1: Fig. S31G). In 
addition, we also find that several biomarker genes can 
also predict survival time of patients, such as CD24 and 
JTB (Additional file 1: Fig. S32C). These results demon-
strate that alignment of slices across different diseases 
is promising for discovering potential biomarker genes. 
Notably, up-regulation of HSP90AA1 (Additional file 1: 
Fig. 31 F) is associated with poor prognosis in breast can-
cer [97], which also links to improved prognosis of ovar-
ian cancer [98], suggesting that functions of HSP90AA1 
may vary substantially across tumor microenvironments. 
Note that pan-cancer analysis require a great amount of 
samples to ensure reliability of patterns, and alignment of 

Table 1  Summary of current algorithms for alignment of ST slices, where ✓ denotes algorithms are applicable for the conditions
Method Alignment 

(adjacent)
Batch correction Spatial aware Prior free Large scale Alignment 

(Unbalanced)
Alignment 
(Distant)

Seurat [24] ✓ ✓ ✓
Harmony [26] ✓ ✓ ✓ ✓
SANTO [36] ✓ ✓ ✓
STalign [34] ✓ ✓ ✓
GraphST [66] ✓ ✓ ✓
SLAT [43] ✓ ✓ ✓ ✓
CAST [37] ✓ ✓ ✓ ✓
PASTE [39] ✓ ✓ ✓
DeepST [11] ✓ ✓ ✓ ✓
PASTE2 [33] ✓ ✓ ✓ ✓
STAligner [41] ✓ ✓ ✓ ✓ ✓
SPACEL [38] ✓ ✓ ✓ ✓
Spateo [35] ✓ ✓ ✓ ✓
Moscot [45] ✓ ✓ ✓ ✓ ✓
AlignDG ✓ ✓ ✓ ✓ ✓ ✓ ✓

https://github.com/xkmaxidian/AlignDG
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distant slices across diseases also need further validation 
with more samples.

Despite its promising performance, AlignDG still 
has several limitations for further investigation. First, 
AlignDG does not account for local distortions that inev-
itably occur during the sequencing processes, which may 
require non-rigid spatial transformations. Addressing 
these distortion of ST slices is promising for extending 
the applicability of AlignDG. Second, AlignDG cannot be 
directly applied to extra-large-scale ST slices composed 
of multiple stitched regions. Developing more efficient 
strategies for stitching and aligning slices of large tis-
sues is also great interesting. Third, although these image 
registration algorithms for medical images are not easily 
extended for slice alignment, how to fully make use of the 
typical advantages of these algorithms, such as contour 
recognition, could further improve the performance of 
AlignDG. Finally, AlignDG aligns ST slices without con-
sidering spatial multi-omics data, and how to improve 
alignment of slices by integrating omics data is also inter-
esting. Actually, there are two possible directions to inte-
grate spatial omics data. Specifically, AlignDG jointly 
learns features of spots by integrating spatial omics 
modalities beyond spatial transcriptomics, i.e., spa-
tial proteomics or other assays, which further improves 
quality and interpretability of features of spots, thereby 
deepening biological insights of alignment of ST slices. 
And, AlignDG performs alignment of ST slices at the 
spot level, which can be dramatically improved by uti-
lizing meta-structures of spots, such as spatial domains, 
which are identified based on spatial omics data. More-
over, the hierarchical knowledge of spatial omics data 
may also substantially reduce computational complexity 
of AlignDG, thereby extending it to extra-ordinary lage-
scale ST datasets.

Conclusions
We propose AlignDG, i.e., a novel network-based model 
designed for precise alignment and integration of ST 
slices without requiring prior information. In contrast to 
existing methods, AlignDG effectively handles challeng-
ing scenarios, such as non-consecutive, non-continuous, 
across different tissues and diseases conditions. In spatio-
temporal ST datasets associated with development of tis-
sues, AlignDG precisely tracks tissue development using 
only approximately 50% slices of datasets, providing 
biologists with a powerful tool to optimize experimental 
design and enhance the efficiency of data analysis.
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