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SUMMARY

Recent advances in spatial omics technologies have provided unprecedented insight into tissue 

spatial organization, but challenges remain in aligning spatial slices and integrating complementary 

single-cell and spatial data. Here, we propose TOAST (topography-aware optimal alignment of 

spatially resolved tissues), an optimal transport (OT)-based framework that extends the classical fused 

Gromov-Wasserstein (FGW) objective to more comprehensively model the heterogeneity of local molec

ular interactions. By introducing ‘‘spatial coherence,’’ quantified through the entropy of local 

neighborhoods, and ‘‘neighborhood consistency,’’ which preserves the expression profiles of neigh

boring spots, TOAST’s objective function improves the alignment of spatially resolved tissue 

slices and the mapping between single-cell and spatial data. Through comprehensive evaluations, we 

demonstrate that our method consistently outperforms traditional FGW and other OT-based alignment 

methods. By integrating spatial constraints into OT, our framework provides a principled approach to 

enhance the biological interpretability of spatially resolved omics data and facilitate multimodal data 

integration.

INTRODUCTION

Single-cell RNA sequencing enables the profiling of a large 

portion of the transcriptome at the level of individual cells, and 

it has profoundly advanced our understanding of disease mech

anisms and biological processes.1 Recent advancements in 

spatial omics technologies, particularly in spatial transcriptomics 

(ST), enable transcriptome-wide gene expression profiling 

without dissociation, thereby retaining spatial information and 

offering a complementary perspective on cellular organization. 

Experimental protocols for generating ST data are well-estab

lished and include, for instance, Visium from 10× Genomics,2

MOTIVATION Spatial omics technologies enable high-resolution profiling of gene and protein 

expression while preserving tissue architecture. A central computational challenge in this context is 

the alignment of spatially resolved tissue slices across sections, time points, samples, or modalities in 

order to reconstruct tissue organization, infer developmental trajectories, and integrate multimodal 

data. Optimal transport (OT), particularly fused Gromov-Wasserstein (FGW), has emerged as a principled 

framework for spatial alignment by jointly modeling feature similarity and global structural relationships. 

However, existing OT-based approaches primarily account for global geometry, while neglecting 

local spatial organization. To address this limitation, we developed TOAST (topography-aware optimal 

alignment of spatially resolved tissues), a topography-aware extension of FGW that explicitly integrates 

local spatial constraints into the OT objective. Specifically, TOAST introduces spatial coherence and 

neighborhood consistency terms that preserve local heterogeneity and intercellular relationships 

during alignment. By embedding microenvironmental structure directly into the transport formulation, 

TOAST produces more accurate, biologically interpretable alignments while remaining computationally 

scalable. 
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GeoMx from NanoString,3 seqFISH,4 MERFISH,5 and Slide- 

seq2.6 In the context of ST, the ability to align and compare dis

tributions is critical for studying tissues, where different arrange

ments of cells dynamically interact to maintain tissue function. 

Changes in cell composition, structure, and spatial organization 

often underlie the transition from healthy to diseased states.7 The 

alignment of multiple slices is, therefore, critical for improving the 

generalization of downstream analyses; establishing plausible 

trajectories in development, disease progression, or response 

to perturbation; and integrating multimodal spatially resolved 

omics data.

Optimal transport (OT) has become a foundational tool 

across fields, including economics, machine learning, and 

biology.8–12 By providing a geometry-based approach to 

realize couplings between two probability distributions, OT fa

cilitates the analysis and alignment of datasets originating 

from different domains.13,14 In the context of tissue biology, 

OT’s capacity to match distributions in a principled manner 

makes it an ideal tool for uncovering cellular relationships 

and dynamics. Recently, OT has been increasingly adopted 

for tasks involving data integration and alignment. For 

instance, PASTE15 aligns and integrates ST data from multiple 

adjacent tissue slices, while PASTE216 extends PASTE to 

partially overlapped slices. Similarly, DeST-OT17 is an OT 

method for aligning spatiotemporal transcriptomics data, 

which incorporates cell growth and differentiation objectives 

in its framework. Related to multislice alignment is the prob

lem of mapping single-cell transcriptomics to spatially 

resolved imaging/sequencing technologies, hence mitigating 

the trade-off between lack of spatial information (single-cell 

technologies) and resolution and gene coverage (spatially 

resolved technologies). For instance, Rahimi et al.18 proposed 

DOT, a multi-objective optimization framework for transferring 

features across these data modalities, thus integrating their 

complementary information. In Klein et al.,19 the authors intro

duced moscot, a flexible OT framework that implements 

widely used OT objectives—Wasserstein, Gromov- 

Wasserstein, and fused Gromov-Wasserstein (FGW)—as well 

as extensions that relax marginal constraints for unbalanced 

OT8 and account for cell growth and death. Collectively, these 

works highlight the versatility of OT in addressing a broad 

range of challenges in the integration and alignment of sin

gle-cell and spatial omics data, particularly through the use 

of the FGW objective.

Despite demonstrating promising results, these methods 

exhibit key limitations that can compromise both their accuracy 

and biological interpretability. Specifically, while they leverage 

OT to infer correspondences between slices by accounting for 

global spatial organization (intra-sample distances), they do 

not incorporate the local spatial organization, which plays a 

crucial role in shaping cellular states. In cancer biology, for 

instance, the tumor microenvironment is highly structured, with 

immune cells, fibroblasts, and malignant cells forming spatially 

distinct niches that regulate immune evasion, therapeutic resis

tance, and tumor progression.20,21 Similarly, in developmental 

biology, spatial gradients of morphogens and transcriptional 

programs orchestrate cellular differentiation and tissue 

patterning, making local spatial context essential for accurately 

reconstructing lineage trajectories.22 Consequently, the omis

sion of domain-specific spatial constraints in OT-based frame

works can lead to biologically implausible mappings that do 

not capture the true spatial architecture of tissues.

In this work, we introduce TOAST (topography-aware 

optimal alignment of spatially resolved tissues), a novel topog

raphy-aware framework for spatial omics, which explicitly in

corporates spatial local constraints into the OT objective. 

TOAST extends the classical FGW formulation by introducing 

two additional terms, ‘‘spatial coherence’’ and ‘‘neighborhood 

consistency,’’ to account for spatial organization and molecu

lar heterogeneity. We extensively evaluated TOAST on both 

simulated and real spatial omics datasets for the tasks of 

multislice alignment and integration of single-cell and spatial 

data, demonstrating its advantages over traditional FGW 

and other alignment methods. Our evaluation is based on 

data coming from ST technologies such as 10× Visium, Ste

reo-seq, and seqFISH and spatial proteomics technologies, 

such as imaging mass cytometry (IMC). By leveraging OT 

in a spatially informed manner, our method provides a 

tool for studying tissue organization, tracking cellular dy

namics across conditions, and enhancing multimodal data 

integration.

RESULTS

Topography-aware optimal transport

A spatial omics dataset is composed of a series of spatially 

resolved tissue slices, each defined by a tuple S = (X;S) where 

X ∈ Nn×p is, for example, in the case of transcriptomics, the 

matrix of n spots and p genes and S ∈ Nn×2 contains the spatial 

coordinates (x,y) of each spot. Given a pair of tissue slices, S1 

and S2 from two adjacent tissue sections or time points con

taining n1 and n2 spots, respectively. OT aims to find a trans

port matrix Π+ ∈ Rn1×n2 , whose positive entry Πij describes 

the probability of transporting spot i in S1 to spot j in S2. To 

this end, several recent works15,16,19 proposed the use of 

the FGW distance and minimized the following objective 

function:

Γ(Π) = (1 − α)〈Π;M〉F + α
∑

i;j;k;l

L
(
C1;i;k ;C2;j;l

)
Πi;jΠk;l:

(Equation 1) 

The Frobenius inner product term, 〈Π,M〉F, corresponds to 

the Wasserstein component as it minimizes the pairwise trans

port cost encoded in the cost matrix M. In the context of ST, 

the Wasserstein term encourages mappings between spots 

with similar expression profiles (STAR Methods, section dis

tance functions). The second term, 
∑

i;j;k;lL
(
C1;i;k ;C2;j;l

)
Πi;jΠk;l, 

represents the Gromov-Wasserstein component, as it cap

tures the structural dissimilarity between spatial slices. C1,i,k 

and C2,j,l represent the intra-slice spatial distance between 

spots i and k and spots j and l in S1 and S2 , respectively. 

Here L(C1,i,k,C2,j,l) measures the dissimilarity between the local 

contexts C1 and C2, making the OT framework sensitive to 

relational or structural differences (STAR Methods, section 

distance functions). The hyperparameter α ∈ [0,1] controls 
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the balance between the Wasserstein and Gromov- 

Wasserstein components.

The state and function of cells within a tissue are affected 

by interactions with neighboring cells, extracellular matrix 

components, and local signaling gradients.23 The intra- and 

intercellular relationships form distinguishing and representa

tive spatial patterns across tissues and conditions.24,25 Pro

cesses such as immune responses, tissue regeneration, and 

cancer progression often depend on the spatial organization 

and interaction of different cell types. Furthermore, recent 

studies on tissue organization in cancer patients have identi

fied the presence of spatially clustered regions, dominated 

by a single-cell state, and disorganized regions, exhibiting a 

variety of cell states.26 As a result, it is pivotal to be able to 

A

B

Figure 1. TOAST: A topography-aware 

fused Gromov-Wasserstein optimal trans

port framework for spatial omics 

(A) Slice alignment: we align spatial tissue 

slices by incorporating spatial coherence and 

neighborhood consistency into the optimal 

transport objective to better preserve local 

tissue organization and molecular heteroge

neity. 

(B) Annotation transfer: TOAST enables the 

integration of multiple slices of spatially 

resolved omics as well as localization of disso

ciated cells to spatial locations by mapping 

cellular states while preserving the spatial 

context.

model these interactions and account 

for molecular heterogeneity while 

defining a successful transport plan. 

To this end, we introduce TOAST, a 

generalized topography-aware OT- 

based framework for intra- and inter

sample and temporal alignment and 

mapping of spatially resolved omics 

data (Figure 1). To decouple the diver

sity of cell states from the aggregated 

expression in the immediate neighbor

hood of each cell, TOAST incorporates 

two new terms to the objective function 

in Equation 1.

First, we introduce a spatial coherence 

term, designed to capture the heteroge

neity in the spatial neighborhood of 

each spot. In detail, using the (x,y) coordi

nates, we construct a spatial graph G 

where each node represents a spot and 

edges connect each spot to its closest 

neighbors. Given a node i, we define 

Pi(k) to be the probability of a neighbor 

of i belonging to class k ∈ K, where K de

notes the set of cell labels. We then 

compute the spatial coherence score for 

a node i as the entropy of the label distri

bution around i:

H(i) = −
∑

k ∈K

Pi(k)log(Pi(k)): (Equation 2) 

The cell labels typically correspond to manually annotated 

cell types or cell states or labels transferred from an available 

single-cell reference atlas. In the context of the optimization 

task, however, annotations are not strictly required. Instead, a 

set of discrete cell labels can be obtained by clustering highly 

variable genes across tissue slices. H(i) provides a straightfor

ward interpretation: it quantifies the degree of heterogeneity 

of a given spot’s neighborhood. A higher H(i) value indicates 

a more diverse neighborhood, with multiple cell labels being 

represented among the neighboring spots. Conversely, a lower 

H(i) value suggests a more homogeneous neighborhood, 
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dominated by a single-cell label. Incorporating spatial coher

ence into the OT objective function enables a more refined 

modeling of spatial interactions. Specifically, it encourages so

lutions that respect the local heterogeneity of the tissue envi

ronment, ensuring that the transport plan aligns with the tis

sue’s local structure. Following the notation in Equation 1, we 

define C3 to be the dissimilarity of the spatial entropy scores 

of spot i in S1 and spot j in S2 as

C3(i; j) = L(H(i);H(j)): (Equation 3) 

Second, to further enhance the preservation of the spatial 

context and model the locally consistent intercellular relation

ship patterns,24,25 we introduce a neighborhood consistency 

term. This additional term is designed to ensure that the 

average expression profiles of a cell’s neighborhood are 

preserved across slices. As before, a graph G is constructed 

using the (x,y) spatial coordinates. For each node i in G, 

we consider its set of neighbors N(i) and compute the 

average expression profile across all genes within this neigh

borhood. We define C4 to be the distance between the 

average neighborhood expression profiles of spot i in S1 and 

spot j in S2 as

C4(i; j) = L
(
EN(i);EN(j)

)
; (Equation 4) 

where EN(i) and EN(j) represent the average expression profiles 

of the neighborhoods of spots i and j, respectively. The neigh

borhood consistency acts as a regularization term and penal

izes transport plans that map spots exhibiting neighborhoods 

with drastically different expression profiles, thereby ensuring 

that the spatial context of each spot is preserved across slices.

By integrating both the spatial coherence and neighborhood 

consistency terms into the classical FGW formulation, we define 

the objective function of TOAST as

Γ(Π) = (1 − α)〈Π;M〉F +
α
3

[
∑

i;j;k;l

L
(
C1;i;k ;C2;j;l

)
Πi;jΠk;l

+ 〈Π;C3〉F + 〈Π;C4〉F

]

;

(Equation 5) 

where α ∈ [0,1] controls the trade-off between the feature similar

ity term and the equally weighted structural terms. In practice, an 

entropy-based regularization term H(Π) =
∑

i;jΠi;j log
(
Πi;j

)
is 

added to the optimization problem in Equation 5 to control for 

smoothness and accelerate the optimization of Π.27 We further 

constrain the optimization such that the total mass transported 

from S1 exactly matches the total mass transported to S2 result

ing in the balanced OT optimization formulation

min Γ(Π) − εH(Π); (Equation 6) 

subject to:

Π1n2
= u;Π⊤1n1

= v;Π ≥ 0;

where H(Π) is the entropy of the transport matrix, ε > 0 controls 

the strength of this entropic regularization, u ∈ Rn1 and v ∈

Rn2 are the mass vectors corresponding to the distributions of 

spots in S1 and S2, and 1n is a vector of ones.

Evaluation on simulated data

One-dimensional simulation

Following the evaluation scenario presented by Halmos et al.,17

we simulated one- and two-dimensional slices with eight-dimen

sional feature vectors for each spot (STAR Methods, section 

‘‘one-dimensional simulation’’). For the one-dimensional simula

tion, we defined two tissue slices S1 and S2, each containing 101 

spots and two different cell types, A and B. The feature vectors 

for each cell type were designed to be orthogonal and depen

dent on the one-dimensional spatial location of each spot.17 S1 

contained 51 spots of cell type A and 50 spots of cell type B, 

while S2 had 49 spots of cell type A and 52 of cell type B. In addi

tion, to mimic the organization of real biological tissues, we intro

duced clustered regions, where only one cell type was present, 

and disorganized regions, where both cell types were mixed. 

Figure 2A shows an example of the spatial organization of the 

simulated one-dimensional ST data.

We compared the classical FGW formulation in Equation 1, 

with our topography-aware formulation, TOAST, which inte

grates spatial coherence and neighborhood consistency in the 

objective function as in Equation 5. As evaluation metric, we as

sessed mapping accuracy as the sum of probabilistic alignment 

weights Πij over all pairs (i,j) of spots in the true alignment. For the 

true alignment, spots were defined as corresponding if they 

shared the same cell type or were located in regions with the 

same spatial organization (that is, clustered or disorganized). 

We defined the former as ‘‘cell type accuracy’’ and the latter 

as ‘‘coherence accuracy.’’ For our experiments, we tested mul

tiple α values (0.1, 0.3, 0.5, 0.8, 1), progressively increasing the 

weight of the spatial component. Figure 2B shows the compari

son between FGW and TOAST in terms of these metrics. TOAST 

consistently matches or outperforms FGW in terms of cell type 

accuracy across all α values, indicating its robustness in preser

ving cell identity. Compared to FGW, our topography-aware 

transport plan preserves the spatial neighborhoods of the slices, 

as reflected by the coherence accuracy metric.

Figure 2C shows a qualitative comparison between the trans

port maps from FGW and TOAST. In TOAST’s alignment, con

nections in disorganized regions are notably stronger and better 

mapped, reflecting the model’s ability to preserve the local 

context of spatially disorganized areas. In contrast, FGW yields 

weaker and less-consistent connections, as it primarily mini

mizes transport and structural costs without accounting for the 

molecular heterogeneity or the neighborhood context of the 

cells. To dissect the contribution of each spatial constraint within 

the TOAST objective, we conducted an ablation analysis by sys

tematically removing either the spatial coherence or neighbor

hood consistency term. In Figure S1, we show that the spatial 

coherence term primarily supports the accurate mapping of 

cell types, while the neighborhood consistency term stabilizes 

the alignment by encouraging cells in well-defined tissue do

mains to map together. The full TOAST model achieves the high

est scores across both metrics, demonstrating that the two 

terms provide complementary, non-redundant information.

Two-dimensional simulation

Similar to the one-dimensional case, we simulated ST data in two 

dimensions (STAR Methods, section two-dimensional simula

tion). Both slices contained 624 spots, with S1 being composed 
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of 278 spots of cell type A and 346 spots of cell type B and S2 of 

385 spots of cell type A and 239 spots of cell type B. As in the 

one-dimensional case, we defined clustered and disorganized 

areas (Figure 2D). Figure 2E shows the transport map accuracy 

for the two-dimensional case, comparing FGW and TOAST 

across different values of α. On both cell type and coherence ac

curacy, TOAST consistently outperforms the traditional FGW 

formulation. For small values of α, the cell type mapping perfor

mance remains similar as the spatial information is not fully ex

ploited. As α increases, the performance of FGW declines mark

edly compared to TOAST. At higher α values, FGW fails to 

correctly map cells to spatial regions, whereas TOAST better 

captures local context and preserves spatial coherence.

Intra- and intersample and temporal alignment

Human dorsolateral prefrontal cortex Visium

To assess the ability of our framework to map spots across slices 

in a real dataset, we analyzed a human dorsolateral prefrontal 

cortex (DLPFC) data generated using 10× Visium.2 This study 

sequenced 12 tissue slices spanning six neuronal layers plus 

white matter from the DLPFC in three human brains. Manual an

notations of the tissue layers were provided in the original study. 

One of the samples from this dataset is shown in Figure 3A.

We assessed the pairwise alignment of all consecutive slices 

for each sample and compared the accuracy, measured by the 

number of correctly matched cell annotation pairs across the sli

ces, between FWG (Equation 1), TOAST (Equation 5), DeST- 

OT,17 Tangram,28 Paste2,15,16 and NovoSparc.29 Figure 3B pre

sents the results of this comparison. By explicitly modeling 

neighborhood composition and spatial expression, TOAST out

performs the other methods across all pairwise alignments and 

samples. TOAST’s superior performance stems from its ability 

Figure 2. Evaluation on one- and two- 

dimensional simulated spatial slices 

(A) Example of the spatial cell type distribution for 

slice S1 for the one-dimensional simulation. 

(B) Accuracy comparison between the traditional 

FGW formulation and our topography-aware 

formulation, TOAST, in terms of cell type and 

spatial coherence for the one-dimensional simu

lated ST data. 

(C) Transport maps computed by FGW (top) and 

TOAST (bottom). Edges represent transport 

probabilities between source and target cells; only 

connections with transport weight ≥1 × 10− 5 are 

shown. Edge intensity and thickness are propor

tional to the transport mass, allowing visual com

parison of strong versus weak couplings. 

(D) Spatial cell type distributions for slice S1 and 

S2 for the two-dimensional case. 

(E) Accuracy comparison between FGW and 

TOAST in terms of cell type and spatial coherence 

for the two-dimensional simulated ST data.

to explicitly model local cell type compo

sition within the tissue. Given that the 

brain cortex is a highly layered and 

spatially organized structure (Figure 3A), 

where distinct neuronal and glial cell pop

ulations are arranged in well-defined regions, a transport plan 

incorporating neighborhood consistency and spatial coherence 

is able to yield more biologically meaningful mappings. By pre

serving the local spatial organization of spots, TOAST ensures 

that cell type transitions align with the inherent structural proper

ties of the cortex, leading to more accurate cross-slice align

ment. While DeST-OT and FGW also show good accuracy, 

Tangram and NovoSparc fail to align spatial slices accurately 

in most comparisons, leading to the lowest scores in 

Figure 3B. Unsurprisingly, Paste2 reaches similar results to 

FGW, as they share the same objective function.

We further explored the ability of the models to reconstruct the 

local spatial heterogeneity by comparing the cell type distribu

tions between cells in the source slice and cells in the aligned 

slice by quantifying the Jensen-Shannon divergence (JSD) of 

their nearest 20 neighbors. A lower JSD value signifies a closer 

resemblance in cell type distribution between predicted and 

true cell neighbors. Figure 3C shows that TOAST better pre

serves the spatial cell type composition compared to other 

methods, consistently reaching lower JSD scores. Furthermore, 

even when the coherence term is defined using unsupervised 

cell labels derived from Leiden clustering,30 TOAST still exhibits 

the strongest performance (Figure S2A).

To further demonstrate the advantages of TOAST, we show 

that the alignment matrices between consecutive slices can be 

successfully used to reconstruct a coherent three-dimensional 

tissue architecture (Figure S2B). By sequentially applying the 

learned transport plans, we propagate spatial coordinates 

across neighboring slices and recover the overall volumetric or

ganization of the tissue.

Along with alignment of consecutive slices, we designed a 

more challenging set of experiments involving alignment of 
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non-consecutive slices from the same brain and cross-sample 

alignment (a slice from one sample is pairwise aligned with a slice 

from another sample). Figure 3D shows the accuracy results of 

this comparison. As in the consecutive alignment experiments, 

Tangram and NovoSparc achieve the lowest accuracy, with 

DeST-OT and FGW exhibiting higher accuracy scores. However, 

as illustrated in the boxplots and measured by the Wilcoxon 

rank-sum test, TOAST outperforms all the other methods with 

Figure 3. Evaluation on the human DLPFC data 

(A) One sample of human dorsolateral prefrontal cortex (DLPFC) with four slices where spots are colored according to the original annotations. 

(B and C) Quantitative comparison of the pairwise alignment of all consecutive slices for FWG, TOAST, DeST-OT, Tangram, Paste2, and NovoSparc in terms of 

accuracy and JSD, respectively. 

(D) Accuracy results for all methods on consecutive slices, non-consecutive slices from the same brain, and cross-sample alignments. p values were computed 

using two-sided Wilcoxon rank-sum tests.
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a statistically significant margin across all three experiments. 

Finally, our topography-aware framework also exhibits the stron

gest performances when comparing the average accuracy and 

JSD for each cell annotation across all three experiments 

(Figure S2C–S2E). To further illustrate the biological interpret

ability of TOAST outputs, we quantified how well each method 

preserved local tissue structure using spatial coherence scores. 

As shown in Figure S2F (upper panel), TOAST maintains the orig

inal distribution of spatial coherence more faithfully than FGW, 

indicating better preservation of microenvironmental organiza

tion. We additionally computed alignment confidence scores 

(Figure S2F, lower panel), defined as the maximum transport 

mass assigned to each cell. These confidence maps facilitate 

the identification of reliably aligned regions, as well as transi

tional or heterogeneous zones that might merit further biological 

investigation.

Axolotl brain Stereo-seq

In Wei et al.,22 Stereo-seq was used to measure gene expression 

in the telencephalon, a brain region in the axolotl (Ambystoma 

mexicanum), a species of salamander, at different develop

mental time points. Figure 4A depicts the spatial organization 

of cells across the five developmental stages (stage 44, stage 

54, state 57, juvenile, and adult) colored by cell type.

We assessed the pairwise alignment of all consecutive slices 

and compared TOAST against the best-performing method 

from the previous section, DeST-OT. Figure 4B shows that 

across all values of α, by explicitly taking into account spatial 

neighborhood information, TOAST consistently reaches the 

highest accuracy. Although the improvement margin is smaller 

than in the well-layered human DLPFC, TOAST is still capable 

of outperforming DeST-OT in all alignments.

In Figure 4C, we quantify the models’ ability to preserve cell 

type composition across alignments. TOAST exhibits lower 

JSD scores in all pairwise alignments, indicating that it better 

preserves the composition of the local spatial neighborhood 

compared to DeST-OT, which shows greater deviation from 

the original cell type distributions (performances for each individ

ual cell type are shown in Figure S3A). We then examined the cell 

type transition matrix produced by TOAST for each pair of 

consecutive time points. We depict the most frequent transi

tions, supported by at least 50 occurrences, in Figure 4D.

Consistent with findings in Halmos et al.,17 we observed that 

immature cell types expressing early developmental markers 

disappear after the juvenile stage, where immature cell types 

like common myeloid progenitor or medium spiny neurons 

(MSN) transition into their respective mature cell types. Develop

mental ependymoglial cells (dEGCs) disappear at stage 57, with 

TOAST predicting their primary transition into ribEGCs, which 

reside in the ventricular zone—the same spatial region as 

dEGCs. Finally, a directed cycle between cckIN and MSN 

emerges, particularly during the juvenile-to-adult transition, likely 

due to their co-localization in the striatum region of the brain.

Applicability of TOAST beyond ST

While all experiments so far focused on transcriptomics data, our 

OT framework finds application also on other types of spatial 

omics. As an example, we considered IMC from sections of 4 pa

tients with squamous cell carcinoma of head and neck, breast 

cancer, non-small cell lung cancer, and colorectal cancer, 

respectively, from the Integrated Immunoprofiling of Large 

Adaptive Cancer patient cohorts31 (IMMUcan). Single-cell mea

surements for 40 proteins, along with annotations of major im

mune and cancer cell types, were available for each section.

Figure 5A shows four sections, annotated by the cell type and 

by the expression of three markers (CD8, CD68, and CDH1). We 

aligned all intra-sample slices, resulting in a total of 18 compar

isons, and used the cell type annotations to measure the accu

racy of DeST-OT and our topography-aware formulation, 

TOAST. Figure 5B quantifies the accuracy of both methods 

across all alignments. The results indicate that TOAST consis

tently outperforms DeST-OT across all patients, demonstrating 

its superior ability to establish biologically meaningful correspon

dences between aligned slices. TOAST also achieves higher ac

curacy for all but one cell type compared to DeST-OT 

(Figure 5C). Given the computational demands of large-scale 

spatial omics analyses, Figure 5D shows the execution time dis

tributions for both methods. These results, along with the find

ings in Figure S3B, where we performed a controlled runtime 

analysis using simulated datasets of increasing size, indicate 

that TOAST not only improves alignment accuracy but also re

mains tractable even at tens of thousands of spatial locations, 

making it a scalable and efficient approach for spatial omics 

data integration.

To evaluate the performance of TOAST in a multimodal setting, 

we applied it to integrate ST and spatial proteomics measured on 

the same formalin-fixed paraffin-embedded renal carcinoma 

sample from the Xenium platform32 (Figure 5E). From the multi

modal measurements, we constructed two matched spatial 

omics views: (1) transcript-level expression for the 405 genes 

in the base Xenium panel and (2) protein expression for the 25 im

munophenotyping targets included in the protein panel. In this 

way, we simulate a scenario where different modalities are 

measured on consecutive slices with a small panel overlap, while 

still having ground-truth locations available for evaluation. For 

each modality, we performed independent preprocessing and 

unsupervised Leiden clustering to obtain label-free partitions 

required for the spatial coherence term in TOAST. We then 

aligned the two modalities using both classical FGW and 

DeST-OT and our spatially informed variant, TOAST. Because 

both assays were derived from the same physical cells, the 

ground-truth correspondence between transcript and protein 

measurements is known. We, therefore, quantified alignment 

quality using true one-to-one cell matches, allowing a direct 

and biologically meaningful assessment of each method’s ability 

to recover the correct multimodal mapping. Figure 5F shows that 

TOAST achieves higher alignment accuracy compared to both 

FGW and DeST-OT, demonstrating that the additional spatial 

terms improve multimodal correspondence between transcript 

and protein maps.

Spatial reconstruction

Even though our OT methodology is not designed for the task of 

mapping spatial locations to single-cell data, we can apply it un

der the assumption of regional association of the gradient of 

expression to the spatial location, which can be best observed 

in the context of early development.33

To this end, we performed semi-simulation experiments on 

the synthetic data generated from the Spatial Mouse Atlas 

Cell Reports Methods 6, 101373, April 20, 2026 7 

Article
ll

OPEN ACCESS



Figure 4. TOAST recovers developmental trajectories in Stereo-seq axolotl brain 

(A) Stereo-seq at different developmental time points colored by cell types. 

(B and C) Quantitative comparison of the pairwise alignment of consecutive slices for TOAST and DeST-OT in terms of accuracy and JSD, respectively. 

(D) Most frequent cell type transitions predicted by TOAST for each pair of consecutive developmental stages. Our framework accurately captures the devel

opment of immature cells into their respective mature cell types.
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datasets.34 Because this dataset provides experimentally 

measured cell coordinates, this experiment is designed as a 

controlled reconstruction task that enables quantitative bench

marking against ground-truth spatial locations, rather than a fully 

unpaired single-cell-to-spatial integration scenario where such 

true spatial positions would otherwise be unavailable.

Figure 5. TOAST accurately aligns different types of spatial omics 

(A) For four example sections from IMMUcan, the spatial distribution of different cell types is shown, with colors representing CD8a, CD68, and CDH1 protein 

expression. The outlined cells correspond to different annotated cell types. 

(B) Accuracy for TOAST and DeST-OT for all intra-sample slice alignments. Patients 1 and 3 and Patients 2 and 4 have 3 and 4 sections, respectively. 

(C) Mean accuracy for TOAST and DeST-OT across different cell types. 

(D) Execution time distribution for DeST-OT and TOAST. The violin plots illustrate the variability in computation time, while the black diamond markers indicate the 

median execution time, in seconds, for each method. 

(E) Renal carcinoma sample from the Xenium platform. 

(F) Accuracy comparison of FGW, DeST-OT, and TOAST using ground-truth correspondence between transcript and protein measurements.
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Three different embryo slides were profiled with seqFISH,4

and single-cell gene expression profiles were provided along 

with the spatial coordinates of the cells. Following the approach 

in Hao et al.,35 we treated the gene expression data as pseudo- 

single cell data without the spatial coordinates and treated the 

spatial coordinates as the ground truth to test the predictions 

of our transport plan. We generated pseudo-ST data to mimic 

key characteristics of the widely used 10× Visium platform2

lower-than-single-cell resolution and partial coverage of cells 

within the tissue (Figure 6A). The gene expression for each 

spot was calculated as the sum of the gene expression values 

of all the covered cells, while the true cell type proportions for 

each spot were determined based on the cell type annotations 

of the cells it encompassed.

We compared TOAST to traditional FGW, DeST-OT, 

NovoSpaRc, and Tangram. Given a transport plan obtained by 

any of the aforementioned methods, the spatial coordinates of 

a single cell were computed as the average of the coordinates 

of the Visium spots mapped to that cell, weighted by the trans

port probabilities. Mean absolute error (MAE) and Pearson 

Figure 6. TOAST reconstructs spatial relationships in semi-simulated spatial transcriptomics data 

(A) Original seqFISH spatial data and simulated 10× Visium with lower resolution and coverage. 

(B) MAE and Pearson correlation between ground truth and predicted locations for three embryo slides for FWG, TOAST, DeST-OT, Tangram, and NovoSparc. 

(C) The reconstructed spatial distribution by TOAST versus the ground-truth spatial distribution. Colors indicate different cell types or regions.
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correlation coefficient were used to measure the distance be

tween the ground truth and predicted locations. Figure 6B shows 

the results of this comparison.

On both metrics, TOAST consistently outperforms the other 

methods, with DeST-OT and FGW reaching slightly lower perfor

mances. Tangram and NovoSpaRc show significantly worse 

spatial reconstruction abilities compared to the other methods. 

For each of three embryo slides, in Figure 6C, we show that 

the transport matrix produced by TOAST learns a mapping 

that strongly preserves the topology of the original single-cell 

space. Figure S4 shows this qualitative comparison for all the 

evaluated methods. As quantitatively indicated in Figure 6, 

FGW, DeST-OT, and TOAST are better able to reconstruct the 

spatial relationships compared to Tangram and NovoSpaRc, 

which fail to preserve the spatial distribution of the single cells.

Next, we assessed the ability of TOAST to reconstruct the cell 

type relationships by computing a proximity-based enrichment 

score (STAR Methods, section neighborhood enrichment) for 

each cell type in the original and reconstructed seqFISH data. 

For one of the samples, Figure 7A shows that the reconstructed 

spatial cell type relationships closely resemble the ones in the 

original data. A high Spearman coefficient, Figure 7B, confirms 

this similarity. Figures S5A and S5B depict the same analysis 

and similar results for the remaining samples.

We performed a similar qualitative evaluation of our framework 

to analyze the tumor microenvironment in a human squamous 

cell carcinoma dataset.36 Figures S6A and S6B show that 

TOAST is able to accurately reconstruct the cell type composi

tion and the spatial relationships of the tumor microenvironment 

(see supplemental information).

Finally, to evaluate TOAST in a realistic single-cell-to-spatial 

integration setting, in a well-structured tissue, under the same 

strong assumption of regional association of the gradient of 

expression to the spatial location, we use the results of the align

ment of dissociated and spatially resolved data to perform gene 

expression imputation. Specifically, we integrated an scRNA- 

seq dataset of 3,005 mouse somatosensory cortex cells from 

Zeisel et al.37 with an osmFISH dataset consisting of 4,462 

Figure 7. Spatial reconstruction performance of our topography-aware OT framework on one sample from the Spatial Mouse Atlas 

(A) Comparison of original and reconstructed neighbor enrichment for sample E1z1 from the Spatial Mouse Atlas. Heatmaps show the neighbor enrichment 

scores for different cell types in the original slice (top) and the reconstructed slice (bottom). The TOAST-reconstructed enrichment matrix closely mirrors the 

original, demonstrating the model’s ability to preserve local tissue architecture. 

(B) The strong correlation between reconstructed and ground truth Z scores confirms the similarity between the original and reconstructed spatial interactions.
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spatially resolved cells and 33 measured genes from Codeluppi 

et al.38 We compared TOAST with DeST-OT, Tangram, and 

gimVI,39 a probabilistic model specifically designed for the task 

of imputing gene expression measurements by integrating 

scRNA-seq and ST. We performed five independent random 

gene splits, where in each split 80% of the genes shared be

tween the two datasets were selected as observed genes and 

used for alignment and integration, while the remaining 20% 

were held out for evaluation. Prediction accuracy was quantified 

using the Spearman correlation between predicted and true 

expression values across spatial cells, and results are reported 

as the mean and standard deviation across the five runs. For 

OT-based methods, including TOAST and DeST-OT, the pre

dicted spatial expression of a gene was obtained by weighting 

the single-cell expression profiles according to the learned trans

port map, yielding a continuous estimate of gene expression at 

each spatial location. As shown in Figure S6C, TOAST achieves 

the highest performance on this task.

DISCUSSION

Traditional OT-based alignment methods applied to omics data 

focus primarily on minimizing discrepancies between molecular 

profiles while neglecting the critical role of the spatial organiza

tion of tissues. The spatial arrangement and functional state of 

cells are not independent, but they are shaped by interactions 

with neighboring cells, extracellular matrix components, and 

local signaling interactions. Intra- and intercellular relationships 

give rise to spatial patterns that are characteristic of both phys

iological and pathological conditions. In this study, we intro

duced a scalable, topography aware FGW OT framework, 

TOAST, which explicitly incorporates spatial constraints into 

the classical FGW formulation. By integrating spatial coherence 

and neighborhood consistency in its objective function, our 

approach disentangles cell-intrinsic variability from the expres

sion profiles in each cell’s neighborhood and effectively models 

molecular heterogeneity and tissue architecture. Extensive eval

uation shows that TOAST leads to biologically meaningful map

pings in spatial omics datasets.

On simulated data, our results demonstrate that the inclusion 

of spatial coherence and neighborhood consistency improves 

the alignment of both clustered and disorganized tissue regions, 

with traditional OT methods struggling to capture these nuanced 

spatial patterns, often leading to biologically implausible map

pings. When applied to real ST datasets, TOAST consistently 

outperforms competing methods across multiple evaluation 

criteria. In the human DLPFC dataset, our approach achieves 

the highest accuracy in aligning cortical slices, preserving the 

integrity of spatially distinct neuronal layers more effectively 

than traditional OT frameworks. Similarly, in the axolotl brain da

taset, TOAST successfully recovers developmental trajectories 

by accurately aligning cell states across consecutive time points 

and by modeling the local tissue microenvironment during the 

alignment process. Beyond ST, we demonstrate the versatility 

of TOAST by applying it to IMC data from multiple cancer types 

and by integrating ST with spatial proteomics in a renal carci

noma sample. Our results on the mouse atlas dataset showcase 

the ability of TOAST to accurately reconstruct spatial organiza

tion across anatomical regions. By leveraging spatial con

straints, TOAST effectively captures the underlying spatial 

structure of the mouse embryos, preserving tissue-specific ar

rangements and improving the biological relevance of cell-cell 

mappings. Finally, the spatial reconstruction experiments 

demonstrate that spatial coherence and neighborhood consis

tency serve as biologically motivated regularizers, biasing the 

transport solution toward locally smooth and context-preserving 

alignments, with this effect empirically supported by TOAST’s 

superior performance across downstream integration bench

marks. Beyond the aforementioned applications, our framework 

provides a principled way to align and integrate multi-omics 

spatial datasets and could have further implications for under

standing developmental trajectories, disease progression, and 

tissue regeneration.

Limitations of the study

While our framework offers significant improvements over tradi

tional OT-based methods, it is not without limitations. First, 

TOAST relies on a ‘‘balanced’’ OT formulation, where the total 

mass transported from one spatial slice to another is constrained 

to be equal. While suitable for controlled datasets with stable cell 

type proportions, this assumption may not hold in biological sys

tems where cell proliferation, death, or migration alter mass dis

tributions. In such scenarios, an ‘‘unbalanced’’ OT formulation, 

which relaxes mass conservation constraints by incorporating 

additional regularization terms, could provide more flexible and 

meaningful mappings. Second, our method models pairwise 

alignment between spatial domains, which may limit its ability 

to capture more complex temporal trajectories or multi-sample 

correspondences. A possible extension would be to adopt a 

multimarginal OT framework, allowing simultaneous alignment 

of multiple spatial slices or time points. This could enable a 

more comprehensive modeling of dynamic processes such as 

development, regeneration, or disease progression.

Looking forward, TOAST opens avenues for a range of down

stream tasks beyond alignment of spatially resolved omics, for 

instance, for reconstruction of spatial trajectories, annotation 

of disorganized tissue regions, or inferring changes in local tissue 

microenvironments across conditions or perturbations. In addi

tion, future work could explore adaptive spatial regularization, 

where neighborhood constraints are dynamically tuned based 

on local spatial resolution or cell density, enhancing robustness 

across structurally diverse tissue architectures.

RESOURCE AVAILABILITY

Lead contact

Requests for further information and resources should be directed to and will be 

fulfilled by the lead contact, Jovan Tanevski (jovan.tanevski@uni-heidelberg.de).

Materials availability

• This study did not generate new biological materials.

Data and code availability

This study used publicly available data, and the original data can be obtained 

at the following links:

• 10× Visium human dorsolateral prefrontal cortex from https://research. 

libd.org/spatialLIBD/.
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• Axolotl brain Stereo-seq from https://ftp.cngb.org/pub/SciRAID/ 

stomics/STDS0000056/stomics/.

• seqFISH data on mouse organogenesis from https://crukci.shinyapps. 

io/SpatialMouseAtlas/.

• Imaging mass cytometry data from the Integrated Immunoprofiling of 

Large Adaptive Cancer patient cohorts (IMMUcan) was accessed 

through the Bioconductor package imcdatasets.

• The source code is accessible at https://github.com/cecca46/TOAST

or https://doi.org/10.5281/zenodo.18755751. TOAST is implemented 

in Python and can be seamlessly integrated into pipelines using 

Scanpy40 and Squidpy,41 facilitating downstream analysis of spatial 

omics data.

• Any additional information required to reanalyze the data reported in this 

work paper is available from the lead contact upon request.
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STAR★METHODS

KEY RESOURCES TABLE

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

This study did not involve experimental models or human subjects.

METHOD DETAILS

Topography aware fused Gromov-Wasserstein

The Fused Gromov-Wasserstein (FGW) distance is an optimal transport framework that aligns distributions based on both feature 

similarity and structural similarity. The usual formulation of FGW is

Γ(Π) = (1 − α)〈Π;M〉F + α
∑

i;j;k;l

L
(
C1;i;k ;C2;j;l

)
Πi;jΠk;l − εH(Π) (Equation 7) 

where H(Π) =
∑

i;jΠi;j log
(
Πi;j

)
is the entropy of the transport matrix and ε > 0 controls the strength of this entropic regularization. In 

this work, we extend FGW to

Γ(Π) = (1 − α)〈Π;M〉F +
α
3

[
∑

i;j;k;l

L
(
C1;i;k ;C2;j;l

)
Πi;jΠk;l + 〈Π;C3〉F + 〈Π;C4〉F

]

− ϵH(Π) (Equation 8) 

Given some cost matrix M, where Mij represents the transportation cost between positions indexed by i and j optimal transport 

seeks to find a coupling between two probability distributions. Let p ∈ Δn and q ∈ Δm be discrete probability distributions over 

the source and target spaces, respectively, where pi and qj denote the probability mass associated with locations indexed by i 

and j. Here, Δn represents the n-dimensional probability simplex defined as

Δn =

{

p ∈ Rn
+

⃒
⃒
⃒
⃒
⃒

∑n

i = 1

pi = 1

}

: (Equation 9) 

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

Mouse somatosensory cortex scRNA-seq 

dataset

Zeisel et al.37 GEO: GSE60361

Mouse cortex osmFISH dataset Codeluppi et al.38 http://linnarssonlab.org/osmFISH

Human dorsolateral prefrontal cortex 

Visium dataset

spatialLIBD https://research.libd.org/spatialLIBD/

Axolotl brain Stereo-seq dataset Wei et al.22 https://ftp.cngb.org/pub/SciRAID/stomics/ 

STDS0000056/stomics/

Mouse embryo seqFISH dataset Lohoff et al.34 https://crukci.shinyapps.io/ 

SpatialMouseAtlas/

Imaging Mass Cytometry dataset IMMUcan consortium https://www.bioconductor.org/packages/ 

release/data/experiment/html/ 

imcdatasets.html

Xenium transcript–protein dataset 10x Genomics https://www.10xgenomics.com

Software and algorithms

TOAST This paper https://github.com/cecca46/TOAST

DeST-OT Halmos et al.17 https://github.com/raphael-group/DeST_ 

OT

Tangram Biancalani et al.28 https://github.com/broadinstitute/Tangram

gimVI Lopez et al.39 https://github.com/scverse/scvi-tools

POT (Python Optimal Transport) Flamary et al.42 https://pythonot.github.io
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This ensures that the entries of p and q are non-negative and sum to one, making them valid probability distributions. Then, the 

solution of the entropically normalized optimal transport between p and q is the convex optimization problem

Π∗(M;p;q) = arg minΠ ∈Cp;q〈Π;M〉F − ϵH(Π); (Equation 10) 

where Cp;q = {Π ∈ (R+)
n×m

; Π1n2
= p; Π⊤1n1

= q} is the set of possible couplings between p and q. As shown in Cuturi,27 the so

lution is Π*(M,p,q) = diag(a)Kdiag(b) where K = e− M
ϵ ∈ Rn×m is the Gibbs kernel associated to M and (a,b) are computed as

a ←
p

Kb
and b←

q

KTa
(Equation 11) 

using Sinkhorn iterations.43 The Gromov-Wasserstein (GW) term measures the discrepancy between the two distance matrices C1 ∈

Rn×n and C2 ∈ Rm×m defined on space p and q, respectively. For simplicity define

EC1 ;C2
(Π) =

∑

i;j;k;l

L
(
C1;i;k ;C2;j;l

)
Πi;jΠk;l; (Equation 12) 

where L is some loss function to account for the discrepancy between the distance matrices. Using the 4-way tensor

L(C1;C2) =
(
L
(
C1;i;k ;C2;j;l

))

i;j;k;l
; (Equation 13) 

we have EC1 ;C2
(Π) = 〈L(C1;C2) ⊗ Π;Π〉, where ⊗ defines tensor-matrix multiplication. In Peyré et al.,44 the authors showed how to 

efficiently compute L(C1;C2) ⊗ Π for a general class of loss functions. We define the entropic approximation of the Gromov- 

Wasserstein formulation in Equation 8 as

GW(C1;C2;p;q) = min
Π∈Cp;q

EC1 ;C2
(Π) − ϵH(Π): (Equation 14) 

Equation 14 is a non-convex optimization problem that can be solved using projected gradient descent (PGD), where the projec

tions are computed according to the Kullback-Leibler (KL) metric. An iteration of this algorithm reads as

Π←ProjKL
Cp;q

(
Π⊙ e− τ(∇EC1 ;C2

(Π) − ϵ∇H(Π))
)
; (Equation 15) 

where τ is the step size, and the KL projection of any matrix K is given by:

Proj
KL
Cp;q (K) = arg minΠ′ ∈Cp;qKL(Π′|K): (Equation 16) 

Essentially, Equation 16 projects the transport plan onto the feasible set using KL divergence, ensuring valid marginals while pre

serving entropy regularization. As shown in Peyré et al., Benamou et al.,44,45 for small enough steps of τ, the projection is just the 

solution to the regularized transport problem in Equation 10. Hence, minimizing the problem in Equation 8, reduces to the following 

Sinkhorn iterations:

(Π̂)
t+1 ← e

(
−
∇ΠΓ

ε

)
⊙Πt where ∇ΠΓ = (1 − α)M +

α
3
(L(C1;C2)⊗Π + C3 + C4) (Equation 17) 

a(t+1) ←
p

Π̂ b(t)
and b(t+1)←

q

(Π̂)
T
a(t+1)

(Equation 18) 

The transport plan is iteratively computed from Equations 17 and 18 as

Πt+1 = diag(a) (Π̂)
t+1

diag(b)

Distance functions

For our topography aware Fused-Gromov Wasserstein formulation in Equation 5, we define multiple loss functions, operating in the 

principal component space Zp, to compute distances between cells in the source and target domains. In detail, the cost matrix M is 

computed as

Mi;j =
⃒
⃒zi − zj |2;

where zi and zj are the PCA embeddings for a point in the source and target domain, respectively. The matrix C3, enforcing spatial 

coherence, is computed as

C3;i;j =
⃒
⃒zi − zj

⃒
⃒:

Similarly, C4, designed to model neighborhood consistency, is given by:

C4;i;j =
⃒
⃒zi − zj|2:
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The matrices C1,i,k and C2,j,l, which define structural relationships between points in the source and target domains, are 

computed as

C1;i;k =
⃒
⃒zi − zk |2;C2;j;l =

⃒
⃒zj − zl|2:

Finally, the function L, capturing pairwise dependencies between transported distributions, is defined as

L
(
C1;i;k ;C2;j;l

)
=

(
C1;i;k − C2;j;l

)2
:

One-dimensional simulation

To simulate the one-dimensional spatial transcriptomics data, we followed the approach described in Halmost et al.17 We considered 

a pair of one-dimensional tissue slices, each consisting of 101 spatially ordered spots, spanning from -N to N, where N = 50. The 

spatial coordinates for both slices are represented by:

S(1) = S(2) = { − N; (N − 1);…; − 1; 0; 1;…; (N − 1);N}
T
:

The spots are organized in clustered or disorganized regions: clustered regions only contain cell type A or cell type B, while disor

ganized regions exhibit alternation of the two cell types. The partition for slice 1 is given by:

P1(A) = {− N;…;w1};

P1(AB) = {w1 + 1;…;w2};

P1(B) = {w2 + 1;…;N};

where w1 = − 20 and w2 = 20 mark the boundaries of the clustered and disorganized regions. Similarly, the partition for slice 2 is:

P2(A) = {− N;…;w3};

P2(AB) = {w3 + 1;…;w4};

P2(B) = {w4 + 1;…;N}

where w3 = − 15 and w4 = 10 define the boundaries in the second slice.

Random vectors v1,v2,v3,v4, independently and uniformly sampled from the unit sphere in ℝ4, are used to create orthogonal feature 

gradients for cell types A and B. The features are constructed as

~v1 = v1∘0;

~v2 = v2∘0;

~v3 = 0∘v3;

~v4 = 0∘v4 

where 0 ∈ ℝ4 is the zero vector, and ∘ denotes vector concatenation. Features are then generated by linearly interpolating between 

two fixed vectors:

For cell type A: ~v1 at − N and ~v2 at w1(or w3)

For cell type B: ~v3 at w2 (or w4) and ~v4 at N

After generating the features, Gaussian noise is added to simulate variability. The noise is sampled from a normal distribution with 

mean μ = 0 and standard deviation σ = 0.1. This setup ensures that features for cell types A and B remained orthogonal, with each 

region exhibiting distinct gradients along four-dimensional feature spaces, with added noise reflecting natural variability.

Two-dimensional simulation

To extend the one-dimensional model to two-dimensions, we define a centered, circular ellipse E of radius r = 20, represented as

E =

{

s≡(x; y) ∈ ℝ2 :
x2

r2
+

y2

r2
≤ 1

}

:

Next, we define T, a subset of the integer square lattice ℤ2, consisting of all integers pairs whose sum is odd:

T =
{
(x; y) ∈ ℤ2 : (x + y) mod 2 = 1

}
:

Cell Reports Methods 6, 101373, April 20, 2026 e3 

Article
ll

OPEN ACCESS



This results in a triangular lattice structure, which mimics the spatial organization of spatial transcriptomics data produced by plat

forms like 10X Genomics Visium.2 The spatial coordinates for both tissue slices, denoted S(1) = S(2) = S, are given by the intersection 

E∩T, representing spots within the circular ellipse. To partition each slice into clustered and disorganized regions, we define 

pivot lines for the y-coordinates. For slice 1, the pivot lines are y1
1 = − 5 and y1

2 = 2. For slice 2, the pivot lines are y2
1 = 0 and 

y2
2 = 7. Based on these pivots, we define three areas for slice 1:

P1(A) =
{

s = (x; y) ∈ T : y < y1
1

}

P1(AB) =
{

s = (x; y) ∈ T : y1
1 ≤ y ≤ y1

2

}

P1(B) =
{

s = (x; y) ∈ T : y > y1
2

}

For slice 2, the partitions follow a similar structure:

P2(A) =
{

s = (x; y) ∈ T : y < y2
1

}

P2(AB) =
{

s = (x; y) ∈ T : y2
1 ≤ y ≤ y2

2

}

P2(B) =
{

s = (x; y) ∈ T : y > y2
2

}

For each slice i, let Ri(A), Ri(B) and Ri(AB) denote the smallest bounding rectangles for the clustered and disorganized regions Pi(A), 

Pi(B) and Pi(AB) respectively. For feature assignment, we use the first four unit vectors in the standard basis of ℝ8, denoted 

e1,e2,e3,e4, assigned to cell type A, and the last four vectors, e5,e6,e7,e8, assigned to cell type B. At each spot s=(x,y) within a bound

ing rectangle R = [xmin, xmax]×[ymin, ymax], the feature vector is determined as a convex combination of the features decorating the top 

and bottom sides of R, plus the features decorating the left and right sides of R. The coefficients λx and λy are defined as

λx =
x − xmin

xmax − xmin

; λy =
y − ymin

ymax − ymin

:

For cell type A, the feature vector is:

fA(x; y) = λxfx;L + (1 − λx)fx;R + λyfy;T +
(
1 − λy

)
fy;B:

For cell type B, the feature vector is:

gB(x; y) = λxgx;L + (1 − λx)gx;R + λygy;T +
(
1 − λy

)
gy;B:

To simulate variability, Gaussian noise, sampled from a normal distribution with mean μ = 0 and standard deviation σ = 0.1, was 

added to the features.

Data preprocessing

We preprocessed the data using the Scanpy Python package.40 Specifically, we performed library size normalization (sc.pp.norma

lize_total) followed by log-transformation (sc.pp.log1p). Principal component analysis (PCA) was then applied to reduce 

dimensionality.

Related approaches

DeST-OT: Developmental spatiotemporal Optimal Transport (DeST-OT)17 is a semi-relaxed optimal transport method introduced to 

model cellular growth, death, and differentiation processes. DeST-OT generates mapping probabilities for each cell in one slice to 

each cell in the other slice. Therefore, we selected the positions with the maximum probability as the prediction in our comparison 

experiments. We evaluated DeST-OT using the default parameters suggested by the authors but setting the optimization problem as 

a balanced one to fairly compare to the other methods.

NovoSpaRc: NovoSpaRc29 is an optimal transport method which maps cells to tissue locations. The predefined locations for the 

mapping were constructed based on the reference ST dataset. Following the NovoSpaRc pipeline, we first identified marker genes 

from the reference dataset and then performed the mapping process based on these markers. We run NovoSpaRc using the default 

parameters suggested by the authors.

Tangram: Tangram28 is a deep learning framework that aligns single-cell and single-nucleus RNA-seq data to various forms of 

spatial data collected from the same region. Similarly to the other methods, Tangram generates mapping probabilities for each 

cell. We run Tangram using the default parameters suggested by the authors for 200 epochs.

Paste2: Paste15 was originally introduced as a balanced optimal transport method to align and integrate ST data from multiple 

adjacent tissue slices. Paste216 was introduced as an extension to Paste as a method for partial alignment of slices. Paste2 is based 
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on the Fused Gromov-Wasserstein Optimal Transport problem. We run Paste2 with the default parameters suggested by the authors 

but setting the slice overlap argument to 1 (all mass is transported from the source slice to the target slice).

FGW: The traditional Fused Gromov-Wasserstein formulation was implemented in Python using the POT package.11

QUANTIFICATION AND STATISTICAL ANALYSIS

Evaluation metrics

For all comparisons to the related approaches, we computed an accuracy score based on the maximum probability assignment for 

each cell. In detail, for each cell i in the source domain, we identified its most probable match in the target domain given a pairwise 

alignment matrix Π = [πi,j] generated by a method as

j∗ = arg maxj πi;j :

Using this assignment, we defined the accuracy as the proportion of correctly matched cells, where correctness was evaluated 

based on known biological annotations (for example, cell types). To explore the ability of the models to reconstruct the local spatial 

heterogeneity, we also quantified the discrepancy of cell type distributions between source and aligned slices using the Jensen- 

Shannon Divergence (JSD). Given two probability distributions P and Q, JSD is defined as

JSD(P;Q) =
1

2
DKL(P|M)+

1

2
DKL(Q|M);

where M = 1
2
(P + Q) is the average distribution, and DKL(P|Q) denotes the Kullback-Leibler (KL) divergence:

DKL(P|Q) =
∑

i

Pi log
Pi

Qi

:

For each pair of aligned cells, we quantified the JSD of their nearest 20 neighbors, capturing local discrepancies in cell type dis

tributions. The overall JSD score of a method was then computed as the mean JSD across all aligned cells:

JSDmethod =
1

N

∑N

i = 1

JSD(Pi;Qi);

where N is the total number of aligneds, and JSD(Pi,Qi) represents the JSD between the local cell type distributions of the i-th aligned 

cell in the source and target domains. A lower overall JSD score indicates that the method preserves the local spatial organization of 

cell types more effectively. For the spatial reconstruction experiments on the Spatial Mouse Atlas, given the continuous nature of the 

predictions (spatial locations), we compared the models using Mean Absolute Error (MAE):

MAE =
1

N

∑N

i = 1

⃒
⃒
⃒
⃒
⃒
x̂i − xi|1;

where x̂i and xi represent the predicted and ground truth spatial coordinates of cell i, respectively, and |⋅|1
denotes the L1-norm. Additionally, we computed the Pearson correlation coefficient to assess the linear relationship between pre

dicted and true spatial locations:

r =

∑N

i = 1

(x̂i − x̂)(xi − x)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑N

i = 1

(x̂i − x̂)
2

√ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑N

i = 1

(xi − x)
2

√ ;

where x̂ and x are the means of the predicted and ground truth coordinates, respectively.

Spatial coherence and neighborhood consistency

To compute the spatial coherence and neighborhood consistency matrices in Equation 5, we build a k-nearest neighbor graph from 

the (x,y) coordinates of each slice. Therefore, for each cell, the spatial coherence and neighborhood consistency values are simply 

defined as in Equation 2 and Equation 3, respectively. We set the value of k to 10 for the Spatial Mouse Atlas and Human Dorsolateral 

Prefron Cortex dataset, and 5 for the Axolotl Brain Stereo-seq dataset. On the latter, given the lack of spatial coordinated for the sin

gle-cell (SC) data, we computed the spatial coherence scores and neighborhood averages by constructing a k-nearest neighbors 

graph based on the SC expression distances rather than spatial coordinates. In all real-data analyses, unless otherwise stated, 

we selected α = 0.5, providing a balanced weighting between molecular similarity and spatial topology. While this choice provided 
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stable and interpretable results across datasets, we acknowledge that α can be treated as a hyperparameter to be tuned using a 

small validation slice or selected based on the desired emphasis: lower α favors molecular similarity, while higher α emphasizes struc

tural preservation.

Neighborhood enrichment

We performed neighborhood enrichment on the cell types from the Spatial Mouse Atlas using nhood_enrichment from the Squidpy 

Python package.41 This function computes a neighborhood enrichment Z score for each cell type by a permutation test. We used the 

function’s default parameters.

Statistical testing

Pairwise method comparisons were performed using Wilcoxon rank-sum tests where applicable. No data points were excluded from 

the analysis.

Topography Aware Optimal Transport for Alignment of Spatial Omics Data.

e6 Cell Reports Methods 6, 101373, April 20, 2026 

Article
ll

OPEN ACCESS


	Topography-aware optimal transport for alignment of spatial omics data
	Introduction
	Results
	Topography-aware optimal transport
	Evaluation on simulated data
	One-dimensional simulation
	Two-dimensional simulation

	Intra- and intersample and temporal alignment
	Human dorsolateral prefrontal cortex Visium
	Axolotl brain Stereo-seq
	Applicability of TOAST beyond ST
	Spatial reconstruction


	Discussion
	Limitations of the study

	Resource availability
	Lead contact
	Materials availability
	Data and code availability

	Acknowledgments
	Author contributions
	Declaration of interests
	Supplemental information
	References
	STAR★Methods
	Key resources table
	Experimental model and study participant details
	Method details
	Topography aware fused Gromov-Wasserstein
	Distance functions
	One-dimensional simulation
	Two-dimensional simulation
	Data preprocessing
	Related approaches

	Quantification and statistical analysis
	Evaluation metrics
	Spatial coherence and neighborhood consistency
	Neighborhood enrichment
	Statistical testing




