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Abstract 
Currently, many widely used spatial transcriptomics (ST) technologies do not achieve single-cell resolution, with each spot capturing signals 
from multiple, potentially heterogeneous cells. As a result, a key challenge is to resolve the spatial distribution of distinct cell types within 
tissues, which is fundamental for understanding tissue architecture and biological function. Here we present a deconvolution method 
based on transfer learning, SpaJoint. This method integrates gene expression derived from single-cell RNA sequencing (scRNA-seq) and 
ST, taking into account the spatial correlation across locations of different spots. Comprehensive experiments demonstrate that SpaJoint

achieves excellent performance in predicting the cell-type composition of spatial spots and identifying the spatial regions of cell types,

thus highly effective and broadly applicable among various scRNA-seq and ST datasets. Additionally, it exhibits remarkable robustness to

hyperparameters and provides significant advantage in computational efficiency.
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Introduction 
The spatial position of cells within tissues and organs is crucial for 
their specific functions . In recent years, researchers have developed 
various spatial transcriptomics (ST) technologies that can capture 
transcriptional information from specific locations within a tissue. 
These advancements facilitate the study of cell subpopulations and 
the m olecular mechanisms that play critical roles in tissue develop-

ment and disease progression. However, there are two disadvantages

in existing ST technologies: sequencing-based ST technology cannot

achieve true single-cell resolution, e.g. 10x Visium [1, 2] and Slide-seq 
[3]; besides, imaging-based ST technology can only detect a limited 
amount of gene expression, e.g. seqFISH+ [4], MERFISH [5], STARmap 
[6], and Xenium [7]. To address the technological limitations, extensive 
literature has reported numerous algorithms that integrate ST data 
with single-cell RNA sequencing (scRNA-seq) data. These algorithms 
predict the spatial distribution of cell types and the f ull transcrip-

tome information of individual cells. This integration provides deeper

insights into ST data and their underlying biological processes.

Algorithms developed for the integrative analysis of ST and scRNA-

seq data can be broadly classified into two core computational 

paradigms: ( 1) probabilistic model-based approaches formulate the

deconvolution problem through statistical frameworks. The classic

Seurat [8] method calculates the importance score indicating the 
probability of each cell type being present in each spot. Other

methods include regression-style implementations like SpatialDWLS

[9], SPOTlight [10], CARD [11], and Redeconve [12], as well as 
models based on p robabilistic distributions such as NovospaRc

[13], RCTD [14], SpatialScope [15], cell2location [16], DestVI [17], 
Stereoscope [18], STRIDE [19], and DO T [20]. (2) Deep learning-

based approaches like Tangram [21], Spoint [22], DSTG [23], and 
CellDAR T [24] perform ST spot deconvolution by transferring cell-

type information from scRNA-seq profiles. In addition, there are some 
methods that comprehensively utilize the above two paradigms,

such as Celltrek [25] and CytoSPACE [26]. Besides deconvolution 
methods, SpaIM [27] leverages scRNA-seq data to predict unmeasured 
gene expressions in ST profiles. These studies demonstrate the 
significant potential of cross-modality integration, which leverage

data information from one modality to support the analysis of another.

Besides, scJoint [28] successfully transfers cell-type labels from 
scRNA-seq to scATAC-seq data through joint embedding and transfer 
learning, which greatly inspired the construction of the neural
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network in this paper. There are also reference-free d econvolution

methods, such as STdeconvolve [29], performing ST deconvolution 
without scRNA-seq support. However, all these methods do not 
fully leverage the rich spatial localization information available in 
ST data, nor do they adequately account for the spatial structural

heterogeneity of cell types. GraphST [30], as a method for spatial 
domain identification, utilizes the structural information in the ST 
part. However, when it serves as a deconvolution method, the model 
lacks supervised training for the scRNA-seq part. Therefore, it is 
necessary to develop a deconvolution algorithm that can effectively 
integrate the spatial location and structure information from ST

data with the gene expression and label information from scRNA-

seq data, thereby fully uncovering the biological information hidden

in ST data.

In this study, we develop an algorithm for jointly integrating spatial 
and single-cell transcriptomic profiles based on the idea of transfer 
learning, named as SpaJoint, to estimate the cell-type composition of 
ST spots. A neural network is constructed to project ST and scRNA-seq 
data into a shared latent space, align them through similarity com-

parison, and finally analyze the cell-type proportion of spatial spots. 
Specifically, we build a neighborhood graph to encode local spatial 
structure, and introduce a location loss into the network to exploit

both positional and structural information in the ST data. Compared

with the state-of-the-art algorithms, SpaJoint performs better on a

variety of commonly used simulated and real ST data. In addition, the

computational time of SpaJoint is shorter than most deconvolution

methods.

Materials and methods

Our method SpaJoint consists of data preprocessing, graph construc-

tion based on the spatial location of spots in ST data, and transfer 
learning based on neural network to achieve cell type deconvolution

of spots. It adapts scJoint [28] for ST deconvolution by incorporating 
spatial architecture modeling inspired by GraphST [30]. The workflow 
of SpaJoint is illustrated in Fig. 1. 

Data prepr ocessing

Our method SpaJoint takes two gene expression matrices as input: 
a scRNA-seq matrix with cell-type annotations and an ST matrix

containing spot location information. The scRNA-seq matrix is of

dimension NS 
gene ×N cell, and the ST matrix is of dimension NT 

gene ×N spot , 
with NS 

gene, NT 
gene, Ncell, and Nspot denoting the number of scRNA-

seq genes, ST genes, cells, and spots, respectively. First, we apply 
normalization and log-transform to the scRNA-seq and ST matrices 
separately. Then, we identify highly variable genes (HVGs) separately 
in scRNA-seq data and ST data, and take the intersection of the two

sets as common HVGs. After data preprocessing, the scRNA-seq matrix

of dimension Nhvg × Ncell and the ST matrix of dimension Nhvg × 
Nspot are fed into neural network, with Nhvg denoting the number of 
common HVGs.

Graph construction for ST data

ST data offer a key advantage in its ability to capture spatial context, 
enabling identification of cells with correlated expression profiles and 
spatial locations. To leverage this spatial information, we constructed

an undirected neighborhood graph G = (V , E),  whe  re V denotes 

the set of spots and E represents the edges linking spatially adjacent 
spots. In this graph, each node is connected to its m spatially nearest 
neighbors. Thus, the spatial neighborhood of each spot is derived by 
its coordinate-based distances to other spots. The topological structure

of G is encoded in an adjacency matrix A ∈ RNspot×Nspot ,  whe  re aij = 1
indicates that spot j lies within the neighborhood of spot i, and aij = 0
otherwise. To better adapt to the characteristics of ST data, we use 
the gr.spatial_neighbors() function from the python package Squidpy 
to search for the neighbors of each spot. For non-Visium data, we set 
the parameters coord_type=“generic” and n_neighs=m,  where  n_neighs 
specifies the fixed number of neighbors for each spot. For Visium data,

we set the parameters coord_type=“grid” and n_rings, which specifies

how many hexagonal rings around each spot will be considered as

neighbors.

Transfer learning based on neur al network

Our method SpaJoint utilizes a well-annotated scRNA-seq data as 
reference to estimate the abundance of various cell types in e ach spot

of ST data. We consider an scRNA-seq dataset of S cells, comprising 
preprocessed expression profiles {xs}S 

s= 1 and cell-type labels {ys}S 
s= 1, 

where ys ∈  {1, .  .  . , K} and K is the number of cell types. Similarly, 
the ST data consist of T unlabeled spots with preprocessed expression

vectors {xt}T 
t= 1. The length of vector xs and xt is equal to the number 

of common HVGs.

The neural network in SpaJoint consists of one input layer, one 
embedding layer, and one output layer. Its trainable weights and

biases are denoted collectively by a parameter set θ . With the two 
modalities now aligned on the number of features in the input layer, 
we co-train them using a shared encoder, thereby enabling weight

sharing. The embedding layer contains D neurons with linear acti-

vation, which capture aligned features between cells and spots, thus 
acting as the joint low-dimensional embedding space. In this layer, the

transformation f maps input xs to a embedding vector fθ ,s = f (xs; θ)  ∈
RD. The output layer has dimension matching the number of cell types 
in the scRNA-seq data. B y applying a softmax transformation, this

layer generates a vector gθ ,s = softmax(h(f (xs; θ))) ∈ RK representing 
the predicted cell-type proportions at each cell, where h means the 
mapping function of the output layer. The same tr ansformation is

applied to ST data xt to obtain corresponding embedding fθ ,t and 
probability vector gθ ,t . 

We employ the minibatch training approach to enhance computa-

tional efficiency and optimize the convergence performance of model

training. A minibatch B is created by sampling equal-sized subsets of 
cells (or spots) from each modality, i.e. B(s) with B cells from scRNA-seq 
data and B(t) with B spots from ST data. The training process i s divided

into two phases:

Phase 1: from the input layer to the embedding layer, we simul-

taneously achieve dimension reduction and alignment of scRNA-seq 
and ST embeddings b y applying appropriate loss functions. The loss

function at this phase is composed of losses (1)–(3).

Dimensionality reduction loss (for scRNA-seq and ST separately). 
To obtain the low-dimensional embeddings, we employ a dimension-

ality reduction loss function that shares a similar underlying principle

with principal component analysis (PCA). Given the input vector xb, 
define fθ ,b = f (xb, θ) ∈ RD, and fθ ,· = 1 

B

∑
b∈B fθ ,b ∈ RD,  whe  re b 

denotes s for scRNA-seq data and t for ST data. We denote fθ (j) as the 
jth coordinate of vector fθ , and

∑
θ ,. as the sample correlation matrix
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Figure 1. Overview of SpaJoint workflo w for ST deconvolution.

among the coordinates of vector fθ ,b. The loss is defined as 

Lreduction(θ) = 

⎛ 

⎝ 1 
BD

∑
b∈B 

D∑
j=1 

|fθ ,b(j) − f θ ,·(j)| 
⎞ 

⎠ 
−1 

+ 
1 

D2

∑
i�=j 

|�θ ,·(i, j)| +  
1 
D 

D ∑
j=1 

|f θ ,·(j)|. (  1)  

In the optimization of this loss, the first term aims to maximize the 
variation of each coordinate, and the s econd term aims to achieve

orthogonality by minimizing the correlation between coordinates. By

penalizing the L1 norm of the embeddings, the third term serves as 
a regularization term and constrains the mean of each coordinate to 
be near zero. In this way, the dimensionality reduction loss achieves

the classical objectives of PCA while preserving the flexibility of neural

networks.

Cosine similarity loss. This loss aims to maximize the similarity 
between aligned ST and scRNA-seq embedding vector pairs. First, for

each t ∈ B( t), we find the corresponding s ∈ B( s) that maximizes 
cos(fθ ,t , fθ ,s). Then we take an average of the maximum similarity over

all t. The loss is given b y

Lcos(θ) = −  
1 
B

∑

t∈B(t) 

max 
s∈B(s) 

cos(fθ ,t , fθ ,s), (2)

where function cos(·) is the cosine similarity defined as cos(u, v) =
〈u, v〉/(‖u‖‖v‖) for a pair of vectors (u, v). This loss serves a dual 
purpose: first, to globally align the two modalities and bring them 
closer together in the embedding space; second, a basis for subsequent 
label t ransfer, to ensure that each spot receives at least one cell type

label from its best-matching cell in the scRNA-seq reference.

Location loss. It is widely accepted that cellular states are influenced 
by their local microenvironment, leading to the observation that 
adjacent cells often have similar expression profiles, no matter in the 
original data space or in the dimension-reduced embedding la yer. To

integrate the information of sequencing and coordinates in ST data,

as described in Section 2.2, we convert the spatial coordinates into an

undirected graph G = (V , E) and define the adjacency matrix A ∈ RT ×T

accordingly. We then combine the spatial structure information w ith
the embedding layer output fθ ,t from ST data, and define the location

loss as

Lloc(θ) = −  
1 
B 

B∑
i=1

∑
j∈Ni 

log 
exp(cos(fθ ,i, fθ ,j))∑

p/∈Ni 
exp(cos(fθ ,i, f θ ,p)))

, (3)

where Ni denotes the set of spatial neighbors of spot i. This loss is 
driven from the concept of contrastive learning, which is designed 
to maximize similarity b etween positive pairs while minimizing sim-

ilarity between negative pairs. For each spot i, we split other spots 
as positive or negative samples based on whether they fall within its 
neighborhood, where positive pairs are drawn from its adjacent spots,

and negative pairs are constructed with nonadjacent spots.
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All the above loss functions, Lreduction, Lcos, and Lloc,  are  used  to  
calculate parameters from the input layer to the embedding layer, 
jointly yielding a low-dimensional representation. This combined loss 
is termed the representation l oss and is formulated as

Lrepresentation(θ) =w1LscRNA 
reduction(θ) + w2LST 

reduction(θ) 

+ w3Lcos(θ) + w4 Lloc(θ), (4)

where the reduction loss is calculated separately for scRNA-seq and ST

gene matrix. w1–w4 denote the user-specified weights for the respec-

tive loss terms and sum to 1. Typically, we consider dimensionality 
reduction for the scRNA-seq and ST data to be equally important, i.e.

w1 = w 2. 
Phase 2: from the embedding layer to the output layer,  we  per-

form supervised training using scRNA-seq data with cell-type labels.

The trained network then takes ST embedding fθ ,t to predict gθ ,t, 
which implies the cell-type composition for each spot. In this way, 
the scRNA-seq labels have been successfully transferred to ST d ata,

which completes transfer learning. This phase utilizes only a cross

entropy loss.

Cross entropy loss. This loss is computed by comparing the pre-

dicted cell-type proportions from s cRNA-seq data with the ground-

truth annotations, as defined below:

Lentropy(θ) = −  
1 
B

∑

s∈B(s) 

K∑
k=1 

1(ys = k)log(gθ , s(k)), (5)

where ys is the true cell-type annotation, 1(·) is an indicator function,

and gθ ,s(k) is the kth element of probability vector gθ ,s. 
Here, Lentropy is used to calculate parameters from the embedding 

layer to the output layer. Accordingly, t o obtain the optimal estimate

of the parameter set θ , we minimize the following final loss function 
over each minibatch, which can be expressed as

L(θ) = Lrepresentation(θ) + Lentropy(θ). (6  )

After the set of parameters θ of the neural network is determined 
by the above loss functions, the result of the output layer gθ ,t is the cell 
abundance, i.e. a vector of predicted p roportions for all cell types, in

each spot.

Unique contributions 

The unique contribution of SpaJoint lies in effectively integrating spa-

tial structural information from ST data and cell type information from 
scRNA-seq data. Inspired by the advantage of scJoint in integrating two 
modalities, SpaJoint enhances the neural network by incorporating 
a critical location loss, to adapt it for the ST deconvolution task. The 
location loss, which consists of constructing a spatial neighborhood 
graph and performing contrastive learning between adjacent and 
nonadjacent spots, is widely used for different purposes. Uniquely, 
we emplo y it here to ensure that spatially close spots have similar

representations in the embedding layer, thereby optimally preserving

the local spatial structure of ST data in the neural network. With this

framework, SpaJoint achieves superior performance in benchmark

comparison.

Performance e valuation
Experimental s etup

We selected top 2000 HVGs and used their expression profiles as 
features for each c ell and spot. In the graph construction, we selected

m nearest neighbors for each spot. SpaJoint achieved its best perfor-

mance in most of non-Visium datasets with m set to 6. For Visium 
datasets, to ensure computational efficiency, we suggested not consid-

ering hexagonal rings beyond 2, and n_rings=2 often performed better. 
In the neural network, we set the dimension of the embedding layer

D as 64, the batch size as 256 (128 for ST data with a small number 
of spots) and the epoch as 100. F or the loss functions, the optimal

combination of weights was determined through grid search, with w1, 
w2, w3, and w4 being 0.3, 0.3, 0.2, and 0.2, respectively. A sensitivity 
analysis of the hyperpar ameters is discussed in detail in Section 3.4.

Evaluation m etrics
To show the effectiveness of SpaJoint for ST cell-type deconvolution 
with scRNA-seq data, we compared SpaJoint with 11 state-of-the-

art methods, including RCTD, Spoint, Tangram, DOT, cell2location, 
CellDART, GraphST, CARD, DestVI, SpatialScope, and STdeconvolve. 
Notably, SpatialScope is a method for cell-type annotation of spots 
rather than deconvolution, while STdeconvolve is a reference-free

method that can only be compared on simulated data. We transformed

the outputs of these two methods so that they can be used for bench-

marking, with details elaborated in Supplementary Section S 1.2.  To  
comprehensively compare the deconvolution performance of differ-

ent methods, four metrics were used: Pearson correlation coefficient 
(PCC), structural similarity (SSIM), root mean square error (RMSE), 
and Jensen–Shannon divergence (JSD). PCC calculates the correlation 
between the true and estimated values. SSIM measures the structural 
similarity when comparing two matrices. RMSE quantifies the dis-

persion between the true and predicted values. JSD uses Kullback– 
Leibler divergence to measure the difference between two distribu-

tions. Therefore, all these metrics can be employed to evaluate the 
prediction accuracy of the deconvolution results. We calculated these 
four metrics s eparately for spots and cell types, where higher PCC and

SSIM as well as lower RMSE and JSD indicated better deconvolution

performance. We also integrated the four metrics into a new mea-

sure—the Mean Rank—to comprehensively evaluate performance

across these metrics. The method with the lowest Mean Rank, i.e.

ranked first, demonstrates the best performance among all integration

approaches. The detailed calculation of all metrics is described in

Supplementary Section S 1.1. 

Datasets 
To validate the performance of SpaJoint, we applied it to seven datasets 
including three simulated data and four real data. The simulation 
study employs three datasets with synthetic ground truth to quan-

titatively benchmark SpaJoint against competing methods. Mouse 
visual cortex (STARmap) data and mouse cortex (seqFISH+) data

are obtained from the same benchmark study [31], sharing a com-

mon scRNA-seq reference but profiled with different ST technologies. 
Mouse brain (Stereo-seq) data are a large-scale dataset used to assess 
SpaJoint’s scalability. With respect to real datasets, human lymph 
node (10x Visium) data and mouse hippocampus (Slide-seqV2) data

were used to compare the effectiveness of all methods on empirical

data. On human breast cancer (10x Visium) data and chicken heart

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag158#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag158#supplementary-data
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Figure 2. Performance benchmarking with mouse visual cortex STARmap dataset. a. A STARmap slide of mouse visual cortex, with spots annotated 
by cell types. b. Bar plots of Mean Rank (aggregated from PCC, SSIM, RMSE, and JSD) at the spot level. c. Boxplots o f PCC, SSIM, RMSE, and JSD of 
each deconvolution method in predicting the cell-type proportion of spots. Center line: median; box limits: upper and lower quartiles; whisker: 1.5 × 
interquartile range; triangle: mean value; number of predicted spots: 189. Higher PCC and SSIM, lower RMSE and JSD indicate better performance. d. 
The proportion of major cell types in the spots, including the ground truth and the p redicted results of 12 methods.

development (10x Visium) data, the deconvolution results have bio-

logical interpretations supported by prior studies, enabling validation

of SpaJoint’s biological plausibility. The detailed data description is

provided in Supplementary Section S 2. 

Results 
Benchmarking on simulated data

Mouse visual cortex STARmap data. In this dataset, the cell type 
label of each spot is reported in Fig. 2 a. We generated pseudo-spots 
from the original data (details in Supplementary Section S 2) and 
performed deconvolution. We evaluated the prediction accuracy at 
both the spot and cell-type levels using metrics PCC, SSIM, RMSE, 
and JSD. Across all metrics, our method shows a clear advantage over

other methods (Fig. 2 c, Supplementary Fig. 1a–c). Based on the average 
ranking of all metrics, SpaJoint performs the best over a ll competing

methods at the spot level (Fig. 2 b). For layers or cell types with 

distinct spatial structures, the deconvolution plots in Fig. 2 d display 
the predicted cell-type proportions at each spot. SpaJoint achieves 
the best alignment with the ground truth, confirming its superior 
accuracy in predicting cell-type distributions. Consistently superior

performance of SpaJoint is observed in other cell types as well

(Supplementary Fig. 1 d). 
Mouse cortex seqFISH+ data. The deconvolution results of these

data are shown in Supplementary Fig. 2. At the spot level, SpaJoint, 
CARD, and cell2location rank among the top three, while at the cell-

type level, CARD, RCTD, and SpaJoint take the top three p ositions.

Whether at the spot level or the cell-type level, SpaJoint stably remains

a top-performing method across all metrics.

Mouse brain Stereo-seq data. Benchmark results o f these data in

Supplementary Fig. 3 reveal that cell2location and SpaJoint achieve 
superior performance, while Tangram, RCTD, and Spoint show inter-

mediate accuracy, and the rest methods yield poor deconvolution

outcomes. Excellent performance on this large-scale dataset further

validates the scalability of SpaJoint.

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag158#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag158#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag158#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag158#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag158#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag158#supplementary-data
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Figure 3. Performance on the human lymph node dataset. a. Top: H&E image of human lymph node data. Bottom: GC area from the cell2location 
study. b. Top: ROC curves. Bottom: AUC value of two cell types (B_Cycling, and B _GC_DZ) localized in the GCs.

Figure 4. Analysis of the mouse hippocampus region. a. The expression levels of corresponding cell-type-specific marker genes. The examined cell 
types are CA1 cells, CA3 cells, and Dentate cells. b. The proportions of major cell types inferred by 11 methods are displayed on the spatial l ocation. c. 
The mean cell-type proportion of CA1, CA3, and Dentate on the spots where the expression of the corresponding marker genes is greater than 1.

Based on the results from these three simulated datasets, Spa-

Joint consistently ranks among the top-performing methods across all

benchmark comparison and demonstrates robust performance with

different sequencing technologies.

Performance comparison on r eal data

Human lymph node data. The ST component of this dataset was 
acquired with germinal centers (GC). The ground-truth annotations for 
the GC were sourced from the original cell2location study [16] (Fig. 3 a). 

We conducted a visual comparison by examining how each method 
mapped cell types to GC and non-GC locations. Using whether a spot 
is actually in the GC as the true label, if the predicted proportion of 
one subtype of B cells exceeds a certain threshold such as 0.5 in this 
spot, it is classified as GC; otherwise, it is classified as non-GC. Based 
on the true labels and predicted labels, we calculated the true positive

rate and false positive rate to plot the receiver operating characteristic

(ROC) curve, and the area under the curve (AUC) was determined

accordingly. Higher AUC value indicates greater likelihood that the

predicted B cells are truly located in the GC region. SpaJoint more
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Figure 5. SpaJoint application to human breast cancer data. a. Left: the detected spatial domains of the ST data. Right: the UMAP of seven cell types in 
the scRNA-seq data. b. SpaJoint deconvolution result of six major cell types. The correlation matrix ( using PCCs) c, of the average gene expression and 
d, of the predicted pro portions across all spots between each pair of cell types.

accurately maps B cells, such as cycling B cells (B_Cycling) and dark 
zone B cells (B_GC_DZ), to the annotated GC locations, no matter from

the deconvolution plots, the ROC curves, or the AUC value (Fig. 3 b). 
Additionally, B_Cycling and B_GC_DZ are correctly colocalized on the 
GC region based on S paJoint deconvolution, which has been also

confirmed in the previous study [32]. Visualization of B-cell predic-

tion proportions across spots (Supplementary Fig. 4) shows SpaJoint’s 
superior edge detection capability in spatial reconstruction.

Mouse hippocampus data. For these data, the deconvolution result 
of SpaJoint perfectly matches the distribution of corresponding 
marker genes of three important cell types (CA1: Wfs1, CA3: Cpne4,

Dentate: C1ql2) (Fig. 4 a, b). We calculated mean proportions of CA1, 
CA3, and Dentate on the spots where the expression of corresponding 
marker genes is greater t han a specified threshold, further verifying

more accurate deconvolution by SpaJoint than the other methods

(Fig. 4 c, Supplementary Fig. 5). Comparative evaluation on two real 
datasets reveals SpaJoint’s superior deconvolution performance 
against nine competing methods. Since the output of SpatialScope 
is binary (i.e. a one-hot vector with 1 at the entry of annotated cell

type and 0 elsewhere), we excluded it from the comparison in Fig. 4C

and Supplementary Fig. 5. 

Biological validation on r eal data
Human breast cancer data. In this dataset, the ST data have six 
detected spatial domains and the corresponding scRNA-seq data con-

tain seven distinct cell types (Fig. 5 a). From Fig. 5 b, the co-localization 
of B cells and Myeloid cells, as well as the co-localization of CAFs 
and PVL in the tumor microenvironment, can be clearly observed. 
Meanwhile, the spatial l ocations of Normal Epithelial cells are com-

pletely different from B cells and Myeloid cells. These phenomena

have been confirmed in previous studies [33–35]. We also calculated 
the correlation matrix (using PCCs) of the average gene expression 
between each pair of cell types, as well as the correlation matrix of the

predicted proportions across all spots between each pair of cell types

(Fig. 5 c, d). The consistency between these two matrices reflects the 
concordance between gene expression and spatial expression. Follow-

ing spatial deconvolution, we performed cell–cell interaction analysis.

The details about downstream analysis in Supplementary Section S 4
further demonstrate that our deconvolution r esults are biologically

meaningful.

Chicken heart development data. In these data, spatial domains 
are defined for each time point, and the aggregation of distinct car-

diac chambers is readily discernible, as illustrated in Fig. 6 a. SpaJoint

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag158#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag158#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag158#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag158#supplementary-data
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Figure 6. SpaJoint application on developmental chicken heart data. a. The chicken heart structure development during D4, D7, D10, and D14, colored 
by spatial regions of the ST data. b. SpaJoint deconvolution result: proportion of five m ajor cell types (labels from scRNA-seq data) in D4, D7, D10, and
D14.

demonstrates precise spatial mapping of five major cell types across 
cardiac developmental stages. This spatial analysis reveals two ke y
histological distributions: first, cardiomyocytes show predominant

localization in non-valvular myocardial regions [36]. Second, valvular 
structures are principally composed of fibroblast populations [37, 38] 
(Fig. 6 b). In summary, SpaJoint precisely reconstructs cell-type spatial 
organization, p roviding critical insights into tissue biology.

Sensitivity analysis and computational efficiency

We conducted comprehensive sensitivity analysis testing several key 
hyperparameters, including the number of HVGs (1000, 2000, 3000, 
5000), t he number of neighbors (4, 6, 8, 12), and the weights of loss

functions (Supplementary Table 4), which yielded 4 × 4 × 5  =  80  dis-

tinct hyperparameter combinations. Performance on three simulation 
datasets indicates that SpaJoint remains remarkably stable across a

wide range of parameter variations (Fig. 7 a, Supplementary Fig. 6). 

Then we conducted ablation study to explore the contribution of 
different loss parts in SpaJoint on the previous mouse visual cortex 
dataset. We considered four condition: no scRNA-seq reduction loss, 
no ST reduction loss, no similarity loss, and no location loss. We 
utilized PCC, SSIM, RMSE, and JSD under various conditions relative to 
the original SpaJoint to indicate the significance of each loss function.

It is evident that ST reduction loss dominates the prediction accuracy,

followed by the location loss, which also shows substantial impact

and serves as the main innovation of SpaJoint algorithm (Fig. 7 c). 
We also conducted a series of additional sensitivity analyses, specif-

ically targeting various parameters and uncertainty scenarios, on the 
mouse visual cortex STARmap dataset; the details are provided in

Supplementary Section S 3.2. Furthermore, we compared the absolute 
runtime of SpaJoint on human lymph node data with 11 other meth-

ods, on a Linux server with 32 CPU cores, 251 GB of RAM, and NVIDIA

TITAN V GPUs. SpaJoint shows a leading advantage in computational

speed in Fig. 7 b. In addition, we have also included the maximum CPU

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag158#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag158#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag158#supplementary-data
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Figure 7. Sensitivity analysis and runtime. a. Bar plots of eight different metrics (PCC, SSIM, RMSE, JSD for locations and clusters separately) for mouse 
visual cortex STARmap data. For each hyperparameter combination, the mean of each metric over all locations or clusters is computed. The bar height 
is the average and the error bar is the standard deviation across the means of 80 combinations. b. Computational efficiency of different algorithms 
on the human lymph node dataset. c. The ablation study on mouse visual cortex STARmap dataset comparing the original SpaJoint and the other four 
conditions: no scRNA-seq reduction loss, no ST reduction loss, no similarity loss, and no location loss. Boxplots of PCC, SSIM, RMSE, and JSD of the 
above five conditions in predicting the cell-type distribution of spots. Higher PCC and SSIM, and lower RMSE and JSD indicate better performance.

and GPU memory used by e ach method in Supplementary Table 3. Our 
method supports GPU resources for practical use, and it demonstrates 
moder ate utilization of both GPU and CPU resources.

Discussion 
In this article, we propose a deconvolution method based on transfer 
learning named SpaJoint. It leverages the spatial information from 
ST data to construct a neighborhood graph and an adjacency matrix, 
projects scRNA-seq and ST data into the same latent space, and utilizes 
the similarity of gene expression to analyze the cell types composition

in the spots. In particular, we consider the principle that spots close in

the spatial location should express similarly in the latent embedding

space, effectively integrating spatial location information into the

neural network.

Our comprehensive experiments show that SpaJoint is highly effec-

tive on various types of scRNA-seq and ST data, and also has significant 
advantage in computational efficiency. SpaJoint is highly flexible and 
can be applied to any type of single-cell and ST data, without any 
requirements on the data distribution. Unlike other methods requir-

ing stringent quality control, SpaJoint maintains robust performance 
even with highly imbalanced datasets. For example, CellDART and 

cell2location require strict data preprocessing, which sometimes fil-

ters out certain spots and leads t o incomplete deconvolution results.

RCTD, when applied to human breast cancer data, failed to identify

cell-type PVL, and in human lymph node data deconvolution, it missed

cell-type Mast. In contrast, SpaJoint identifies all cell types present in

the scRNA-seq data, and is therefore capable of preserving rare cell

populations.

Despite the notable achievements of the proposed method, several 
limitations remain to be addressed. Primarily, adaptive tuning of key 
hyperparameters (such as the number of neighbors and loss weights) 
through strategies like cross validation is expected to improve the per-

formance of our method on specific datasets. Meanwhile, more data 
characteristics (such as data sparsity, data scale, heterogeneous spatial 
structure) remain to be further addressed in the future. Additionally, 
even though an increasing number of approaches are leveraging 
scRNA-seq data to offer more detailed transcriptional insights for 
ST data, scRNA-seq and ST data are typically not derived from the

same tissue section, introducing inherent inconsistency and potential

batch effect that can impact the deconvolution outcomes. Moreover,

when there is a significant difference between the number of cells in

scRNA-seq data and the number of spots in ST data, it is necessary

to set a higher number of epochs to better align the data. In the

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag158#supplementary-data
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future, we will also consider combining deconvolution methods with 
gene imputation approaches such as SpaIM t o enhance the integrated

analysis of scRNA-seq and ST data.

Key Points 

• SpaJoint achieves accurate spatial deconvolution by integrating 
spatial information from S T data with cell-type labels from scRNA-

seq data.

• SpaJoint constructs a neighborhood graph to encode local spatial 
structure, and then introduces a location loss into t he neural 
network to exploit both positional and structural information in the

ST data.

• SpaJoint demonstrates excellent performance in predicting the 
cell-type composition of s patial spots, through comprehensive 
benchmark and real-data experiments.

• SpaJoint demonstrates remarkable robustness to hyperparame-

ters and significant advantage in computational efficiency.

Supplementary material 
Supplementary material is available at Briefings i n Bioinformatics

online.
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