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DANST enables cell-type deconvolution in
spatial transcriptomics using deep
domain adversarial neural networks
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Qing Zhang4

Spatial transcriptomics is an emerging technology that can analyze gene expression profiles of tissues
while preserving spatial location information. To restore cell type proportions from mixed gene
expression data, here we present DANST, a deconvolution framework based on deep domain
adversarial neural networks. By integrating single-cell RNA sequencing (scRNA-seq) with inferred
spatial coordinates, we construct pseudo-spatial data. DANST utilizes a variational autoencoder to
learn refined feature representations and introduces a domain adversarial architecture to align feature
distributions between pseudo and real data, enabling accurate label transfer. Benchmarking on
human andmouse datasets shows that DANST achieves superior deconvolution accuracy compared
with existing methods. These findings highlight its effectiveness for tumor microenvironment analysis
and potential clinical utility.

Recent advances in spatial transcriptomics (ST) have enabled the integra-
tion of cellular spatial information and gene expression, which is not pos-
sible with traditional non-spatial single-cell RNA sequencing technology
(scRNA-seq). However, current technical limitations also prevent ST from
achieving gene coverage comparable to scRNA-seq while achieving single-
cell resolution. Specifically, thewidelyused10xVisiumplatformcancapture
transcriptome data with a throughput comparable to scRNA-seq1, but
because it uses 55 µm capture spots, which are larger than typical cells
(5–10 µm), the spatial transcriptome data obtained is at multi-cellular
resolution2,3. The latest sequencing-based technologies, including Slide-seq4,
DBiT-seq5, Stereo-seq6, PIXEL-seq7, and Seq-Scope8, provide sub-cellular
spatial resolution, but there are high deletion events, resulting in a very
sparse gene expression matrix. At the same time, methods based on fluor-
escence in situ hybridization (FISH) can achieve subcellular resolution, but
lack genome-wide gene coverage, and the latest seq-Fish technology is still
limited to 10,000 genes9. Therefore, in order to analyze ST data from low-
resolution capture technologies and infer the relative proportions of dif-
ferent cell types from mixed cell spots, conducting studies on cell type
deconvolution is important for improving the biological interpretability of
the data.

Currently, many cell type deconvolution algorithms have been devel-
oped to decompose expression into percentage contributions fromdifferent
cells or cell types. RCTD10 assumes that the count of each gene in each ST

spot satisfies the Poisson distribution and uses maximum likelihood esti-
mation to predict the proportion of cell types. SPOTlight11 has developed a
regression framework basedonnon-negativematrix factorization (NMF) to
reveal the underlying structure and characteristics of the data and infer the
contributionof eachcell type by decomposing the original datamatrix into a
non-negative low-rank approximate matrix. Stereoscope12 estimates the
proportion of cell types using themaximum likelihoodmethodbased on the
assumption that the gene counts in ST data follow a negative binomial
distribution. Cell2location13 constructs a hierarchical Bayesian-based fra-
mework to model and infer ST data by establishing a hierarchical model,
providing an interpretable tool for revealing the spatial distribution and
regulatorymechanismsof cell types.However,whilemany existingmethods
utilize scRNA-seq data with known cell type labels, they often do not fully
exploit this information14, which may limit their predictive accuracy.

Also, several recent approaches use scRNA-seq data with known cell
type labels to construct pseudo ST data, thereby obtaining labeled reference
data and converting unsupervised learning into semi-supervised or fully
supervised learning. SPACEL15 uses scRNA-seq data to simulate pseudo
spots and combines a probabilistic Variational Autoencoder (VAE), a
Multi-Layer Perceptron Feature Extractor (MLPF) and a Multi-Layer Per-
ceptron Proportion Quantifier (MLPQ) to provide a more robust and
accurate framework for estimating the proportion of cell types in real ST
data. SD216 randomly combines cells from scRNA-seq data to synthesize
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pseudo ST spots, applies an auto-encoder to obtain low-dimensional non-
linear representations of real and pseudo ST spots, and constructs a
neighbor graph to connect real and pseudo spots base on their feature
representations. Then, inputs it into graph convolutional neural network to
predict the cell type composition of real ST spots.Another component of the
method involves constructing a mapping matrix to transfer cell type
information from scRNA-seq data to ST data. GraphST17 uses a contrastive
learningmechanismwithout enhancement to train a mappingmatrix from
cells to spots, andmaps scRNA-seq data to the ST space based on its learned
features. SpatialcoGCN18 obtains the feature representation corresponding
to each cell type by summing the gene expression profiles of the same cell
type in the scRNA-seq data, and uses the K nearest neighbor algorithm to
establish a link graph between cell types and spots. A graph convolutional
network is utilized to obtain a mapping matrix from spots to cell types,
which is used to estimate the different cell type composition of each spot in
the STdata. spaDecon19 clusters scRNA-seq data to obtain the cluster center
of each cell type, and calculates the distance from each spot in the ST data to
the cluster center, using this as the weight to obtain a mapping matrix from
spots to cell types. However, a common limitation of these methods is that
they only partially address the distributional differences between scRNA-
seqdata andSTdata10, whichmay reduce the robustness of themodelswhen
applied across different data sources. To solve this problem, Tangram20

introduces a batch integration method to narrow the technical differences
between scRNA-seq and ST data. CellDART21 and spSeudoMap22 propose
domain adaptation methods to improve the accuracy of overall prediction.
Although these three cell type deconvolutionmethods take into account the
differences in feature distribution, they make limited use of the spatial
information in ST data, resulting inaccuracy of cell type identification and
abundance estimation still insufficient23. Thus, effective integration of spa-
tial information remains a key challenge in cell type deconvolution.

To overcome the above problems, here we show a general framework
based on deep domain adversarial neural network (DANST). The main
contributions of this study are as follows:

To enhance the accuracy of cell type deconvolution in ST data, we
propose an effective pseudo ST data construction strategy that enables
robust spatial-level integration between scRNA-seq and ST data. Specifi-
cally, scRNA-seq data with clear cell type labels are used to generate pseudo
ST data, while spatial clustering is performed on real ST data to calculate the
distance between each pseudo spot and the centers of clusters. These dis-
tances serve as weights to construct pseudo spatial coordinates. Compared
with traditional approaches, this strategy introduces a distance-weighted
mechanism that better exploits spatial information, allowing the con-
structed neighborhood graph to more effectively capture structural corre-
spondences between the two data modalities and thereby improve overall
deconvolution performance.

In order to solve the problem of the difference in feature distribution
between scRNA-seq data and ST data, DANST introduces a domain
adversarial architecture. The designed domain adversarial network contains
a feature extractor, a domain discriminator, and a proportion predictor. The
feature extractor and proportion predictor are trained to maximize the
performance of the proportion prediction task, while the domain dis-
criminator is trained to distinguish features fromdifferent data types. In this
way, the network is able to learn features that are both useful for the task and
generalizable to different data types, thereby effectively enhancing the
domain adaptability of the overall model.

By benchmarkingDANSTonmultiple synthetic and real datasets from
mouse heart, mouse brain, and human breast cancer, our results demon-
strate thatDANSTsignificantly outperforms existingmethods, achievingup
to an 18.3% improvement in average ranking scores. Furthermore, DANST
accurately identifies the distribution of luminal cells within the invasive
ductal carcinoma region of human breast cancer samples, providing bio-
logically interpretable insights into the tumor microenvironment. These
findings suggest that DANST is a robust tool for clinical spatial biology and
cross-platform data integration, offering new insights into complex biolo-
gical systems and the improvement of medical treatments.

Results
Overview of DANST
To address the challenge of cross-platform domain shifts in ST deconvo-
lution, we developed DANST, a deep domain adversarial neural network.
The workflow of DANST comprises five core components as illustrated in
Fig. 1: (1) Data pre-processing and pseudo-spot construction; (2) Genera-
tion of pseudo coordinates; (3) Neighborhood graph construction and
feature representation refinement; (4) Domain adversarial training, which
aligns the feature distributions of reference and target datasets; and (5) Cell
type proportion prediction. By integrating a variational auto-encoder
(VAE) with an adversarial learning strategy, the model aims to minimize
platform-specific noise and enhance the accuracy of spatial cell type
mapping.

Benchmark experiment
This experiment is the benchmark experiment for cell type deconvolution
task, which evaluates the accuracy of predicting cell type proportions. The
experiment compares DANST with GraphST17, CellDART21, Tangram20,
SpaDecon19, spSeudoMap22, and SpatialcoGCN18. Here, GraphST, Cell-
DART are graph convolution-based methods, Tangram, SpaDecon are
mapping-based methods and spSeudoMap, SpatialcoGCN are recently
proposed methods.

Refer to SpatialcoGCN,we leverage the artificial ST datasetwith spatial
location information, which is generated by integrating eight scRNA-seq
datasets and nine real ST datasets from the same region or tissue type. This
experiment selects the most representative datasets 5, 8, and 12 from dif-
ferent tissues. Among them, Dataset 5 is a mouse heart dataset generated
using the 10x Visium platform. It is constructed from (i) an scRNA-seq
dataset containing 10,146 cells across eight cell types (10x Visium, mouse
heart), and (ii) a real ST dataset containing 1,835 spots (10x Visium, mouse
heart). Dataset 8 is a mouse cortex dataset generated using seqFISH+ and
Smart-seq. It contains 953 spots, each spot including 4–15 cells. It is con-
structed from (i) an scRNA-seq dataset containing 14,249 cells across 15 cell
types (Smart-seq, mouse cortex), and (ii) a real ST dataset containing
524 spots (seqFISH+ , mouse cortex). Dataset 12 is a mouse visual cortex
dataset generated using seqFISH+ and Smart-seq. It is constructed from (i)
an scRNA-seq dataset containing 13,823 cells across 15 cell types (Smart-
seq, mouse cortex), and (ii) a real ST dataset containing 1,154 spots (seq-
FISH+ , mouse cortex).

The experimental results of sevenmethods on three datasets are shown
in Fig. 2A, C.

From the figures, it can be seen that compared with other methods,
DANST achieves the highest average ranking scores on all datasets, which
are 18.3%, 18.1%, and 13.4% higher than the sub-optimal method, respec-
tively. Additionally, DANST records the highest average values in PCC,
SSIM, and COSSIM, exceeding those of the inferior method by 11.3%,
20.8%, and 10.8%, respectively. It also demonstrates the lowest average
values in RMSE and JSD, which are 28.2 and 22.7% lower than those of the
second best method.

In general, DANST has a relatively good cell type deconvolution result
on the artificially synthesized ST dataset. At the same time, for different
datasets, the best method is always DANST, while the sub-optimal and
worst methods are constantly changing, which also confirms that for dif-
ferent data sources, DANST is more robust than other methods.

The experiment on mouse brain anterior dataset
This experiment is conducted using a 10X Visium ST real dataset from the
anterior part of themouse brain.We first verify the ability of theDANST in
elucidating the microscopic anatomical structures of complex tissues. By
analyzing scRNA-seq data from the anterior end of the mouse brain, it can
be concluded that this tissue contains 28 different cell types, each with a
unique gene expression pattern. Using these scRNA-seq data, the DANST
methodperforms cell typedeconvolutionon the STdata and reconstruct the
proportion of cell types at each spot in the ST data. In order to more
intuitively demonstrate the results of DANST cell type deconvolution, we
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Fig. 1 | Overall framework of DANST. AUse scRNA-seq data to construct pseudo
ST data with known cell type proportions, and perform data pre-processing.
BCluster the real ST data, use the distance between the pseudo spot and the center of
each cluster as the weight, and calculate the pseudo coordinates of the pseudo ST
data. C Design a variational auto-encoder module to denoise and optimize the

features of the real ST data and pseudo ST data. D Design a domain adversarial
module, introduce a feature extractor, a domain discriminator, and a proportion
predictor. Then, construct a two-stage alternating training process to train the
generative adversarial ability of themodel. EUse the optimized feature extractor and
proportion predictor to predict the cell type proportions of real ST data.
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visualize the distribution heat map of each cell type on the tissue image, as
demonstrated in Fig. 3A. From the figure, it can be observed that the pro-
portions of neuronal subtypes corresponding to cortical layers L2–3, L4, L5,
L6, aswell as oligodendrocytes, are relatively high in their respective regions,
while those in other areas are relatively low, indicating that the predicted
results of DANST clearly reveal the cortical structure of the mouse brain’s
anterior end.

To further quantify the cell-type deconvolution result of DANST, as
shown in Fig. 3B, 52 different domains artificially labeled by domain experts
based on histological features and spatial context, are employed as the
ground truth. The PCC values between each cell type distribution and
corresponding label are calculated, and the specific results are presented in
Fig. 3C. It is evident that the similarities between L2/3, L5, L6 and their
corresponding labels are all greater than0.6, indicating that the distributions

Fig. 2 | Evaluation of cell type deconvolution
performance on the synthetic ST datasets. The cell
type deconvolution capabilities of DANST and the
other six methods are compared, and the results are
presented in the form of box plots and bar graphs.
Box plot: the middle line represents the median, the
upper and lower limits of the box represent the
upper and lower quartiles, and the triangle repre-
sents the mean. A Comparison of the ability of
various methods to predict cell type proportions on
the synthetic ST dataset 5. The box plot shows the
results of PCC, SSIM, COSSIM, RMSE, and JSD, and
the bar graph shows the results of ARS (an index
aggregated from PCC, SSIM, COSSIM, RMSE, and
JSD). B Comparison of the ability of various meth-
ods to predict cell type proportions on the synthetic
ST dataset 8. C Comparison of the ability of various
methods to predict cell type proportions on the
synthetic ST dataset 12. For box plots, each ST spot is
treated as one biologically independent sample;
n = 831 for dataset 5, n = 953 for dataset 8, and
n = 1179 for dataset 12.

https://doi.org/10.1038/s42003-026-09659-y Article

Communications Biology |           (2026) 9:388 4

www.nature.com/commsbio


Fig. 3 | Cell type deconvolution experiment and result analysis on the mouse
anterior brain dataset. ABased on the cell type proportion of each spot predicted by
DANST, the distribution heat map of each cell type on the tissue image is visualized.
B The domain division result of the mouse brain anterior data. C The similarity
between the distribution of L2/3, L5, L6 cell and the ground truth, with the PCCvalue
as the similarity index. Annotation correspondence: DANST(‘L2/3 IT’, ‘L5 IT’, ‘L6
IT’) vs. Traditional (‘L2/3’, ‘L5’, ‘L6’).DAccuracy comparison of DANST and other
six cell type deconvolutionmethods in predicting the distribution of L2/3, L5, and L6

cells, with the accuracy index being PCC. E–G The accuracy of the L2/3, L5, and L6
cell distribution results predicted by DANST and other six cell type deconvolution
methods are evaluated by ROC curve. On the ROC curve, the X-axis represents the
false positive rate (FPR) and the Y-axis represents the true positive rate (TPR). The
area under the curve (AUC) is an important indicator for evaluating model per-
formance. AUC values range from 0 to 1: AUC = 1: perfect model; AUC = 0.5:
random model; AUC < 0.5: poor model.
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of L2/3, L5 and L6 in tissue image obtained by DANST are generally con-
sistent with the ground truth.

In addition, in order to compare DANST with the GraphST, Cell-
DART, Tangram, SpaDecon, spSeudoMap and SpatialcoGCN, the experi-
ment performs the same operation on these six comparison methods, and
the results are depicted in Fig. 3D and Supplementary Fig. 1. Through
comparative analysis, it can be found that for L2/3, the method with the
highest PCC value is DANST (PCC= 0.615), which is 6% higher than the
secondbestmethodGraphST (PCC = 0.580). This phenomenon can also be
seen from Supplementary Fig. 1 that the results of DANST and GraphST
both relatively accurately show the location of the L2/3 cell in the tissue
image, but GraphST performs slightly worse than DANST. For L5, the
methods with the highest and second highest PCC values are still DANST
(PCC= 0.661) and GraphST (PCC = 0.654), both of which show good
stratification results in SupplementaryFig. 1. For L6,DANST(PCC= 0.661)
is 10% higher than the sub-optimal method spSeudoMap (PCC = 0.600).
This is also well demonstrated in Supplementary Fig. 1 that DANST clearly
shows the area where L6 cells are located, while spSeudoMap has partially
blurred contour boundaries.

In order tomore accurately and comprehensively evaluate the cell type
deconvolution results of DANST and the comparison methods, the
experiment further introduces the receiver operating characteristic (ROC)
curve24, and the specific results are illustrated in Fig. 3E–G. As can be seen
from the figure, for cell types L2/3, L5, and L6, the curves whereDANST are
located are closest to the upper left corner and have achieved the highest
AUC value, further confirming the high prediction accuracy and sensitivity
of the DANST method.

The experiment on mouse brain coronal section dataset
This experiment uses the coronal section of mouse brain25 to more accu-
rately observe the spatial patterns of different cell types in specific brain
regions, thereby gaining a more comprehensive understanding of the
complex structure and function of the mouse brain. The representative cell
type deconvolutionmethod spSeudoMap22 is selected for comparison since
it uses the same dataset in the experiment and shows superior performance
in comparison with CellDART21 and Cell2location13. The experimental
results are shown in Fig. 4A. It is apparent that both methods can obtain
obvious hierarchical structures (L2-L6), but only DANST can map Hpc-
CA1 and Hpc-CA3 more clearly.

Since there is no manually annotated domain division for mouse
brain coronal section, the ST data of mouse brain coronal section is
spatially clustered with reference to spSeudoMap, providing an indirect
validation of the deconvolution results. Each cluster is renamed
according to its anatomical location and visualized on the tissue image,
thus achieving domain division26. The specific results are presented in
Fig. 4B. As can be seen from the figure, the divided domains include: Amy
(amygdala), Amy_Pir (amygdala or olfactory cortex), Cor_out (outer
cortex), Cor_mid (middle cortex), Cor_in (inner cortex), CP (caudate
nucleus), EP (ventricular membrane), Hippo (hippocampus), Hypo
(hypothalamus), Men (meninges), Thal_lat (lateral thalamus),
Thal_med (medial thalamus) andWM (white matter). Then, in order to
further confirm the accuracy of DANST’s cell type deconvolution
results on mouse brain coronal section dataset, the distribution ratio of
each cell type in each domain is calculated experimentally, as shown
in Fig. 4C.

From the figure, it can be observed that Ext_L25 is mainly located in
the middle cortex, Ext_23 is positioned within the outer cortex, whereas
Ext_L56 resides in the inner cortex. Ext_Hpc_CA1, Ext_Hpc_CA3, and
Ext_Hpc_DG1 are situated in the hippocampus. Ext_Thal_1 is found in
the thalamus, while Ext_Pir occupies areas of the amygdala or the
olfactory cortex. In all, these cell types are all distributed in the expected
anatomical domains, which proves that DANST can accurately predict
the spatial composition of the main cell types that make up the cell sub-
population.

The experiment on human breast cancer dataset
This experiment uses more clinically relevant human breast cancer tissue
dataset to perform cell type deconvolution experiment27, thereby further
revealing the diversity of cellular components within the tumor and helping
to identify different cell sub-populations and their roles in tumor
progression28. The ST data contains 3798 spots and 36,601 genes. Using its
corresponding scRNA-seq data, the DANST method predicts the cell type
proportion of each spatial spot in the ST data. Then, we visualize the dis-
tribution of each cell type on the tissue image, as shown in Fig. 5A. At the
same time, pathologists manually annotated the ST data based on H&E
images and spatial expression data of known breast cancer marker genes. It
is divided into 20 regions in total, including four morphological types:
Healthy, Tumor edge,Ductal Carcinoma In Situ/LobularCarcinoma In Situ
(DCIS/LCIS) and InvasiveDuctalCarcinoma(IDC), as illustrated inFig. 5B.

Combining Fig. 5A, B, it can be seen that luminal progenitor and
luminal cell mainly locate in the IDC and DCLS/LCIS region, fibroblast
mostly lies in theTumor_edge region, andmuscle cell aremainly positioned
in the healthy region29. Further focusing on immune cells, it can be found
that there are multiple immune subgroups in the IDC region30, with T cells
andmacrophage/DC/monocytes (myeloid cells) present in IDC_5, 6, 7 and
8 regions.Meanwhile, there aremyeloid andplasma cells reside in the IDC4
region. In the DCIS/LCIS region, only myeloid cells are placed in DCIS/
LCIS_2, 4 and 5, while there are no immune cells exist in DCIS/LCIS_1. B
cells aremainly situated in IDC_3, Tumor_edge_3 and a part of theHealthy
region. Small concentrations of plasma cells are found in themarginal areas
of Tumor_edge region. It is worth noting that macrophage cell can be
observed in tumor tissues, which is a clinical concern as these cells are
associated with tumor progression31. At the same time, it can be observed
that there is a significant deficiency ofB cells, as it is also associatedwithpoor
prognosis inpatients32. Therefore,we can infer that thepatient’s survival rate
may be lower.

The observation from Fig. 5B also reveals that a large number of
luminal cells exist in the IDC region. This experiment conducts an in-depth
analysis of this phenomenon. Firstly, the literature shows that luminal cells
are very sensitive to estrogen and other sex hormones, which play a key role
in the development and function of breast tissue. At the same time, it can
promote tumor growth andmetastasis by interactingwith other cells suchas
stromal cells and immune cells. They affect the behavior of surrounding cells
in the tumormicro-environment by secreting cytokines and chemokines. In
addition, luminal cells have a strong proliferation ability and can proliferate
rapidly in the tumor micro-environment33,34. Secondly, the gene ontology
enrichment analysis35 of the top 30 differentially expressed genes (DEGs) in
the IDC region is performed, and the results are demonstrated in Fig. 5C.As
can be seen from the figure, the top four main functions of this region are
regulationof steroidbiosynthesis regulation (GO:0050810),O-glycosylation
processing (GO:0016266), viral process (GO:0016032) and positive reg-
ulation of growth (GO:0045927). Among them, the regulation of steroid
biosynthesis involves regulating the synthesis process of steroid hormones.
O-glycosylation processing affects cell-to-cell interactions and signal
transduction; viral process indicates the presence of virus-related signals in
the tumor micro-environment; positive regulation of growth promotes cell
proliferation and growth and promotes tumor progression. Through
comparative analysis, it can be concluded that the various functions of
luminal cells given in the literature correspond to the main functions of the
IDC region obtained through gene ontology enrichment analysis. There-
fore, the phenomenon that a large number of luminal cells are present in the
IDC region is reasonable and accurate, which further proves the accuracy of
the DANST cell type deconvolution results. At the same time, the large
number of luminal cells in IDC regionmay indicate the tumor’s dependence
on hormones, especially its sensitivity to estrogen. Such tumors are usually
classified as estrogen receptor positive (ER +), and patients may respond
well to hormonal therapies such as tamoxifen or aromatase inhibitors. The
metabolic reprogramming of luminal cells may be associated with aggres-
siveness and metastatic potential of the tumor. If these cells exhibit
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Fig. 4 | Cell type deconvolution experiment and result analysis on the mouse
brain coronal section dataset. A The distribution heat map of specific cell types in
mouse brain coronal section predicted by DANST and spSeudoMap. B Spatial spots
are clustered according to gene expression profiles, and each cluster is named
according to the anatomical location. C The distribution of each cell type at each

anatomical location is quantitatively visualized in the formof a violin plot. The violin
plot contains a box plot section showing themedian, upper and lower quartiles of the
data.(i.e., one-quarter and three-quarter values). For the violin and box plots, each
ST spot is treated as one biologically independent sample (n = 2702).
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metabolic adaptation in the IDCregion, thismay indicate aworse prognosis,
thereby affecting patient’s survival rate.

Discussion
Cell type deconvolution is a basic task in ST analysis. This task enables the
discovery of new cell types and sub-populations, revealing their spatial
distribution and functional characteristics within tissues. To this end, we
propose a domain adversarial network-based framework named DANST.
The framework constructs pseudo ST data using scRNA-seq datawith clear
cell type labels, and calculates pseudo coordinates of pseudoSTdatawith the
assistance of the spatial location information from real ST data. The two
types of data are connected by constructing a neighbor graph, and feature
optimization is performed through a variational auto-encoder structure. By
designing a domain adversarial module, the cell type label is transferred
from pseudo data to real data.

Themain features of DANST are the construction of pseudo spots and
domain adversarial training. Existing methods such as CellDART also use
scRNA-seq data to construct pseudo ST data. The main difference between
DANST and them is that pseudo coordinates are additionally constructed
for pseudo spots, and a neighbor graph of pseudo spots and real spots is
constructed based on the location information to connect the two types of
data. In addition, spSeudoMap also uses domain adversarial training.
However, DANST uses gene representations that have been feature-
optimized and integrated with spatial location information. During the

training process, DANST uses more reasonable objective functions and
contrast losses. It also designs the two-stage training strategy. These dif-
ferences make DANST superior to spSeudoMap in cell type
deconvolution tasks.

Benchmark experiments on artificial synthetic datasets show that
DANST outperforms six comparison methods in the cell type deconvolu-
tion task, and the average optimization ratio can reach 16.6%. In addition,
experiments on a real mouse brain anterior dataset show that the DANST
method has the ability to accurately reveal the cell types and hierarchical
structure of the cerebral cortex. Experiments on amouse brain coronal slice
dataset illustrate that DANST can more accurately observe the spatial pat-
terns of different cell types in specific brain regions. Experiments on human
breast cancer datasets have shown that DANST can accurately predict the
distribution of various types of cells in breast cancer tissue images, thereby
further revealing the diversity of cellular components within tumors and
providing tools for studying tumor evolution and the interaction between
tumors and the tumor micro-environment. Furthermore, DANST can
process data obtained from different experimental platforms and has been
verified on 10xVisium, seqFISH+ , and Smart-seq data.

In conclusion, DANST can efficiently perform cell type deconvolution
tasks, which helps better understand the cellular and functional diversity of
tissues. With the availability of more ST data and the public release of
scRNA-seq data, DANST will become feasible for cell type deconvolution
tasks in a broader context. Based on this, we can apply DANST in clinical

Fig. 5 | Cell type deconvolution experiment and result analysis on the human
breast cancer dataset. AThe distribution heat map of specific cell types in human
breast cancer predicted by DANST. B ST data of human breast cancer sample
annotated by pathologists, which includes Invasive ductal carcinoma(IDC), Ductal

carcinoma in situ(DCIS), Lobular carcinoma in situ(LCIS), Tumor edge andHealthy
region. C Gene ontology enrichment analysis of the top 30 differentially expressed
genes in the IDC region.
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research and medical practice, exploring its specific applications in tumor
micro-environments, immune responses, drug reactions, and regenerative
medicine. This will enable us to assess its impact on disease diagnosis and
treatment planning. Additionally, discovering previously unidentified cell
types or sub-populations through deconvolution techniques represents a
promising future research direction. By utilizing high-throughput single-
cell sequencing technologies in conjunction with deconvolution methods,
we can advance our understanding of biological mechanisms and reveal
cellular diversity and functionality. These research avenues not only con-
tribute to the advancement of cell type deconvolution technologies but also
offer new insights into the understanding of complex biological systems and
the improvement of medical treatments.

Methods
Data pre-processing and pseudo spots construction
Gene expression data are often highly skewed, making raw counts unsui-
table for direct analysis. Without proper normalization, pseudo spots may
contain excessive noise and biases, thereby reducing representativeness and
impairing accuracy in spatial mapping and clustering. Therefore, appro-
priate preprocessing is necessary to ensure reliable pseudo spot
construction.

Data pre-processing
There are two types of data input to DANST, namely ST data with spatial
location information andgene expression information, and scRNA-seqdata
with cell type labels and gene expression information. In order to reduce
unnecessary noise and impact in the data, data pre-processing is required
before constructing pseudo spots.

For scRNA-seq data, the raw gene expression information is first
normalized to a target sum per cell and subsequently log-transformed via
the SCANPY36 package. Finally, this processed gene expression information
is scaled to unit variance and zero mean. Differential expression (DE)
analysis is performedonnormalized expressionprofiles, includingboth cell-
level and gene-level normalization. For each cell type, the top d genes with
the highest log-fold change and statistically significant p-values (p < 0.05,
adjusted for multiple testing) are selected, resulting in a total of q marker
genes. For ST Data, we use the similar logarithmic transformation and
scaling operation. Then, the common genes shared by scRNA-seq data and
ST data are screened out to achieve gene expression alignment for sub-
sequent model input.

pseudo spots construction
After data pre-processing, we utilize preprocessed scRNA-seq data to
construct pseudo ST data, which helps stabilize gene expression variance,
reduce noise, and ensure comparability with the ST dataset. A fixed
number of cells h are randomly sampled from the scRNA-seq data, and
each cell is given a random weight w1;w2; . . . ;wh

� �
. The resulting cell

mixture is called pseudo spot. Among the cells that make up the pseudo
spot, the weighted sum of the gene expression of each cell is calculated to
obtain the gene expression of the pseudo spot x0 2 R1 × t , which is spe-
cifically expressed as:

x0 ¼ w1 � cell1 þ . . . þ wh � cellh; ð1Þ

Among them, celli; i 2 1; 2; . . . ; hf g represents the gene expression of
cell i in scRNA-seq data.At the same time, by adding theweights assigned to
each cell type, the proportion of each cell type p 2 R1 × c in pseudo spot is
obtained, which is specifically expressed as:

Wj ¼
X
i2Tj

wi; ð2Þ

pj ¼
WjPc
k¼1Wk

; p 2 Rl × c; ð3Þ

Where c is the total number of cell types, whereTj denotes the index set
of cells belonging to cell type j, c is the total number of cell types, and p
represents the cell type proportion vector of the pseudo spot.Wj represents
the weight assigned to the cell type j.

Repeat this process to generaten pseudo spots, which forms pseudo ST
data. Then, themean and standard deviation of gene expression at each spot
are estimated from the real ST data, and each pseudo spot is down-sampled
using the down-sample Matrix function provided by Scuttle37, thus
obtaining pseudo ST data with gene expression distribution similar to the
real ST data.

By stacking the previously defined pseudo spot vectors x0 and p, we
obtain thegeneexpressionmatrixX0 ¼ x01; x

0
2; . . . ; x

0
n

� � 2 Rn × t and thecell
typeproportionmatrixP ¼ p1; p2; . . . ; pn

� � 2 Rn × c, the real STdata canbe
represented by a gene expressionmatrixX ¼ x1; x2; . . . ; xm

� � 2 Rm× t and
a spatial location matrix L ¼ l1; l2; . . . ; lm

� � 2 Rm× 2. Among them, n
andm are the number of pseudo spots and real spots respectively, and t is the
number of common genes.

The generated pseudo spots are mainly used for the later model
training, providing mixed expression data with known cell compositions
and reliable cell type annotations. The downstream spatial analyses and
biological interpretations are still based on real ST data.

Generation of pseudo coordinates
After constructing pseudo ST data, it is necessary to construct pseudo
coordinates for each pseudo spot, which are used for subsequent neighbor
graph construction.

Mclust38 is a spatial clustering method based on Gaussian mixture
models, which can effectively partition spatial expression patterns into
interpretable clusters. For real STdata,weuseMclust for spatial clustering to
obtain g clusters. For each cluster, the spatial coordinates of each spot are

averaged as the cluster center eL ¼ el1;el2; . . .elgn o
2 Rg × 2, and the feature

representation of each spot is averaged to obtain the feature representation

of the cluster eX ¼ ex1;ex2; . . .exgn o
2 Rg × t . Based on the feature repre-

sentation of the pseudo spot and the clusters, the feature similarity between
the two is calculated, and the pseudo coordinates of the pseudo spots are
calculated with this similarity as the weight. Specifically, for the pseudo spot
i, the similarity value Sij between its feature representation xi and the feature
representation of the cluster j can be expressed as:

Sij ¼
1

dij þ α
; ð4Þ

dij ¼ cdist xi;exi� �
; ð5Þ

Among them, α is an offset used to avoid zero errors when taking the
reciprocal, cdist represents the calculation of Euclidean distance. The cal-
culation formula for the pseudo coordinate l0i of the pseudo spot P spot i is:

l0i ¼
Pk

j¼1Sij
eljPk

j¼1Sij
; ð6Þ

By using the above method, pseudo coordinate can be constructed for
each pseudo spot, and the pseudo spatial location matrix of the pseudo ST
data L0 ¼ l01; l

0
2; . . . ; l

0
n

� � 2 Rn × 2 is obtained.

Neighborhood graph construction and feature optimization

(1) Neighborhood graph construction
In order to effectively connect real ST data and pseudo ST data, it is
necessary to construct neighbor graph before feature optimization.
Weapplyk-nearest neighbor algorithm to convert the spatial location
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information of all pseudo spots and real spots into a neighbor graph
G ¼ V ; Eð Þ, where V represents the spot set and E represents the
edge set connecting the spots. For a specific spot i 2 V , the Euclidean
distance between this spot and all other spots is calculated, and the k
spots closest to it are selected as neighbors. And so on, the adjacency
relationship between all spots is obtained. Here, we introduce the
adjacency matrix A 2 R nþmð Þ× nþmð Þ to represent the adjacency
relationship of all spots in the neighbor graphG, where nþm is the
total number of spots. If the spot j 2 V is the neighbor of spot i 2 V ,
then Aij ¼ 1, otherwise Aij ¼ 0. In order to normalize the degree
difference of the nodes, the adjacency matrix is needed to be reg-
ularized. Let eA 2 R nþmð Þ× nþmð Þ is the adjacency matrix after reg-
ularization, and its specific calculation formula is:

eA ¼ �A � A � �A; ð7Þ

�A ¼ diag
XN

j
Aj

� ��1
2

� 	
; ð8Þ

Among them, �ð Þ is dot multiplication, diag represents the operation
of creating or extracting diagonal matrices, and power is the power
operation of numbers.

(2) feature optimization

After the neighbor graph is constructed, we perform the feature
optimization operation. In order to effectively integrate the gene
expression information and spatial location information in the data, also
removing unnecessary noise in the gene expression information, such as
low capture efficiency, PCR amplification bias, and low-abundance
genes, a variational auto-encoder is utilized for feature extraction and
feature reconstruction.

The encoder architecture is designed as follows: both themean encoder
Encoderμ and the variance encoder Encoderσ consist of two stacked graph
convolution layers, a batch normalization layer, an ELU layer (non-linear
activation function) and a dropout layer.

The feature representation of the real ST dataX and pseudo ST dataX0

aswell as the adjacencymatrix eA are input into the encoder to obtain feature
embedding F:

μ ¼ Encoderμ X;X0½ �; eA� �
; ð9Þ

σ ¼ Encoderσ X;X0½ �; eA� �
; ð10Þ

F ¼ μþ σ � τ ð11Þ
where τ is a random variable whose value is sampled from N 0; 1ð Þ and ;½ �
Indicates vertical splicing.Thedecoder is constructedby two fully connected
layers, and the feature embedding generated by the encoder is input into the
decoder for feature reconstruction. The loss between the original and
reconstructed input is calculated with the mean squared error (MSE) loss,
and the specific formula is as follows:

Z;Z0½ � ¼ Decoder Fð Þ; ð12Þ

Lossreconstruction ¼ MSE X;Zð Þ þMSE X0;Z0ð Þ; ð13Þ

Among them,Z andZ0 represent the feature inputs reconstructed from
real ST data and pseudo ST data respectively, which are used as the input of
the next module as the data after feature optimization.

Domain adversarial training
Since there are certain distribution differences between pseudo ST data and
real ST data, it is necessary tomake the features of the two types of data tend
to be consistent in the representation space. Domain adversarial network

can effectively solve the problem of feature distribution differences between
the source domain and the target domain through domain training and
feature alignment mechanism39. Therefore, DANST introduces domain
adversarial training, so that themodel can better adapt to the target domain
after training on the source domain, thereby realizing cross-domain
knowledge transfer.

The process of domain adversarial training is shown in Fig. 1D. The
domain adversarialmodule consists of three parts: feature extractor, domain
discriminator, and proportion predictor. The feature extractor consists of
two fully connected layers, each with batch normalization and ELU acti-
vation functions. Its main function is to extract the domain-inseparable
features that are useful for the target task from the two different regional
distributions of pseudo ST data and real ST data. The domain discriminator
consists of two fully connected layers. The output of the first layer is input to
the second layer after batch normalization, ELU activation, and dropout.
The output of the second layer is then passed through the Sigmoid function
to obtain the result of domain discrimination. The structure of the pro-
portion predictor is similar to that of a feature extractor, and is mainly used
to predict the proportion of cell types. The module adopts two-stage
alternating training.

In the first stage, the feature extractor is used to extract the feature
representation of the pseudo ST data and the real ST data, and input it into
the domain discriminator to obtain the result of domain discrimination.
Then, we flip the domain labels and construct the loss of domain dis-
crimination through binary cross entropy (BCE) loss. At the same time, the
feature representation of the pseudo ST data is input into the proportion
predictor to predict the cell type proportion, and the mean absolute error
(MAE) loss and kullback leibler divergence (KLD) are constructed with the
known cell type proportion of the pseudo ST data. During training, the
domain discriminator is fixed, and the model parameters of the feature
extractor and proportion predictor are optimized. In the second stage, the
feature representationsof STdata and real STdata are input into the domain
discriminator to obtain the results of domain discrimination. Then, we
calculate the loss of domain discrimination through BCE. During training,
the proportion predictor and feature extractor are fixed, the model para-
meters of the domaindiscriminator are optimized. The specific formula is as
follows:

V ¼ FeatureExtractor Zð Þ; ð14Þ

V 0 ¼ FeatureExtractor Z0ð Þ; ð15Þ

D ¼ Domaindiscriminator Vð Þ; ð16Þ

D0 ¼ Domaindiscriminator V 0ð Þ; ð17Þ

Lossadv1 ¼ BCEðD;DpÞ þ BCE D0;Dr

� �
; ð18Þ

P0 ¼ ProportionPredictor V 0ð Þ; ð19Þ

Losspre1 ¼ MAE P; P0ð Þ þ KLD P; P0ð Þ; ð20Þ

LossDAN1 ¼ Lossadv1 þ Losspre1; ð21Þ

LossDAN2 ¼ Lossadv2 ¼ BCE D;Dr

� �þ BCEðD0;DpÞ; ð22Þ

Among them,V andV 0 represent the feature embedding of the real ST
data and the pseudo ST data after passing through the feature extractor, D
and D0 represent the predicted domain labels of the real ST data and the
pseudo ST data, Dr andDp represent the true domain label of real ST data
and pseudo ST data, P and P0 represent the real and predicted cell type
proportion of the pseudo ST data, Lossadv1 and Losspre1 represent the
domain discrimination loss and the cell type prediction loss, respectively,
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LossDAN1 and LossDAN2 represents the total loss of the first and second stage
training.

The two stages are trained alternately. The first stage of training
prompts the main network to learn features that are insensitive to domain
classification and beneficial for cell type deconvolution task, while the sec-
ond stage of training prompts the domain discriminator to distinguish
which domain the features come from. This two stage of training forms an
adversarial relationship. Finally, the training ends when the loss change is
less than the set threshold or reaches the pre-set training round. Through
domain adversarial training, the model can learn features that are both
useful for the specific task and have generalization capabilities for different
domains, thereby enhancing themodel’s robustness to various data sources,
further reducing the misclassification rate across different datasets and
improving overall prediction accuracy.

Cell type proportion prediction
Based on the above model training, the optimized feature extractor and
proportion predictor is used to realize the cell type proportion of real ST
data. The specific formula is as follows:

R ¼ Refined Proportion PredictorðRefined Feature ExtractorðZÞÞ; ð23Þ

Among them,R is the predicted result of the cell type proportionof each spot
in real STdata,Refined Feature Extractor andRefined Proportion Predictor
represent the optimized feature extractor and proportion predictor,
respectively.

Experimental details
The proposed DANST model is implemented with python and
PyTorch_pyG40. In the pseudo spot construction and data pre-
processing module, the number of differentially expressed genes d is
equal to 30, and the number of cells contained in each pseudo spot h is set
to 10. In the pseudo coordinate generation module, the number of
clusters b equals 25. In the feature optimization module, the number of
neighbors k = 10, and the dimensions of the encoder’s hidden layer and
output layer are 256 and 128, respectively, while the dimensions of the
decoder’s layers are opposite. In the domain adversarial trainingmodule,
the dimensions of the two layers in feature extractor are 256 and 128,
respectively, and the dimensions of the two layers in domain dis-
criminator are 64 and 2, respectively. The hidden layer dimension in
proportion predictor is 64, and the output layer dimension is the total
number of cell types. During the training process, the total loss function
is optimized by the Adam optimizer41, with an initial learning rate of
0.001 and a weight decay of 0.

DANST is trained on a GeForce RTX A4000 Ti GPU with 16 GB
video memory, and a 6 x E5-2680 v4 CPU with 28 GB memory. The
training time ranges from 1minute to 4minutes depending on different
datasets.

Evaluated metrics and criteria
For the cell type deconvolution task of spatial transcriptome data, we
employ the root mean square error (RMSE), person correlation coefficient
(PCC), Jensen-Shannon divergence (JSD), structural similarity (SSIM),
cosine similarity (COSSIM) and average ranking score (ARS) as evaluation
indicators. The specific calculation formulas are as follows.
(1) Root mean square error (RMSE):

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
c

Xc
j¼1

ðr0ij � rijÞ2
vuut ; ð24Þ

Among them, rij represents the proportionof cell type j in the spot i in
the true result, r0ij is the predicted result, and c is the total number of
cell types. For each spot in the STdata, a lower value indicates ahigher
deconvolution accuracy.

(2) Pearson correlation coefficient (PCC):

PCC ¼ E r0i � μ0i
� �

ri � μi
� �� �

σ 0iσ i
; ð25Þ

Among them, r0i and ri are the predicted and true results of cell type
proportion in spot i, μ0i and μi are themean value of the predicted and
true results of cell type proportion in spot i, σ 0i and σ i are the variance
of the predicted and true results of cell type proportion in spot i. The
PCC value ranges from -1 to 1, and the closer to 1, the higher the
similarity. For each spot in ST data, a higher PCC value indicates
better prediction accuracy.

(3) Jensen-Shannon divergence (JSD):

JSD ¼ 1
2
KL r0i; j;

r0i þ ri
2

� 	
þ 1
2
KL ri; j;

r0i þ ri
2

� 	
ð26Þ

KLðaijjbiÞ ¼
Xc
j¼0

aij � log
aij
bij

 !
ð27Þ

Where, r0i and ri are defined similarly to PCC, KLðaijjbiÞ are the KL
divergences between the two probability distributions ai and bi. For
each spot, a lower value indicates a higher deconvolution accuracy.

(4) Structural similarity (SSIM):

SSIM ¼ ð2μ0iμi þ α2Þð2covðri; r0iÞ þ β2Þ
μ0i

2 þ μi
2 þ α2

� �
σ 0i

2 þ σ i
2 þ β2

� � ð28Þ

Among them, r0i, ri, μ
0
i,μi, σ

0
i and σ i are defined similarly to those in

PCC, α and β are set to 0.01 and 0.03, respectively. covðri; r0iÞ is the
covariance. For each spot in ST data, a higher value indicates a higher
deconvolution accuracy.

(5) Cosine similarity (COSSIM):

COSSIM ¼
Pc

j¼1r
0
ijrij

jjr0ijj× jjrijj
ð29Þ

Among them, the definitions of rij and r0ij are similar to those in
RMSE, and the definitions of ri and ri are similar to those in PCC,
jj�jj represents L2 norm normalization. For each spot in ST data, a
higher value indicates better deconvolution accuracy.

(6) Average ranking score (ARS):

We uses ARS to comprehensively evaluate the relative accuracy of the
deconvolution results of various methods. After calculating the five indi-
cators of RMSE, PCC, JSD, SSIM and COOSSIM, the PCC, COSSIM and
SSIM values of each method are sorted in ascending order, and the RMSE
and JSD values of eachmethod are sorted in descending order. The value of
ARS is calculated by the following formula:

ARS ¼ 1
5 ×M

RRMSE þ RPCC þ RJSD þ RSSIM þ RCOSSIM

� �
; ð30Þ

Among them,M is thenumberof comparisonmethods,R indicates the
ranking of the method on a certain evaluation indicator. For a certain
dataset, the method with the highest value performs the best.

Statistics and reproducibility
No statistical method is used to predetermine the sample size. All collected
data are included in the analyseswithout exclusion. The experiments are not
randomized. The investigators are not blinded to allocation during
experiments and outcome assessment.
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Data availability
We use six sets of ST data and the corresponding scRNA-seq data. Three of
themare artificially synthesizeddata,whichare thedatasets usedbyWanget
al.16 to conduct benchmark experiments and can be downloaded at https://
figshare.com/articles/dataset/SpatialcoGCN_data/22682611. The other
three sets are real data, namely the mouse brain anterior dataset, the mouse
brain coronal slicedataset, and thehumanbreast cancerdataset. TheSTdata
of the mouse brain anterior dataset is obtained from the 10x Genomics
dataset2 (https://www.10xgenomics.com/resources/datasets), and the cor-
responding scRNA-seq data is acquired from the whole cortex and hip-
pocampus of the mouse (https://portal.brain-map.org/atlases-and-data/
rnaseq/mouse-whole-cortex-and-hippocampus-10x). The ST data and
corresponding scRNA-seq data of the mouse brain coronal section dataset
are collected from the 10xGenomics dataset and E-MTAB-1111542 (https://
www.ebi.ac.uk/biostudies/arrayexpress/studies/EMTAB-11115), respec-
tively. The ST data of the human breast cancer dataset is retrieved from
https://www.10xgenomics.com/resources/datasets/human-breast-cancer-
block-asection-1-1-standard-1-1-0, and the scRNA-seq data is downloaded
from the database DISCO43 (https://www.immunesinglecell.org/). The data
used in this study have been uploaded to Zenodo and is freely available at:
https://doi.org/10.5281/zenodo.1821306144. All source data underlying the
graphs and charts are provided as Supplementary Data 1, Supplementary
Data 2, Supplementary Data 3, and Supplementary Data 4. All other data
supporting the findings of this study are available from the corresponding
author upon reasonable request.

Code availability
An open-source Python implementation of theDANST toolkit is accessible
at https://github.com/ZhichaoWu7/DANST.The version of the code
described in this paper has been deposited in Zenodo with the identifier
https://doi.org/10.5281/zenodo.1821215045.
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