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DECODE: deep learning-based common 
deconvolution framework for various  
omics data
 

Tianyi Zhao    1,2,8, Renjie Liu2,3,8, Yuzhi Sun3,8, Bingtian Wang3, Liyuan Zhang3, 
Qiuhao Chen2, Ruibang Luo    4, Zhiyuan Yuan    5, Guohua Wang    3, 
Liang Cheng    6,7   & Yadong Wang    3 

Deconvolution algorithms estimate cell-type abundances from tissue-level 
data, enabling systematic cellular analysis of large cohorts. However, most 
deconvolution algorithms are specifically designed for single-omics data, 
thereby limiting their generalizability and scalability for various omics data 
from different cohorts. Here we present DECODE, a universal deconvolution 
framework for both cell types and cell states that can be applied to trans
criptomic, proteomic and metabolomic data, and that seamlessly integrates 
diverse multiomics tissue datasets at the cellular level. DECODE fills the 
gap in metabolomics deconvolution and significantly outperformed 
state-of-the-art methods on different omics data across donors, disease 
conditions, healthy states, datasets and measurement platforms. In addition, 
DECODE exhibits high robustness in scenarios that are closer to real 
applications so it can accurately deconvolve known cell types even when the 
reference single-cell data are incomplete. DECODE will serve as a powerful 
tool for the fully extending multiomics cohort data into cellular level.

Cell abundance represents the proportional distribution of various 
cell types within a tissue, and its dynamic changes are pivotal in bio-
logical processes, including organ development1, genetic regulation2 
and disease treatment3. Single-cell technologies of various omics 
have become the most direct tools for investigating cellular het-
erogeneity. However, their high costs remain major barriers to their 
widespread application in large-scale cohort studies. Moreover, the 
extensive number of preserved tissue samples cannot be processed 
into single-cell suspensions, further limiting the feasibility of single-cell 
approaches. Therefore, the generalization of tissue-level multiomics 
cohort data to the cellular level has become the key to explore cellular 

heterogeneity. Deconvolution methods, which leverage single-cell 
data as reference to infer cellular composition of tissue-level data, 
offer a cost-effective alternative for studying cellular heterogeneity 
in complex biological systems4.

At present, deconvolution algorithms in the multiomics field have 
followed a specialized development paradigm. At the transcriptomic 
level, representative tools for tissue data such as MuSiC5 and CIBER-
SORTx6 have been widely adopted, while methods such as RCTD7 
and SPOTlight8 specifically address the analytical needs of spatial 
transcriptomics. In proteomics, specialized approaches such as scp-
Deconv9 have emerged. Although these tools perform effectively 
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form one pseudotissue sample. Repeating this procedure multiple 
times yields the DECODE training set.

Stage 2. The next step is addressing batch effects between pseudotis-
sue and target data (Fig. 1b). In this stage, the encoder, discriminator 
and eDeconvolver modules are trained together, guided by a com-
bination of L1 loss and binary cross-entropy loss. This cooperative 
training process is designed to use a specially designed loss function to 
force the discriminator to fail in identifying the origin of the features, 
thereby effectively mitigating batch effects between target-tissue and 
train-tissue while preserving the biological signals required for the 
deconvolution task. On completing this stage, encoder parameters 
are fixed and subsequently passed to stage 3.

Stage 3. This stage aims to improve the robustness in dealing with 
various noise and omics data (Fig. 1c). Noise not exceeding 10% is 
randomly added to each train-tissue sample twice, creating training 
pairs with the train-tissue samples. The training pairs are first passed 
through encoder with fixed parameters in stage 2 and mapped to a 
different latent space via a dimension enhancement module (Dim-
Expander). Then, the noisy part of training pairs are processed by an 
attention-based14 denoiser module (Fig. 1e), which separates embed-
ding features into noise features and purified train-tissue features. 
The purified train-tissue features undergo dimensionality reduction 
through linear attention and deconvolver operations to yield the pre-
dicted labels for training samples. All modules in stage 3 are supervised 
during training by L1 loss and a contrastive learning strategy (Fig. 1f).

Stage 4. In the final step, DECODE takes the target-tissue as input and 
outputs a cell-abundance vector for each sample. This inference can 
follow two pathways (Fig. 1d): standard deconvolution for pure tissues 
and relative deconvolution for tissues with unknown cell types. When 
single-cell reference cell types do not fully match the target-tissue 
(the common real-world case), the pathway with the denoiser is used; 
otherwise, the alternative pathway is applied.

Superior performance over previous approaches in 
transcriptomic and proteomic deconvolution
To evaluate the deconvolution performance of DECODE, comparisons 
were made with state-of-the-art deconvolution methods, including 
TAPE15, CIBERSORTx6, MuSiC5, scpDeconv9, Scaden16, RCTD7, Seurat17, 
SPOTlight8, Tangram18, ucdselect19 and cell2location20 using both 
transcriptomics and proteomics data. Performance was evaluated 
via three metrics: Lin’s concordance correlation coefficient (CCC), 
root mean square error (r.m.s.e.) and Pearson’s correlation coefficient 
(Pearson’s r).

This study conducted experiments across 15 datasets, establishing 
7 scenarios to evaluate performance under diverse conditions. Scenario 
1 assesses cross-donor generalization using a human lung transcrip-
tomic dataset21, with training and testing sets derived from different 
donors in similar health states. Scenario 2 evaluates cross-disease gen-
eralization on a human breast transcriptomic dataset22, with estrogen 
receptor-positive samples for training and estrogen receptor-negative 
samples for testing. Scenario 3 tests cross-health state performance 
using a human breast proteomic dataset23, training on premenopausal 
samples and testing on postmenopausal samples. Scenario 4 exam-
ines cross-dataset robustness across two omics modalities: (1) mouse 
islet transcriptomic datasets from ref. 24 (training) and ref. 25 (test-
ing) and (2) mouse cell line proteomic datasets from ref. 26 (training) 
and ref. 27 (testing). The proteomics data also enables evaluation of 
cross-platform generalizability. Scenario 5 focuses on spatial tran-
scriptomics performance, using STARmap data28 from the mouse visual 
cortex (focus on 12 cell types) and Slide-seqV2 hippocampal data29 (14 
cell types, loaded via Squidpy30). Scenario 6 uses a human retinal tran-
scriptomic dataset31 containing 17 cell types to evaluate scalability to a 

within their respective domains, their applicability on other omics 
remains highly uncertain. Most existing deconvolution methods 
for transcriptomic data are based on assumed distributions, such 
as the Poisson or negative binomial distribution, which are consid-
ered unsuitable for other omics data9. Furthermore, spatial decon-
volution methods, while proficient at capturing microenvironmental 
heterogeneity7, may misattribute biological variability in nonspatial 
contexts to spatial effects, potentially leading to distorted interpre-
tations. This omics-specific methodological landscape presents two 
major challenges. First, when researchers aim to compare cell-type 
abundances across different omics layers and cohorts, methodo-
logical heterogeneity introduces unquantifiable systematic biases, 
undermining the reliability of integrative analyses. Second, multi-
omics studies demand substantial effort in cross-method parameter 
tuning and result calibration, leading to fragmented workflows that 
increase analytical complexity and time costs. These issues collectively 
pose a significant technical bottleneck to the scalability of large-scale 
multiomics research. Notably, dedicated deconvolution tools for 
metabolomic data are still lacking, despite metabolomics exhibiting 
the highest correlation with clinical phenotypes among all omics 
types10,11. This highlights the urgent need for a unified computational 
framework capable of accommodating the diverse data characteristics 
of different omics modalities: an essential step toward advancing the 
goals of precision medicine.

Developing a universal deconvolution framework for diverse 
omics data faces major technical hurdles. Different omics modali-
ties vary in scale, distribution, sparsity and feature dimensionality, 
demanding highly flexible, adaptable model architectures. Another 
key challenge is cell-type mismatch between single-cell and tissue data, 
since single-cell omics may not capture all cell types present in tissues12. 
Thus, the model must exhibit robustness to noise to reliably estimate 
the relative abundances of n known cell types in tissue-level data with 
n + m cell types (where m ≥ 1), even when the reference single-cell data 
include only n cell types. Another major challenge is strong batch 
effects: because single-cell reference and tissue-level data typically 
come from different donors, technologies and health states, physi-
ological and technical variation introduces substantial batch effects13 
that obscure true biological signals and hinder accurate deconvolution. 
In summary, although existing methods work in specific settings, there 
is still no universal framework that simultaneously handles omics het-
erogeneity, incomplete single-cell references and severe batch effects, 
which limits the broader application of deconvolution to existing large 
amounts of multiomics tissue data.

To address these challenges, we developed DECODE, a universal 
deconvolution framework for cell types and states in transcriptomics, 
proteomics and metabolomics that integrates tissue datasets across 
omics at the cellular level. It achieves high accuracy and robustness 
in estimating cell-type proportions even with incomplete single-cell 
references, and its consistent performance across heterogeneous 
omics datasets makes DECODE a powerful tool for multiomics analysis, 
enabling integrated multimolecular insights into the cellular composi-
tion of complex biological systems.

Results
Overview of DECODE
DECODE integrates adversarial training and contrastive learning tech-
niques into a sophisticated computational framework. This framework 
consists of four stages that collectively ensure precise and reliable 
deconvolution across diverse omics data.

Stage 1. Pseudotissue samples are first generated for model training 
(Fig. 1a). A random cell-type proportion vector for all target cell types is 
drawn from a uniform distribution. Given these proportions and a pre-
set total cell count, cells are randomly sampled from the corresponding 
single-cell tissue data, and their molecular profiles are aggregated to 
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Fig. 1 | Framework of DECODE. The framework consists of four stages.  
a, Generating train-tissue data through random sampling from single-cell data. 
Different colors represent distinct cell types or states. b, Removing batch effects 
via adversarial training between target-tissue and train-tissue data. c, Performing 
feature enhancement and denoising through contrastive learning with paired 
train-tissue data (with and without noise). d, Implementing two inference 
pathways for tissue samples with and without unknown cell types. e, The denoiser 
module (from c) is presented. In this module, mask matrices are generated for 
purified train-tissue and noise features through a self-attention mechanism. 
These mask matrices are elementwise multiplied with the input features mixed 
with noise to obtain the purified train-tissue and noise features. f, The details of 
the contrastive learning loss strategy (in c). Train-tissue, purified train-tissue 
and noise features are randomly sampled. If the sampling positions are same for 

both train-tissue and purified train-tissue, the sampled features are treated as 
positive pairs, and the train-tissue and any noise features at arbitrary positions 
are treated as negative pairs. Through the cross-entropy loss, the distance 
between positive pairs is minimized, whereas the distance between negative 
pairs is maximized. The green pixel blocks represent the sampling of train-tissue 
features, the orange pixel blocks represent the sampling of purified train-tissue 
features and the red lines represent the sampling of noise features. Checkmarks 
are placed on the diagonal of the sampling matrix between train-tissue features 
and purified train-tissue features, indicating that they are sampled from the same 
location and represent a pair of positive samples. In the sampling matrix between 
train-tissue features and noise features, all samples are negative and thus marked 
with crosses. B, batch size; f, number of train-tissue features; C, dimension of the 
projected features; w, number of features after dimension reduction.
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Fig. 2 | Overview of DECODE’s transcriptomics and proteomics data 
deconvolution performance. a–e, Comparison of CCC across different methods 
under scenarios 1–5. a, Cross-donor evaluation on transcriptomic data (n = 4 cell 
types). b, Cross-disease state evaluation on transcriptomic data (n = 6 cell types). 
c, Cross-health state evaluation on proteomics data (n = 6 cell types). d, Cross-
dataset evaluation on both proteomics (n = 3 cell types, left) and transcriptomic 
(n = 6 cell types, right) data. e, Evaluation on spatial transcriptomics data.  
f,g, Comparison between the ground-truth proportions of cell types (left) and 
the predictions of DECODE (right). f, Astrocytes in Hippo. g, Excitatory L6 in 
STARmap. h, CCC comparison across methods on transcriptomic data with a 
large number of cell types (n = 17 cell types). i, CCC comparison across methods 
in three real bulk datasets. j,k, Peak RAM usage (j) and runtime (k) of DECODE 
compared to other methods in scenario 1. The CCC values range from −1 to 1, 

with values closer to 1 indicating better performance. The r.m.s.e. and Pearson’s 
r metrics for each scenario are presented in Supplementary Figs. 1 and 2, 
respectively. Box plots show the median (center line), the 25th–75th percentiles 
(bounds of the box) and the minimum and maximum values (whiskers); dots 
indicate outliers. The number of cell types represents how many data points are 
contained within each box in the box plot. Unless otherwise stated, this definition 
applies to all subsequent box plots. A heatmap comparing the predicted and 
true proportions of other major cell types in spatial transcriptomic data is 
shown in Supplementary Fig. 3. All metrics for the proteomics data across all 
comparison methods (including spatial transcriptomics methods) are presented 
in Supplementary Fig. 7b–d. For evaluation methods, see the section ‘Calculation 
methods for evaluation indicators’ in the Supplementary Information for details.
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large number of cell types, with samples from different retinal regions 
used for training and testing. At the same time, scenario 5 also partly 
assesses performance with a large number of cell types. For scenarios 
1–6, pseudotissue samples were generated by randomly mixing single 
cells at varying proportions. Scenario 7 evaluates these methods on 
real tissue data using three peripheral blood transcriptomic datasets 
with ground-truth cell-type compositions32–34 (SDY67).

DECODE shows superior and stable performance across 
diverse challenging scenarios, achieving top CCC values in cross- 
donor (Fig. 2a), cross-disease (Fig. 2b), cross-health state (Fig. 2c), cross- 
dataset (Fig. 2d), spatial transcriptomics (Fig. 2e) and multi-cell-type 
deconvolution tasks (Fig. 2h). Although a few methods slightly 
exceed DECODE in Pearson correlation in scenarios 1, 2, 4 and 5 
(Supplementary Figs. 1 and 2), DECODE consistently outperforms 
both omics-specific and spatial-specific methods in all other aspects 
of complex applications, including the original problem settings of 
those methods. In spatial transcriptomics, DECODE’s predictions 
closely match ground-truth cell-type distributions across major popu-
lations (Fig. 2f,g and Supplementary Fig. 3), further confirming its 
accuracy. Together, these results demonstrate DECODE’s robustness 
across tasks of varying difficulty, omics types, and technological plat-
forms. In real tissue data (scenario 7), DECODE only shows a slightly 
higher r.m.s.e. on the Monaco dataset compared to TAPE15 and Scaden16 
(Supplementary Fig. 2d), it surpasses all methods in other critical 
aspects. We also show true versus predicted scatter plots for the three 
datasets in scenario 7 (Supplementary Figs. 4–6). Because each data-
set has few samples (approximately 10–20) and highly concentrated 
cell-type proportions, cell-type-wise metrics are unstable, so overall 
performance provides a more reliable assessment of each method.

To assess DECODE’s practicality, we compared its peak mem-
ory usage and runtime with other methods on the scenario 1 dataset 
(Fig. 2j); it ranked fifth and fourth, respectively, indicating reasonable 
efficiency. Overall, these comparisons with state-of-the-art approaches 
show that DECODE is currently the most effective deconvolution 
method for both transcriptomics and proteomics.

Accurate and stable metabolomics deconvolution
A large amount of tissue-level metabolome data has been generated 
for clinical applications, since metabolites can swiftly reflect changes 
in cell and tissue functions. However, research on the deconvolution 
of metabolomic data is still missing. To evaluate the performance of 
DECODE using metabolomics data, three single-cell metabolomics 
datasets were obtained from mouse liver35, mouse bone marrow36 and 
human colorectal cancer37, containing 244, 107 and 112 metabolite fea-
tures, respectively. The liver dataset includes three cell types (hepato-
cytes, Kupffer cells, endothelial cells), the bone marrow dataset five 
(granulocyte-monocyte progenitors, B cells, T cells, myeloid cells, 
erythroid cells) and the colorectal cancer dataset five (cancer cells, 
fibroblasts, B cells, myeloid cells, T cells). Because donor information 
is unavailable for the liver and bone marrow data, each dataset was split 
equally into two groups: one for generating pseudotissue training data 
and the other for testing. For the colorectal cancer dataset, we trained 
on mismatch repair-deficient samples and tested on conventional 
colorectal cancer samples to assess deconvolution performance under 
complex metabolomic biological heterogeneity.

Deconvolution of metabolomics data is significantly more chal-
lenging than that of transcriptomics or proteomics. Single-cell tran-
scriptomics can simultaneously measure the expression levels of tens 
of thousands of RNAs, while mass spectrometry-based single-cell 
proteomics approaches, such as SCoPE and nanoPOTS, can detect 
approximately 1,000 to 3,000 proteins per cell27,38,39. In contrast, 
although single-cell metabolomics has advanced rapidly toward higher 
throughput, the number of detectable metabolites remains in the 
range of hundreds35–37. As a result, metabolomics offers the smallest 
number of available features. In addition, we assessed feature similarity 

across different omics data35,40,41 for the same cell types within liver, 
and found that metabolomic profiles exhibited the highest similarity 
across cell types compared to transcriptomic and proteomic profiles 
(Fig. 3a). To further illustrate this limitation, we investigated the dif-
ferential metabolites among different cell types within three datasets 
(Supplementary Tables 1–3) and found that only granulocyte-monocyte 
progenitor cells displayed markedly distinct metabolites compared to 
the other cell types (Fig. 3b and Supplementary Fig. 9a,b). The limited 
number of features and the high similarity between cell types make it 
difficult to characterize different cell types through metabolite pro-
filing. These challenges require DECODE to be able to capture subtle 
signals of cellular differences.

In the comparison of DECODE with other methods on the three 
datasets (the CIBERSORTx6 protocol failed to process the liver and 
the colorectal cancer dataset, and the MuSiC5 method failed to pro-
cess the colorectal cancer data), it can be observed that DECODE is 
only slightly inferior to MuSiC5 in terms of CCC on the mouse liver 
dataset, but clearly outperforms all other methods in all other met-
rics (Fig. 3c and Supplementary Figs. 8 and 9c). To examine how high 
similarity in metabolic features impacts deconvolution performance, 
we plotted true versus predicted cell proportions for each method 
(Supplementary Figs. 10–12). DECODE’s points lie close to the 1:1 line, 
indicating accurate estimates, whereas other methods show x axis 
truncation for poorly characterized cell types, reflecting their inability 
to distinguish weak intercellular signals.

Overall, DECODE demonstrates superior performance in 
metabolomic deconvolution.

Accurate cell state deconvolution on three omics datasets
Cell states, such as differentiation, activation and apoptosis, offer 
valuable insights into cellular functions from a perspective distinct 
from that of cell types. Accurately quantifying cell state abundances is 
essential for understanding processes such as organ development, cell 
division and responses to external stimuli42,43. To evaluate DECODE’s 
performance in reconstructing cell state abundances associated with 
pseudotime trajectories, cell cycle phases and drug response time 
points, we curated three datasets.

Dataset 1, derived from MeDuSA44, is a monocyte case study with 
explicitly annotated pseudotime states. MeDuSA is an algorithm for 
recovering pseudotime state abundances from tissue transcriptomes. 
As shown by the uniform manifold approximation and projection 
visualization (Fig. 4a), pseudotime states are clearly separated in 
low-dimensional space. Continuous pseudotime values (0–1) were 
discretized into ten temporal labels, and cells in each state were ran-
domly split into training and testing sets. Dataset 2 comes from ref. 45 
that profiled proteins in monocytes and melanoma cells across cell 
cycle phases (G1, S, G2). The differentially expressed proteins across 
cell types but within the same phase (Fig. 4b) show that cell state yields 
highly consistent protein expression regardless of cell type. Here, mela-
noma cells were used for training and monocytes for testing. Dataset 
3, from ref. 46, measured 20 proteins and metabolites involved in 
signaling, phenotypic, and metabolic regulation in melanoma cells over 
5 days of drug treatment. Violin plots (Fig. 4c) show marked expression 
changes with increasing treatment duration. Cells at different time 
points were treated as distinct states and, within each state, cells were 
randomly split into training and testing sets.

DECODE consistently achieved the best performance across all 
datasets (Fig. 4d and Supplementary Fig. 13). This finding demonstrates 
DECODE’s ability to recover cell state abundances related to pseudo-
time trajectories, cell division cycles and cell state changes induced 
by environmental variations. Notably, since MeDuSA44 requires a ref-
erence single-cell matrix with continuous pseudotime labels, com-
parisons with MeDuSA44 were conducted only using dataset 1. As the 
cell state labels in datasets 2 and 3 are discrete, they are unsuitable for 
MeDuSA44. In addition, the CIBERSORTx6 protocol failed to process 
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datasets 2 and 3, thus, the performance of CIBERSORTx6 is not reported 
for these two datasets.

Overall, DECODE is a deconvolution method well-suited to multi-
omics data across diverse cell states.

Precise deconvolution with incomplete single-cell profiles
Deconvolution performance depends strongly on the single-cell refer-
ence, yet building a comprehensive tissue reference is difficult. First, 
some cell populations are inevitably lost during single-cell library prep-
aration. Second, cell dissociation can introduce perturbations—such 
as enzymatic digestion that particularly affects podocytes and interca-
lated cells—leading to the loss of specific cell types47. Finally, single-cell 

proteomics and metabolomics are mainly mass spectrometry-based 
and typically use in vitro cell lines, so rare or specialized cell types are 
often absent. These discrepancies in cell-type composition between 
single-cell references and tissue data demand tailored algorithmic solu-
tions. Although methods such as Scaden16 have examined how unknown 
cell types affect deconvolution stability, they do not resolve this prob-
lem. DECODE tackles incomplete cell-type coverage by incorporating 
a stage 3 denoiser and applying contrastive learning to separate noise.

In the following section, DECODE’s deconvolution performance is 
systematically investigated by incrementally introducing unknown cell 
types into the test data. The datasets include the human lung transcrip-
tomics dataset21 (adding neutrophils for testing), the human breast 
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with each row corresponding to a specific metabolite. The color scale on the 
right side represents the abundance of differentially expressed metabolites of 

different cell types. Abundance of differential metabolites in other two datasets 
are shown in Supplementary Fig. 9a,b. GMP: granulocyte-monocyte progenitor. 
c, CCC (left) and r.m.s.e. (right) values for DECODE, scpDeconv, TAPE, Scaden, 
MuSiC and CIBERSORTx using the bone marrow (n = 5 cell types), liver (n = 3 cell 
types) and colorectal cancer (n = 5 cell types) datasets. The Pearson’s r evaluation 
metrics are shown in Supplementary Fig. 9c. The comparison results of all 
metrics with spatial transcriptomics methods are shown in Supplementary Fig. 8.

http://www.nature.com/naturemethods


Nature Methods | Volume 23 | March 2026 | 596–608 602

Article https://doi.org/10.1038/s41592-026-03007-y

c

a

1.0

0.8

0.5

0.2

0

UMAP1

U
M

AP
2

b

0.20 0.1-–0.1

Q9UG63

P54578

P06748

P14625

P04844

P15374

P12004

P10809
Q16891

O94905

P30101

O75367

P07237

Q13564
Q92688

O43143

P54578

P06748
P15374

O95777
P08559

Q16629
Q99733

Q9H0A0

Q13564
Q92688

O76003
P49720

Q14232

log2(fold change)

Monocytes Melanoma

O95777

P49720

P14625

Q13185

O94905

P30101

P07237

4

6

8

LD
H

p-
AC

AC Ki
67

p-
LK

B
G

lu
co

se

AM
PK

A

PK
M

2

P-
N

Fk
B-

p6
5

P-
Sr

c

N
-C

at
he

rin

PD
K1

H
IF

1a

TN
FR PF

K

AX
L

Sl
ug

N
G

FR

M
ar

t1
M

IT
F

p-
ER

K1

4

6

8

PK
M

2

Ki
67

M
IT

F

PF
K

PD
K1

p-
LK

B

H
IF

1a

Sl
ug

M
ar

t1

LD
H

AX
L

P-
Sr

c

p-
ER

K1

P-
N

Fk
B-

p6
5

G
lu

co
se

TN
FR

N
G

FR

N
-c

at
he

rin

p-
AC

AC

AM
PK

A

4

6

8

AM
PK

A

PF
K

M
ar

t1

Sl
ug

M
IT

F

p-
LK

B

N
G

FR

P-
Sr

c

TN
FR

p-
ER

K1

p-
AC

AC

G
lu

co
se

AX
L

H
IF

1a

P-
N

Fk
B-

p6
5

N
-c

at
he

rin

Ki
67

PD
K1

PK
M

2

LD
H

N
G

FR

N
-c

at
he

rin AX
L

TN
FR

PD
K1

M
ar

t1

p-
ER

K1

H
IF

1a

M
IT

F

G
lu

co
se

p-
AC

AC

Sl
ug

LD
H

PK
M

2

P-
Sr

c

AM
PK

A

PF
K

Ki
67

p-
LK

B

P-
N

Fk
B-

p6
5

4

6

8

3 days versus rest 5 days versus rest

0 day versus rest 1 day versus rest

d

0.8

0.4

0.6

0.2

0

C
C

C

Monocyte pseudotime dataset Cell cycle dataset Drug treatment dataset

12345
Significance

0 day

Rest

1 day

Rest

3 days

Rest

5 days

Rest

scpDeconv TAPE Scaden MuSiC CIBERSORTxDECODE MeDuSA

Fig. 4 | Overview of DECODE’s cell state deconvolution performance across 
different omics data. a, Uniform manifold approximation and projection 
(UMAP) diagram of the pseudotime of monocytes. b, Results of differentially 
expressed proteins (left: monocytes; right: melanoma cells), showing the 
differences in log2-fold changes for the top six proteins across cell cycle phases 
and cell types, respectively. The proteins marked in green represent the 
differentially expressed proteins that overlap between the two cell types. The 
red and blue bubbles represent positive and negative log2-fold change values, 
respectively. The greater the absolute value of the log2-fold change is, the darker 
the color. The size of the bubbles indicates the log (P value), scaled between 1 and 
5; larger bubbles represent more significant differences between the 2 groups. 
c, Violin plots of proteins and metabolites differences in cells at 0 days (top left), 

1 day (top right), 3 days (bottom left) and 5 days (bottom right) compared with 
cells from other time points. The blue color represents the feature abundance 
for the current day, whereas the orange color represents the feature abundance 
for cells from other days. The x axis represents different metabolites and/or 
proteins, and the y axis represents the relative abundance of the metabolites and/
or proteins. d, CCC values for DECODE, scpDeconv, TAPE, Scaden, CIBERSORTx 
and MeDuSA across the monocyte pseudotime dataset (n = 10 cell states, left), 
the cell cycle dataset (n = 3 cell states, center) and the drug treatment dataset 
(n = 4 cell states, right). The r.m.s.e. and Pearson’s r evaluation metrics are shown 
in Supplementary Fig. 13. Statistical analysis for b was performed using a two-
sided Wilcoxon rank-sum test, with multiple comparisons adjusted using the 
Benjamini–Hochberg method.
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proteomics dataset22 (without vascular lymphatic cells for training) 
and the mouse bone marrow metabolomics dataset36 (adding hemat-
opoietic stem cells for testing).

Moreover, we applied three types of perturbation to the test data 
to evaluate method performance under noise and missing values: (1) 
we multiplied a subset of features by random factors between 0.9 and 
1.1, gradually increasing the proportion of perturbed features to mimic 
mild experimental fluctuations; (2) we multiplied some features by 0.8 
or 1.2, progressively expanding the perturbed set to simulate larger 
systematic biases from instrument calibration and (3) we randomly 
set a fraction of features to zero, gradually increasing the proportion 
to mimic reduced detection sensitivity or feature loss. For proteomics 
and metabolomics, we progressively reduced the available features 
and retrained the models rather than simply zeroing test features, 
because these low-dimensional, continuous data are highly sensitive 
to missing values. In contrast, high-dimensional, sparse transcriptomic 
data are more tolerant to missingness. Thus, in scenarios mimicking 
failed detection of specific features, we removed those features and 
retrained the models to obtain a more realistic and robust evaluation.

This section evaluates the performance of DECODE under four 
perturbation scenarios (Fig. 5a,c,e and Supplementary Figs. 14 and 15a) 
using three types of omics dataset—transcriptomics, proteomics and 
metabolomics—across three evaluation metrics. The results demon-
strate that DECODE outperforms other methods in most comparisons, 
particularly in terms of the CCC evaluation metric, with only a few cases 
of suboptimal performance observed in transcriptomic data. Notably, 
all methods except DECODE exhibit unusable performance on metabo-
lomic data. This highlights, on one hand, the unique effectiveness of 
DECODE in metabolome deconvolution and, on the other hand, the 
intrinsic challenges of metabolomic data, which is more sensitive to 
noise due to its limited feature availability and low specificity to cell 
types, making deconvolution significantly more difficult. The results 
indicate that different perturbations within the same omics data show 
substantial variability, and that the same perturbation manifests dif-
ferently across omics data. A detailed discussion of this phenomenon 
is provided in the section ‘Interpretation of data performance in noisy 
environments’ of the Supplementary Information.

To further assess stability, we calculated the coefficient of varia-
tion (CV) for each evaluation metric across datasets and perturbation 
scenarios (Fig. 5b,d and Supplementary Fig. 5b). Because stability is 
not informative when accuracy is very low, we restricted this analysis 
to DECODE and other competitive methods across omics types. In 
transcriptomics, Scaden, scpDeconv and RCTD perform comparably 
to DECODE and show lower CVs for all three metrics in all four scenarios 
(Fig. 5b). In proteomics, Scaden and scpDeconv are again competitive 
and usually have lower CVs than DECODE, except at noise levels 0.8 
or 1.2 (Fig. 5d), yet DECODE still achieves the highest overall decon-
volution accuracy in all proteomic scenarios. In metabolomics, only 
DECODE yields usable results, making further stability comparison 
meaningless (CVs shown in Supplementary Fig. 15b).

In summary, DECODE is well-suited for real-world deconvolution 
applications, as it robustly estimates cell proportions in tissue samples 
under various perturbations.

High consistency across different omics datasets
Applying deconvolution to cohort studies enables comparison of 
cell-type abundances across disease states. Many studies profile the 
same tissue with different omics to discover biomarkers under varying 
conditions48–50. However, using different deconvolution tools for each 
omics layer can produce inconsistent results due to method-specific 
error sensitivities. A unified deconvolution approach minimizes 
error accumulation when comparing cell abundances across omics 
and reduces the effort needed to evaluate multiple tools. Therefore, 
assessing the consistency of DECODE’s performance across omics is 
essential for fully leveraging multiomics data in multi-cohort studies.

We used a peripheral blood mononuclear cell (PBMC) CITE-seq 
dataset from ref. 51 in this analysis. This dataset consists of transcrip-
tomic and surface protein data from 43,791 single cells and includes 
five cell types: CD4 T cells, CD8 T cells, B cells, natural killer (NK) cells 
and myeloid cells. Transcriptomic and proteomic pseudocohorts were 
constructed using the data of donor HS5, whereas the training samples 
were sampled from donor HS1. The similarity and accuracy of DECODE’s 
deconvolution results in these two pseudocohorts would reflect the 
consistency of its deconvolution ability for different omics data.

DECODE outperforms all other methods (Fig. 6a and 
Supplementary Fig. 17a,b); sample-wise CCC values across the 
two omics and a one-tailed Wilcoxon test with Bonferroni correc-
tion (Supplementary Table 5) confirm a significant advantage, 
with nearly identical performance between omics. Deconvolution 
results from 1,000 pseudocohort test samples are highly consistent 
(Supplementary Fig. 17c); for visualization, 50 samples are shown in 
Fig. 6b, where DECODE yields highly similar cell abundances across 
omics. Consistency between omics, quantified by KL divergence and 
Spearman correlation (Fig. 6c,d), shows predictions clustered at low 
KL and high correlation, indicating that DECODE provides consistent, 
robust cell-abundance estimates for cross-omics cohort integration.

Based on the above results, we applied DECODE to conduct a 
comprehensive analysis on multiomics cohorts of patients with human 
breast cancer and mouse liver. (1) A total of 238 samples covering 
transcriptomics and proteomics were collected from four studies52–55. 
After integration, the samples were divided into three phenotypic 
groups: nonmetastatic breast cancer tissue (n = 99), breast cancer 
tissue with brain metastasis (n = 45) and breast cancer brain meta-
static lesions (n = 94). We focused on nine cell types, including B cells, 
cancer-associated fibroblasts, cancer epithelial cells, endothelial cells, 
myeloid cells, NK cells, perivascular-like (PVL) cells, Plasmablasts and 
T cells, using single-cell multiomics data from ref. 22 as a reference. 
(2) In 10 studies, a total of 285 samples covering transcriptomics56–62, 
proteomics63 and metabolomics64 were collected. After integration, the 
samples were divided into five groups: standard diet (chow, n = 208), 
high-fat diet (HFD, n = 63), HFD with TLC-065 treatment (HFD-TLC, 
n = 4), nonalcoholic steatohepatitis (NASH, n = 6) and western diet with 
alcohol (WDA, n = 4). We focused on three cell types: parenchymal cells 
(hepatocytes) and nonparenchymal cells (endothelial cells and Kupffer 
cells). Transcriptomic, proteomic and metabolomic single-cell data 
from refs. 35,40,41 were used as references.

The three breast cancer groups show distinct cellular com-
positions (Fig. 6e). Nonmetastatic primary tumors have higher 
T cell and PVL cell abundances and lower B cell abundance than 
the other two groups: T cells are 1.14-fold higher than in metastatic 
tumors (P = 1.17 × 10−2) and 1.23-fold higher than in brain metastases 
(P = 4.19 × 10−6); PVL cells are 1.48-fold and 1.64-fold higher, respec-
tively (P = 3.38 × 10−9, P = 2.85 ×10−20). B cells are 1.70-fold lower than 
in metastatic tumors (P = 6.79 × 10−21) and 1.47-fold lower than in brain 
metastases (P = 3.28 × 10−11). Plasmablasts are 1.14-fold higher than in 
metastatic tumors (P = 1.18 × 10−2) but 1.36-fold lower than in brain 
metastases (P = 2.16 × 10−5). These results indicate the protective roles 
for T cells and PVL cells in breast cancer and a possible association 
between elevated B cell abundance and metastatic progression.

Across multiple mouse liver cohorts, the recovery of cell abun-
dance in the chow group using various omics data showed strong 
consistency and aligned well with established consensus estimates—
namely, that hepatocytes account for nearly 70%65 and Kupffer cells for 
15%66 of liver cells (Supplementary Fig. 19a). These findings indicate 
that the deconvolution results obtained using DECODE across multi-
omics datasets are highly reliable. Compared to mice on a healthy diet 
(Fig. 6f,g), Kupffer cells exhibited a gradual increasing trend: a 1.23-fold 
increase in the WDA group (P = 1.38 × 10−2) and a 1.61-fold increase in 
the NASH group (P = 2.06 × 10−13), while remaining stable in the HFD 
group. This suggests that the combination of sugar, cholesterol and 
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Fig. 5 | Evaluation of robustness under four perturbation scenarios. a, The CCC 
line plot of the 12 methods on the lung transcriptomics dataset in four disturbance 
scenarios (unknown cells, random noise (0.9–1.1), random noise (0.8 or 1.2), and 
random dropout). b, The CV of CCC, r.m.s.e. and Pearson’s r for 12 methods on the 
lung transcriptomics dataset under four disturbance scenarios. To facilitate the 
comparison of the CVs across different methods, we transform the CV to the range 
of [0.1, 1], where a higher value indicates better stability (detailed calculation 
methods are provided in the section ‘Transformation of coefficient of variation’ 

of the Supplementary Information; original CV values are listed in Supplementary 
Tables 6–8). c, The CCC line plot of six methods under four disturbance scenarios 
(unknown cells, random noise (0.9–1.1), random noise (0.8 or 1.2) and random 
feature deletion) on the breast proteomics dataset. d, The CV of CCC, r.m.s.e. 
and Pearson’s r for the six methods on the breast proteomics dataset under four 
disturbance scenarios. e, The CCC line plot of six methods four disturbance 
scenarios (unknown cells, random noise (0.9–1.1), random noise (0.8 or 1.2) and 
random feature deletion) on the bone marrow metabolomics dataset.
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Fig. 6 | Application of DECODE to pseudo and real multiomics cohorts.  
a, CCC value of DECODE and other methods across two omics pseudocohorts. 
The vertical axis represents the CCC value, and the horizontal axis represents 
different methods. Triangles represent the deconvolution result of 
transcriptomics pseudocohort, and circles represent that of proteomics 
pseudocohort. The r.m.s.e. and Pearson’s r results are shown in Supplementary 
Fig. 17. b, DECODE’s deconvolution results for 50 test samples (n = 5 cell types). 
The vertical axis represents the cell abundance, whereas the horizontal axis 
represents the test sample. The left and right sides show the deconvolution 
results using transcriptomic and proteomic data, respectively. c,d, Violin plots 
(n = 1,000 test samples) of the log (KL divergence) (c) and Spearman coefficient 
(d) between the deconvolution results of all pseudocohort samples. A smaller  
log (KL divergence) indicates better consistency, while a Spearman coefficient 
closer to 1 indicates a stronger correlation. e, Bubble plot displaying the 

differences in cellular abundance and P values between different phenotypes of 
breast cancer. Red and blue indicate positive and negative cellular abundance 
differences, respectively. The size of the bubbles represents the −log10(P value)  
scaled between 1 and 5, with larger bubbles indicating more significant differen
ces between the two groups. CAFs: cancer-associated fibroblasts. f, Average 
cell abundance in different phenotypic mice. g, Bubble plot displaying the 
differences in cellular abundance and P values between different phenotypes 
of liver. Violin plots display the distribution of the values, with the width of each 
violin proportional to the data density. The inner box shows the median (center 
line) and the 25th–75th percentiles (bounds of the box). The number of test 
samples indicates how many data points contribute to each violin. Statistical 
analysis for e and g was performed using a two-sided unpaired t-test, and no 
adjustment for multiple comparisons was applied.
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alcohol in WDA is more likely to provoke an inflammatory response and 
activate Kupffer cells than high-fat intake alone. Although hepatocyte 
abundance decreased in the HFD-TLC and WDA groups, these changes 
were not statistically significant. In contrast, the NASH group showed a 
significant 1.12-fold reduction (P = 1.87 ×10−3). Hepatocyte abundance 
slightly increased in the HFD group (1.03-fold, P = 1.48 × 10−2).

In summary, DECODE demonstrates high accuracy and consist-
ency in deconvolution across different omics data, making it a power-
ful tool for studying cell proportion changes across various cohorts.

Discussion
DECODE is a deconvolution algorithm capable of dealing with tran-
scriptomics, proteomics and metabolomics data, addressing a critical 
gap in metabolomics deconvolution. This advancement signifies an 
important milestone in multiomics data analysis. DECODE is a highly 
generalizable multiomics deconvolution method. Its stage 2 uses trans-
ferred adversarial training to align diverse omics data across platforms, 
health states and sample types, effectively removing batch effects in 
multiple settings (Supplementary Fig. 16a–d). Stage 3 combines con-
trastive learning and self-attention to correct measurement biases in 
tissue samples and reconcile perturbations between tissue data and 
single-cell references, enabling reconstruction of purified features from 
noisy inputs (section ‘Noise removal section under the ablation experi-
ment’ in the Supplementary Information). These modules together 
confer strong robustness in recovering both cell types and cell states, 
even in metabolomics with subtle intercellular differences, and their 
individual contributions were validated by dividing DECODE into three 
components (Supplementary Table 9). Experiments on CITE-seq pseu-
docohorts further demonstrate consistent performance across omics, 
establishing DECODE as a powerful tool for multiomics analysis at the 
cellular level and for bridging translational and clinical applications.

DECODE revealed significant shifts in cell-type proportions across 
breast cancer stages using multiomics cohort data. Between non-
metastatic carcinoma in situ, metastatic carcinoma in situ and brain 
metastases, plasmablasts showed inconsistent trends but were gener-
ally enriched in nonmetastatic carcinoma in situ relative to metastatic 
lesions, suggesting an early protective immune role as precursors of 
plasma cells that rapidly produce antibodies during initial tumorigen-
esis67. However, DECODE also indicates plasmablast enrichment in 
brain metastases, consistent with ref. 68, that proposed this pattern 
may result from the brain’s unique immune ‘screening effect’ and 
tumor-driven ‘active regulation’, although further validation is needed. 
Meanwhile, DECODE showed significantly increased T cells and mark-
edly reduced B cells in nonmetastatic carcinoma in situ. Previous stud-
ies have consistently demonstrated that intratumoral T cell enrichment 
strongly correlates with favorable prognosis69, which aligns with our 
observations. By contrast, B cells show pronounced heterogeneity in 
the tumor microenvironment, with roles that vary depending on sub-
type and context, ranging from anti-tumor activity to tumor-promoting 
effects70. To further dissect these patterns, we performed subtype-level 
deconvolution of T and B cells (Supplementary Fig. 18). Previous stud-
ies have shown that high infiltration of CD8+ T cells is strongly associ-
ated with favorable prognosis, while CD4+ T cells play an essential 
role in supporting CD8+ activation, expansion and maintenance71. In 
line with these findings, our analysis revealed that CD4+ T cells, CD8+ 
T cells and cycling T cells all show increase trend in nonmetastatic 
carcinoma in situ. In contrast, the increase in B cells in metastatic 
carcinoma in situ and brain metastases was primarily driven by naive 
B cells, whereas memory B cells showed no significant enrichment. 
This is consistent with ref. 72 that reported patients with late-stage 
tumor frequently display elevated proportions of naive B cells, poten-
tially reflecting impaired immune function and enhanced metastatic 
potential, although the causal relationship requires further experi-
mental confirmation. Finally, DECODE also identified that PVL cells 
were enriched in nonmetastatic breast cancer tissues, in agreement 

with previous studies reporting that PVL deficiency is closely linked 
to metastasis and poor prognosis73,74, a phenomenon that may result 
from immune evasion.

When DECODE was applied to the mice liver cohorts of three 
omics, results highly consistent with previous studies were obtained. 
With the progression of NASH, the number of hepatocytes gradually 
decreases; conversely, under HFD conditions, the number of hepato-
cytes increases. This may be due to hepatocyte apoptosis in the con-
text of NASH75, but a HFD can lead to oxidative stress. Higher levels 
of oxidative stress are associated with hepatocyte proliferation76. In 
addition, the number of Kupffer cells also increases under NASH and 
WDA conditions. This may be because strong inflammation is gener-
ated in NASH and Western alcohol diets, leading to the recruitment 
of more Kupffer cells in the liver77,78. One study60 noted that female 
mice exhibit a stronger inflammatory response in NASH, which was 
validated in DECODE’s analysis: the number of Kupffer cells in female 
NASH mice was higher than that in the control group and male NASH 
mice (Supplementary Fig. 19b). These findings further support the 
significant role of gender factors in the progression of NASH.

However, DECODE has several limitations. First, training requires 
introducing artificial noise cells into simulated tissues by combining 
features from different single-cell types, which incurs extra computa-
tional cost dependent on single-cell feature dimensionality (section 
‘Artificial noise cell generation’ in the Supplementary Information). 
As this step is performed only once per deconvolution task, the fixed 
cost is unlikely to impede clinical use. Second, current single-cell 
metabolomics technologies yield limited datasets, preventing a com-
prehensive evaluation of DECODE’s robustness, and while large blood 
metabolite cohorts exist, single-cell metabolomics has focused mainly 
on other tissues, constraining DECODE’s applicability in cohort-based 
metabolomics. Future work could enhance DECODE by adding a dedi-
cated spatial module to better exploit spatial transcriptomics data and 
extending it to additional omics layers, such as DNA methylation, to 
further improve its adaptability for integrative multiomics analysis.

In summary, DECODE serves as an effective tool for estimating 
proportion of cell types and states on three omics data. It provides a 
widely applicable framework that is able to fully exploit the vast amount 
of existing multiomics tissue-level data that offer new insights and 
methods for advancing biomedical research.
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Methods
Data preprocessing
First, single-cell matrices for transcriptomics, proteomics and metabo-
lomics are generated from the raw data. The single-cell transcriptom-
ics data undergo additional preprocessing. Following the Scanpy79 
workflow, genes expressed in fewer than three cells and cells with fewer 
than 200 genes or total counts are filtered out. In addition, cells with 
mitochondrial gene expression exceeding 20% are removed. Next, total 
counts per cell are normalized to 10,000 reads and log-transformed. 
Pseudotissue samples for all three omics types are then generated by 
sampling and aggregating cells from the processed single-cell matrices. 
Each pseudotissue dataset was normalized to the range [0, 1] by divid-
ing all elements by its respective largest eigenvalue. The real bulk data 
are processed using the same normalization and scaling procedures 
as the pseudotissue data.

Datasets
This section introduces the specific datasets used in the DECODE 
study, along with some hyperparameter settings for each dataset in 
the experiments, which can be found in the Supplementary Table 4.

Data used in scenario 1
In scenario 1, one research group21 constructed a lung single-cell dataset 
consisting of 12,971 cells. The authors provided a single-cell dataset 
in Scanpy79 format, with detailed annotations of cell types and donor 
information. For each gene, the dataset also indicates whether it is a 
highly variable gene; only the highly variable genes (n = 3,346) were 
used in the DECODE experiments. Two donors, 296C (female) and 302C 
(male), with similar health conditions but different sexes, were selected. 
Data from donor 296C were used to generate pseudotissue data for 
training, whereas data from donor 302C were used to generate pseu-
dotissue data for testing. The experiment primarily focused on type 
2 alveolar cells, luminal macrophages, dendritic cells and fibroblasts.

Data used in scenario 2
Scenario 2 uses the human breast single-cell transcriptomic data 
containing 100,064 cells provided in ref. 22. Data from two donors, 
CID3586 (estrogen receptor-positive breast cancer) and CID3921 (estro-
gen receptor-negative breast cancer), were selected for training and 
testing, respectively. Highly variable genes (n = 2,525) for each donor 
were identified using Scanpy. The analysis focused on six overlapping 
cell types present in both donors: B cells, T cells, cancer-associated 
fibroblasts, myeloid cells, endothelial cells and PVL cells.

Data used in scenario 3
In scenario 3, the proteomics-based single-cell data of the breast 
generated in ref. 23 using cytometry by time of flight, comprising a 
total of 751,970 cells, were used. The dataset includes 34 high-quality 
protein features that effectively distinguish six cell types: alveolar, 
hormone-sensing, basal, fibroblast, vascular lymphatic, and immune 
cells. The data from donors in the dataset were stratified on the basis 
of menopausal status, with data from a premenopausal donor (B1H35) 
used for training and those from a postmenopausal donor (B1H32) 
used for testing.

Data used in scenario 4
In scenario 4, four datasets are used to form two experimental groups: 
(1) the groups in refs. 26 and 27 measured single-cell data from the same 
three murine cell lines—macrophage (RAW 264.7), airway epithelial 
(C10) and endothelial (SVEC)—using two measurement techniques 
and obtained 108 and 72 cells, respectively. The ref. 26 dataset contains 
1,437 protein features, whereas the ref. 27 dataset contains 1,032 protein 
features, with 762 overlapping features. For the DECODE experiments, 
only the overlapping features were used. (2) The mouse islet datasets 
measured by refs. 24 and 25 were integrated into the GSE211799 dataset. 

The Scanpy-format data were obtained from this source using the Gene 
Expression Omnibus (GEO) accession number to locate the datasets 
provided by the two studies mentioned above. The data contain 31,706 
available transcriptomic features, which were reduced to 2,558 tran-
scriptomic features after highly variable gene selection. Among these, 
single-cell data from the VSG_MUC13634 donor were used to construct 
pseudotissues for mixed training, while single-cell data from the STZ_G1 
donor were used to construct pseudotissues for mixed testing.

Data used in scenario 5
In scenario 5, two experimental groups are formed using three datasets: 
(1) the data come from the ref. 80 dataset 10, which includes spatial tran-
scriptomics data from the primary visual cortex of mice obtained using 
STARmap technology and single-cell RNA sequencing data based on 
Smart-seq2 technology provided by the Allen Brain Atlas. The STARmap 
data contains 882 transcriptomic features from 1,523 cells, while the 
Smart-seq2 data includes 34,042 transcriptomic features from 14,249 
cells. The STARmap data are divided into a 750 µm × 750 µm grid, result-
ing in 189 spots data used for testing, while the Smart-seq2 single-cell 
data are used to mix the training samples. (2) High-resolution mouse 
hippocampal data obtained using Slide-seqV2 technology, loaded 
using the Squidpy package30 are used. The raw dataset contains 17,733 
transcriptomic features from 41,786 cells. After processing with the 
ucdselect model framework (Interpretable and context-free decon-
volution of multi-scale whole transcriptomic data with UniCell decon-
volve), the data are gridded into a 100 µm × 100 µm grid, resulting in 
1,892 spots with 17,733 transcriptomic features. The ungridded data 
serve as a reference for conducting DECODE experiments on the spot.

Data used in scenario 6
In scenario 6, the Fovea single-cell sequencing data provided by ref. 31 
were used as the mixed training set, while the Periphery single-cell data 
served as the mixed test set. These two datasets contain 34,723 and 
19,768 cells, respectively, focusing primarily on the following 17 cell 
types: retinal pigment epithelial cell, retinal ganglion cell, amacrine 
cell, retinal rod cell, retinal cone cell, retina horizontal cell, rod bipolar 
cell, OFF-bipolar cell, Mueller cell, astrocyte, pericyte, endothelial cell 
of vascular tree, microglial cell, fibroblast, monocyte, NK cell and T cell. 
The original data contained 33,796 transcriptomic features and, after 
screening for highly variable genes, 3,789 features were retained for 
subsequent analysis.

Data used in scenario 7
The data used in scenario 7 were obtained from TAPE15 experiments, 
where the cell types were grouped into six major categories: mono-
cytes, CD4 T cells, CD8 T cells, NK cells, B cells and unknown cells. The 
single-cell data were used to train CIBERSORTx6 and MuSiC5. Methods 
based on deep learning were trained using the premixed pseudotissue 
data provided in TAPE. Across these datasets, a total of 11,328 shared 
RNA features were identified, and DECODE selected only the highly 
variable genes (982) as input features.

Data used in metabolomics
In the metabolic data scenario, DECODE uses three datasets sourced 
from refs. 35–37, which provide mouse liver metabolomics data, mouse 
bone marrow metabolomics data and human colorectal cancer metabo-
lomics data, respectively. These datasets contain 724, 1,428 and 57,078 
cells, along with 244, 107 and 112 metabolic features, respectively. 
For the mouse liver metabolomics dataset, we assess the deconvolu-
tion performance with three cell types: hepatocytes, endothelial cells 
and Kupffer cells. In the mouse bone marrow metabolomics dataset, 
we investigate the deconvolution performance with five cell types: 
granulocyte-monocyte progenitors, B cells, T cells, myeloid cells and 
erythroid cells. In the human colorectal cancer dataset, we investi-
gate the deconvolution performance with five cell types: cancer cells, 
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fibroblasts, B cells, myeloid cells and T cells. It is important to note 
that in the mouse bone marrow and liver datasets, each cell type was 
evenly divided into training and testing sets. The human colorectal 
cancer dataset uses a mixed training dataset composed of mismatch 
repair-deficient colorectal cancer samples and a mixed test dataset 
consisting of normal colorectal cancer samples.

Monocyte transcriptomics data with cell state
One research group81 generated a human monocyte transcriptome 
dataset, which was annotated and analyzed via pseudotime analysis 
(slingshot) via MeDuSA44. The dataset was available for download on 
the official MeDuSA44 website under the example section. This dataset 
includes 10,846 cells and 20,238 features, among which 2,000 features 
were labeled as highly variable genes. DECODE experiments used only 
these highly variable genes. The pseudotemporal annotations assigned 
each cell a continuous value between 0 and 1, divided into 10 intervals, 
with the cells categorized into 10 pseudotemporal states (1 to 10) on 
the basis of their interval values, which served as cell state labels. The 
cells from each state were evenly split into training and testing sets.

Melanoma drug response metabolomics data
One research group46 investigated 20 proteins and metabolites related 
to signaling pathways, phenotypic regulators and metabolic regula-
tors, in melanoma cells with the BRAFV600E mutation during drug expo-
sure. This dataset is available in the source data of their publication. 
Each cell was observed at 4 points, representing states on day 0 (no 
drug exposure), day 1, day 3 and day 5 of drug exposure. These time 
points were used as state labels for each cell. The cells from each state 
were evenly split into training and testing sets.

Melanoma and monocyte cell cycle proteomics data
One study45 measured protein changes in monocytes and melanoma 
cells during different phases of the cell division cycle. The dataset 
includes 2,844 protein features corresponding to 1,573 cells and three 
states (G1, S and G2 phases). These data are available in the Supple-
mentary Information. In the experiments, pseudotissues generated 
from melanoma cells were used for training, while those generated 
from monocytes were used for testing. Notably, to avoid interference 
from unrelated protein features during the deconvolution task, only 39 
differential proteins (marked by Leduc et al.45) across the three phases 
were used as input features.

PBMC CITE-seq data
One research group51 generated CITE-seq data from PBMCs, includ-
ing both transcriptomic information and cell surface protein profiles 
for CD4 T cells, CD8 T cells, B cells, myeloid cells and NK cells. The 
dataset is available for download from the GEO database (accession 
no. GSE253721). It contains a total of 43,791 cells, with each cell com-
prising 20,568 transcriptomic features and 205 proteomic features. 
Highly variable genes (n = 1101) were identified from the transcriptomic 
data using the Scanpy79 toolkit, and only these genes were used in the 
DECODE experiments. Single-cell data from donor HS1 were used to 
generate pseudotissues for training, whereas data from donor HS5 
were used to generate pseudotissues for testing.

Model
A schematic diagram of the model structure is shown in Fig. 1. The 
proposed framework has four stages. Stage 1 involves constructing 
pseudotissues by randomly sampling single cells from the single-cell 
data according to predefined proportions and tissue numbers. In stage 
2, an adversarial training framework is introduced to minimize the 
feature distance in the latent space between training pseudotissues 
and the tissue data designated for deconvolution, aiming to mitigate 
batch effects. Stage 3 incorporates contrastive learning to guide the 
denoiser module, enabling it to denoise the data and estimate more 

accurate relative proportions of target cell types. Finally, in stage 4, a 
single forward inference process is implemented. The optimal pathway 
between two computational pathways is selected on the basis of the 
available single-cell data.

Stage 1
For any tissue-level data, we need to get single-cell data of the tissues 
for training DECODE. Assuming that the collected single-cell data 
contains n distinct cell types. A set of n random numbers, {r1, r2,⋯ , rn}, 
is generated from a uniform distribution. These random numbers are 
normalized to obtain a set of cell proportions for the tissue, 
P = {p1,p2,⋯ .,pn}, as shown in equation (1):

pi =
ri

∑n

j=1 r j
,
n

∑
i=1

pi = 1,pi ≥ 0 (1)

To generate the data for the pseudotissue, the total number of 
single cells within the pseudotissue is predefined as m. On the basis  
of the initial proportions P = {p1,p2,⋯ .,pn}, the number of cells to be 
sampled for each cell type, ni, is calculated using equation (2):

ni = round (pi ×m) ,
n

∑
i=1

ni ≈ m (2)

Here round(⋅) denotes the rounding operation.
For each cell type i, ni cells are randomly sampled from the col-

lected single-cell data. If the number of cell types is less than ni, repeated 
sampling will be performed. Let each cell in the single-cell data be 
represented as x ∈ ℝf , where f denotes the dimensionality of single-cell 
features. Thus, for cell type i, the representation of the sampled cell 
set is given by equation (3):

Xi = {x(i)1 ,x
(i)
2 ,… ,x(i)ni } ,x

(i)
k
∈ ℝf (3)

Since ni is approximated using the rounding operation during the 
sampling process, the actual sampled cell proportions deviate from P. 
Therefore, the cell proportion vector P needs to be updated according 
to equation (4):

pi =
ni

∑n

j=1 n j

,
n

∑
i=1

pi = 1,pi ≥ 0 (4)

The feature vector of the pseudotissue, XPseudo, is defined as the 
summation of feature vectors from all sampled cells, as shown in 
equation (5):

XPseudo =
n

∑
i=1

ni

∑
k=1
x(i)
k

(5)

The above process is repeated U times to generate the training set 
XTrain, which contains U feature vectors of dimension f, representing the 
pseudotissue features. Each sample is paired with an updated cell pro-
portion vector P, which serves as the cell-type proportion label for that 
sample. Stage 1 has two outputs: XTrain and PTrain. The rules for setting the 
cellular capacity m of an individual pseudotissue and the capacity U of 
XTrain are presented in the section ‘Pseudotissue capacity and quantity’ 
in the Supplementary Information and Supplementary Fig. 15.

Stage 2
The objective of stage 2 training is to eliminate batch effects between 
the train-tissue and the target-tissue through iterative adversarial 
training. The train-tissue dataset is denoted as XTrain ∈ ℝU∗f , whereas the 
target-tissue dataset includes two types (pseudotissue data and real 
tissue data), which are referred to as XTarget ∈ ℝT∗f , where T represents 
the number of target-tissue samples.
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First, XTrain and XTarget are sequentially processed through an 
encoder block (composed of a linear layer, leaky rectified linear unit 
(ReLU) activation function, layer normalization and dropout layer), 
mapping the original features to hidden representations, resulting in 
ETrain and ETarget ∈ ℝB∗w, B is the batch size and w is the dimensionality of 
the embedded features.

The hidden representation ETrain is fed into both the discriminator 
(composed of a linear layer, leaky ReLU activation function, dropout 
layer and sigmoid activation function) and a shallow deconvolution 
module, eDeconvolver (composed of a linear layer, leaky ReLU activa-
tion function, dropout layer and softmax activation function), while 
ETarget is fed into the discriminator. D′

Train ∈ ℝU and D′
Target ∈ ℝT represent 

the discriminator’s predictions for ETrain and ETarget, respectively, while 
̂P  denotes the deconvolution result of eDeconvolver for ETrain The dis-

criminator is a module designed to determine whether the input E 
originates from train-tissue or target-tissue. The sample labels for 
train-tissue are denoted as DTrain ∈ ℝU, a vector of length U with all the 
elements equal to 1. Similarly, the sample labels for target-tissue are 
denoted as DTarget ∈ ℝT, a vector of length T with all the elements equal 
to 0. To ensure that the features generated by the encoder are suitable 
for downstream deconvolution tasks, the training process for the 
encoder, discriminator and eDeconvolver is jointly supervised using 
the L1 loss function and the binary cross-entropy (BCE) loss function, 
as described in equations (6)–(8):

Loss1 = Lossdi + LosseD (6)

Lossdi = LossBCE(DTrain,D′
Train) + LossBCE(DTarget,D′

Target) (7)

LosseD = LossL1(P, ̂P) (8)

After backpropagating the aforementioned loss functions to 
update the model parameters, the encoder and discriminator parame-
ters are further updated using the loss function defined in equation (9):

Loss2 = LossBCE(DTrain,D′
Target) + LossBCE(DTarget,D′

Train) (9)

At the end of each batch, two stages of loss calculation and two 
parameter updates are performed. After the completion of stage 2 
training, the encoder parameters are then frozen and transferred to 
the encoder in stage 3.

Stage 3
In stage 3, artificial impurity cells are generated and mixed with 
train-tissue to form sample pairs that are jointly input into the model 
for computation. The process for generating artificial impurity cells 
is as follows: first, one cell is randomly sampled from each of the  
n cell types in the single-cell data, forming Xsample = {x(1),x(2),… ,x(n)}, 
Xsample ∈ ℝn∗f ; then, a weighted mixing feature matrix M√ab∈ ℝn∗f  is 
randomly generated, where each column of M contains elements 
greater than 0, and the elements in each column sum to 1. The dot 
product between the corresponding columns of Xsample and M produces 
an artificial impurity cell. This process is repeated multiple times to 
form a collection of artificial impurity cells. During mixing, a random 
subset of artificial impurity cells is sampled, with the number of 
selected cells not exceeding m × 0.1, where m is the cell capacity of the 
train-tissue. These sampled artificial impurity cells are added to XTrain 
to form X(Train&noise1) and X(Train&noise2), which together constitute the sample 
pair (XTrain, X(Train&noise1), XTrain&noise2).

The sample pair is then fed into the encoder, and the obtained 
ETrain, E(Train&noise1) and ETrain&noise2 ∈ ℝB×w  are processed by a function 
called DimExpander (composed of a linear layer and the reshape 
operation in Torch), which is designed to increase their dimensionality. 
This process yields DimTrain, Dim(Train&noise1) and DimTrain&noise2 ∈ ℝB×C×w, 

where C represents the newly expanded dimensionality. The purpose 
of this dimensionality enhancement is to project the original features 
to different solution spaces, enabling better learning and repre
sentation of complex feature relationships. The noise-mixed pair 
(DimTrain&noise1, DimTrain&noise2) is subsequently fed into the denoiser 
module built with a self-attention mechanism (Fig. 1e). After pass
ing through the denoiser block, the purified train-tissue features  
(De1, De2)∈ ℝB×C×w  and the artificial impurity cell features to be 
removed (No1, No2)∈ ℝB×C×w are obtained. Subsequently, (De1, De2) and 
DimTrain are fed into a linear attention layer (composed of a linear layer 
and the transpose operation in Torch), where the previously expanded 
dimensions are weighted and summed to integrate features from dif-
ferent solution spaces. Finally, the fused features are input into the 
deconvolution module (composed of a linear layer, LayerNorm, leaky 
ReLU activation function and softmax activation function) to obtain 
the final deconvolution results ̂P1, ̂P2 and ̂P3. In this stage, the loss func-
tion ‘Loss’ (equations (10)–(12)) is used to supervise the entire 
training process.

Loss = Loss1 + Loss2 + Loss3 + LossDenoiser (10)

Lossi = LossL1(P, ̂Pi) (11)

LossDenoiser = LossNCE (Dim
sample
Train , (Desample1 ,Desample2 ), (Nosample1 ,Nosample2 ))

(12)

The purified train-tissue features (De1, De2) are derived from 
train-tissue data and mixed with artificial impurity cells processed 
through the encoder, DimExpander and denoiser. Theoretically, in the 
feature space, these features should be very close to DimTrain. In con-
trast, the extracted artificial impurity cell mixture features (No1, No2) 
should theoretically be far from DimTrain in the feature space. To obtain 
a deconvolution model with denoising capabilities, a noise contrastive 
estimation loss function based on contrastive learning is adopted. This 
loss function minimizes the distance between positive samples while 
maximizing the distance between negative samples (Fig. 1f). Here, 
Dimsample

Train , (Desample1 ,Desample2 ) and (Nosample1 ,Nosample2 ) ∈ ℝB∗S∗e represent the 
sampled results of (DimTrain, (De1, De2), No1, No2), respectively, with the 
sampling process completed by the Contrastive(⋅) function.

Contrastive = MLP (Sample (⋅)) (13)

Here Sample (⋅) represents randomly selecting S points from the 
same positions in the feature sets (DimTrain, (De1, De2), No1, No2). MLP(⋅) 
denotes a dimensional transformation function applied to the sampled 
points, where e represents the dimensionality after the transformation. 
Let (Dim j

Train,De
j
1), j ∈ [0, S]  represent one sampling point from the S 

samples and NoS1  represent the S sampled points. Here (Dim j
Train,De

j
1) 

represents a positive sample pair, whereas Dim j
Train and all S sampled 

points from NoS1  are used to form negative samples. This setup defines 
a multiclass classification task, which is supervised via the noise  
contrastive estimation loss. This loss function draws positive  
samples closer while pushing negative samples farther apart. This 
sampling strategy also increases the numbers of both positive and 
negative samples, helping the model learn more diverse and 
comprehensive features.

Stage 4
Stage 4 outlines the inference process of the model, which involves 
two computational paths. If the cell types in the single-cell data can-
not fully cover the potential cell types present in the tissue, the data 
must be passed through the denoiser block after the encoder block for 
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processing. Otherwise, no denoiser processing is needed. The specific 
computational workflow is outlined in equations (14)–(17):

ETarget = Encoder (XTarget) (14)

DimTarget = DimExpander(ETarget) (15)

D = {
&DimTarget if TissueCellType ⊆ SingleCellDataCellType

&Denoiser(DimTarget) otherwise
(16)

̂P = Deconvolver (LinearAttention (D)) (17)

Method comparison
In the DECODE experiment, a comparison was made with 12 
state-of-the-art methods, which are TAPE, CIBERSORTx, MuSiC, scp-
Deconv, Scaden, RCTD, Seurat, SPOTlight, Tangram, ucdselect and 
cell2location. Their specific descriptions and usage methods can be 
found in the section ‘Details of comparison methods’ in the Supple-
mentary Supplementary Information. Code examples for running 
the aforementioned methods can be found in Zenodo (https://doi.
org/10.5281/zenodo.15682763)82.

Evaluation metrics
To evaluate the linear consistency between the true proportions of 
cell types or states and the model’s predicted results, we adopted the 
following three evaluation metrics: CCC, r.m.s.e. and r. The specific 
formulas are shown in equations (18)–(20).

CCC(y, ̂y) =
2rσyσ ̂y

σ2y + σ2 ̂y + (μy − μ ̂y)
2 (18)

r.m.s.e.(y, ̂y) = √
1
n
∑

n

i=1 (yi − ̂yi)
2 (19)

r ( y, ̂y) = cov ( y, ̂y)
σyσ ̂y

(20)

Here y represents the true proportions of cell types (or states), and 
̂y represents the predicted proportions of cell types (or states) produced 

by the model. σy and σ ̂y denote the standard deviations of y and ̂y, respec-
tively. cov (y, ̂y) indicates the covariance between y and ̂y. σy and σ ̂y are 
the means of y and ̂y, respectively, and n represents the sample size. 
These metrics were collectively used to evaluate the consistency and 
error magnitude between the predicted results and the ground truth.

During the data analysis process, Kendall correlation (τ), CV, KL 
divergence (DKL) and Spearman correlation coefficient were also used. 
The specific formulas are shown in equations (21)–(24).

τ = (C − D)
1
2
n (n − 1)

(21)

CV = σ
μ

(22)

DKL(P ∥ Q) =
n

∑
i=1
pi log (

pi
qi
) (23)

ρ = 1 −
6∑n

i=1 d
2
i

n(n2 − 1) (24)

Here τ is a statistical measure used to assess the correlation 
between two variables, primarily evaluating the consistency of their 

rankings. C is the number of concordant pairs of observations, D is the 
number of discordant pairs of observations and n is the sample size.  
σ is the standard deviation of the sample or population and μ is the mean 
of the sample or population. P and Q represent probability distribution 
vectors, where pi and qi denote the probabilities of the two vectors at 
the ith element, respectively. ρ represents Spearman’s rank correlation 
coefficient. Assume there are n samples, where xi and yi represent the 
values of the ith sample for two variables. Ranks R(xi) and R(yi) represent 
the ascending order of samples xi and yi, respectively. The rank differ-
ence for the ith sample between the two variables is represented by 
the formula di = R(xi) − R(yi). We used three metrics: cosine similarity, 
Kendall similarity and Spearman similarity, due to their applicability 
under different data characteristics; cosine similarity is suitable for 
high-dimensional and sparse data and is used to evaluate the similarity 
of transcriptomic cell types, Kendall similarity is robust to outliers and 
sensitive to subtle differences, making it suitable for comparing highly 
similar cell types, while Spearman similarity is better for assessing 
trend consistency and is therefore used to analyze the consistency of 
DECODE’s predictions across pseudotissue datasets.

System configuration
In this study, the configuration is as follows: the operating system is 
Ubuntu v.20.04, Python v.3.8, the deep learning framework is PyTorch 
v.2.0.0 and the CUDA v.11.8. In terms of hardware, the setup includes 
an NVIDIA RTX 4090 GPU (24GB) and an Intel(R) Xeon(R) Gold 6430 
CPU with 16 vCPUs.

Data analysis
Highly variable genes, differential proteins and differential metabolites 
were calculated using the Scanpy79 program. Similarity calculations, 
Spearman correlation and KL divergence were performed using tools 
from SciPy83. We used the ttest_ind and wilcoxon functions from the 
stats module in SciPy to conduct the t-test and Wilcoxon test, respec-
tively. We applied the Bonferroni method for P value correction.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
The data used in this study are all publicly available, and their usage 
methods are discussed in detail in the Methods. The scenario 1 dataset 
is available via the Human Cell Atlas at https://www.covid19cellatlas.
org/index.healthy.html#publication. The scenario 2 dataset is avail-
able via the GEO database at Dataset ID GSE176078. The scenario 3 
dataset is available via Mendeley at https://doi.org/10.17632/vs8m5g-
kyfn.1. The scenario 4 (murine cell line) datasets, including the datasets 
from ref. 26 (accession no. MSV000086809) and ref. 27 (accession no. 
MSV000084110), were both downloaded from the MassIVE data reposi-
tory. The scenario 4 (islet) dataset includes the datasets from refs. 24 
and 25, both of which can be downloaded from GSE211799. Scenario 5 
datasets include those from refs. 30,80. The spatial dataset from ref. 80 
can be obtained via GitHub at https://github.com/QuKunLab/Spatial-
Benchmarking/tree/main/FigureData/Figure4/Dataset10_STARmap/
Rawdata, while the single-cell data can be downloaded via their Google 
cloud folder at https://drive.google.com/drive/folders/1pHmE9cg_
tMcouV1LFJFtbyBJNp7oQo9J. The dataset from ref. 30 can be down-
loaded using the squidpy.datasets.slideseqv2() function. The dataset 
used in scenario 6 is available via cellxgene at https://cellxgene.czisci-
ence.com/collections/2f4c738f-e2f3-4553-9db2-0582a38ea4dc. The 
dataset used in scenario 7 comes from the tutorials available via TAPE 
at https://sctape.readthedocs.io/datasets/#pbmc-datasets (ref. 15).  
Bone marrow single-cell metabolomics data are available via the 
Metabolomics Workbench at https://www.metabolomicsworkbench.
org/data/DRCCMetadata.php?Mode=Project&ProjectID=PR001858 
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(project ID PR001858). The liver single-cell metabolomics data are avail-
able via the project’s official GitHub repository at https://github.com/
yuanzhiyuan/SEAM/tree/master/SEAM/data/raw_tar. Monocyte tran-
scriptomics data are available via Zenodo at https://doi.org/10.5281/
zenodo.15682763 (ref. 82). Melanoma drug response metabolomics 
data are available via Nature in the source data for ref. 46 at https://
www.nature.com/articles/s41467-020-15956-9#Sec32. Melanoma and 
monocyte cell cycle proteomics data are available via the Slavov Labora-
tory at https://scp.slavovlab.net/Leduc_et_al_2022 (ref. 45). The dataset 
of PBMC CITE-seq data can be downloaded from the GEO database 
(Dataset ID GSE253721). Tissue-level proteomics data for breast cancer 
multiomics analysis are available in the Data Commons under accession 
number PDC000120. The tissue-level transcriptomics data used for the 
analysis are available via the GEO database (GSE245467, GSE184869, 
GSE161865). For the mouse liver multiomics analysis, the metabolomics 
data are available via ref. 64, the proteomics data are available via the 
MassIVE database (MSV000092153) and the transcriptomics data are 
available via the GEO database (GSE196941, GSE200356, GSE222550, 
GSE243906, GSE253217, GSE256501, GSE267916, GSE269058). Source 
data are provided with this paper.

Code availability
The complete user manual for DECODE has been published on GitHub84, 
and the code for reproducing the DECODE experiments is available on 
DECODE Experiment Records85.
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