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Abstract 

Accurate deconvolution of bulk and spatial transcriptomes is essential for studying tissue architecture and disease, yet remains challenged by 
unmodeled differences in cellular RNA content and cross-source heterogeneity. We introduce CSsingle, a unified deconvolution framework that 
explicitly corrects for cell-type-specific RNA content differences using either External RNA Controls Consortium (ERCC) spike-ins or a computa- 
tional estimator, while robustly harmonizing data across platforms. CSsingle employs an iteratively reweighted least-squares model initialized by 
marker-gene sectional linearity, enabling accurate inference of cell-type proportions from diverse single-cell references. In bulk data, CSsingle 
outperforms existing methods by correcting systematic errors, including neutrophil underestimation in blood and tumor purity underestima- 
tion in breast tumor. Applied to spatial transcriptomics, CSsingle enables fine-grained mapping of cellular organization in the developing human 
pancreas and reveals functionally distinct niches in colon cancer. By integrating cell size awareness with cross-platform robustness, CSsingle 
advances the integrative analysis of complex tissues. 
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Introduction 

Deciphering cellular heterogeneity within disease-relevant tis-
sue microenvironments is essential for identifying specific cell
populations as therapeutic targets [ 1 , 2 ]. While conventional
bulk transcriptomics (microarrays and RNA-seq) have en-
abled large-scale clinical studies due to their technical sim-
plicity and low cost, they measure only average gene expres-
sion across cell populations, masking critical cellular hetero-
geneity. Single-cell RNA sequencing (scRNA-seq) overcomes
this limitation by offering genome-wide resolution of cellular
diversity [ 3–5 ], but its high cost and requirement for high-
quality tissue restrict its application in large clinical cohorts
[ 6 , 7 ]. Spatial transcriptomics (ST) technologies, such as 10x
Genomics Visium [ 8 ] and Slide-seq [ 9 ], preserve tissue archi-
tecture while capturing whole transcriptome information, yet
lack true single-cell resolution [ 10 ]. Computational deconvo-
lution has emerged as a powerful strategy to integrate these
complementary data types, enabling the inference of cellular
composition from bulk and ST data using scRNA-seq refer-
ences [ 11–13 ]. 

The utilization of a signature matrix not only improves
computational efficiency but also significantly affects the ac-
curacy of deconvolution. The construction of a signature ma-
trix is fundamentally influenced by data normalization. While
some methods [ 14–18 ] use raw read or unique molecular iden-
tifier (UMI) counts generated by scRNA-seq [ 19 ], this ap-
proach fails to account for variable sequencing depth (total
number of reads or UMI molecules per cell) across cells. Al-
ternative approaches employ depth-normalized values such as
transcripts per million (TPM) or counts per million (CPM)-
normalized values to mitigate this issue [ 20–24 ]. However,
TPM/CPM normalization assumes equal RNA content per
cell [ 25 ]. Conventional bulk transcriptomic technologies mea-
sure average gene expression across cell populations, a value
confounded by cell size that is commonly referred to as the
absolute cellular RNA contents. Larger cells contain higher
absolute RNA content and therefore contribute dispropor-
tionately to bulk measurements. Consequently, deconvolving
mixtures of cell types with substantially different sizes using
TPM/CPM-normalized references yields systematically biased
proportion estimates unless explicit cell size correction is ap-
plied. Despite its fundamental importance, a systematic eval-
uation of cell size bias in deconvolution is lacking. 

Equally challenging is the correction of technical and bio-
logical disparities between mixture data and single-cell refer-
ences. In bulk deconvolution, Bisque [ 24 ] learns gene-specific
transformations of bulk data to correct for technical biases
between the bulk and reference data. CIBERSORTx [ 23 ], an
extension of CIBERSORT [ 20 ], employs a batch correction
method to reduce cross-platform variation between bulk mix-
tures and the signature matrix. In particular, CIBERSORTx
requires multiple bulk samples (optimally ≥ 10 ) for stable per-
formance. In spatial deconvolution, existing methods [ 26–32 ]
have advanced the field but do not fully account for cross-
source variation between ST and reference data, significantly
affecting the accuracy of estimates [ 13 ]. Resolving technical
and biological variations between a single bulk mixture or ST
spot and the reference data remains a critical challenge, un-
derscoring the need for deconvolution frameworks capable of
robust data harmonization across diverse experimental con-
texts. 

To address these challenges, we introduce CSsingle (Cross-
Source SINGLE cell decomposition), a unified deconvolution
framework for accurate and robust estimation of cell type 
composition from bulk and ST data. CSsingle is specifically 
designed to explicitly model and correct for both biological 
and technical variations inherent in individual mixtures and 

the signature matrix. Its key innovations include: (i) adap- 
tive weighting that leverages marker-gene sectional linearity 
to achieve robust cross-source harmonization; (ii) integrated 

cell size correction that accounts for cell-type-specific RNA 

content differences using either External RNA Controls Con- 
sortium (ERCC) spike-ins or a novel computational estima- 
tor; and (iii) spatially resolved deconvolution enabling fine- 
grained dissection of tissue microenvironments at single-spot 
resolution. Through comprehensive evaluations across cell 
lines, blood, solid tissues, and both synthetic and real–world 

datasets (summarized in Table 1 ), we demonstrate that CSsin- 
gle systematically outperforms current state-of-the-art meth- 
ods in scenarios involving cross–source heterogeneity. In par- 
ticular, we rigorously assess the impact of cell size correction 

on deconvolution accuracy, showing that CSsingle effectively 
corrects size-induced biases in bulk data. The results under- 
score CSsingle’s versatility and robustness, positioning it as a 
powerful tool for integrative analyses of single-cell, bulk, and 

ST data across diverse biological and clinical contexts. 

Materials and methods 

Construction of the signature matrices 

Most current cell-type deconvolution techniques, which de- 
pend on a signature matrix composed of cell-type-specific 
GEPs, operate under the assumption that cells can be cate- 
gorized into a predetermined set of types and the prevalent 
cell types within the bulk tissue are adequately reflected in the 
scRNA-seq data. To build a signature matrix from scRNA- 
seq data, we started with a read or UMI count matrix. We 
first summarized the gene counts of all cells assigned to the 
same cell type. The summation was followed by normaliza- 
tion based on total count and multiplication by a scale fac- 
tor of 104 . This process produced a matrix of genes × cell 
types (denoted as ˜ S ), from which a submatrix (denoted as S ) 
was derived by selecting a set of differentially expressed genes.
The identification of differentially expressed genes was accom- 
plished using the FindAllMarkers function with the default 
parameters of the Seurat R package (version 5.0.1). Specifi- 
cally, we initially isolated differentially expressed genes using 
a log-scale threshold of ≥ 0 . 25 -fold overexpression in a given 

cell population relative to all others. Subsequently, nonsignif- 
icant genes with a P -value larger than 0.01 (Wilcoxon Rank 

Sum test or likelihood-ratio test) were filtered out. Next, we 
ranked differentially expressed genes in ascending order by 
their P -values and selected the top N marker genes for each 

cell type as the most differentially expressed marker genes. Fi- 
nally, we generated multiple signature matrices by varying N
from 50 to 200 with step 50 by default. 

Selecting the optimal signature matrix 

To determine the optimal signature matrix, CSsingle is inte- 
grated with each signature matrix to estimate the cell type 
proportions. The optimal signature matrix S∗ is selected as 
the candidate matrix whose inferred bulk/ST gene expression 

matrix has the highest Spearman correlation coefficient with 

the real bulk/ST gene expression matrix. 
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Table 1. Details of the data sets used in the study 

Tissue type Data source Protocol Data type # Cell # Samples ERCC 

types spike-ins 
availability 

Cell line GSE129240 [ 33 ] NA RNA-seq 2 13 Yes 
Blood GSE132044 [ 34 ] Smart-seq2 scRNA-seq 5 14 No 

10x Chromium v2 
10x Chromium v3 
CEL-seq2 
Drop-seq 
inDrops 
Seq-Well 

GSE127813 [ 23 ] NA RNA-seq 6 12 No 
GSE107011 [ 35 ] Smart-seq2 RNA-seq 29 127 Yes 
GSE60424 [ 36 ] Illumina TruSeq RNA-seq 6 114 No 
GSE73072(H3N2,SI) [ 37 ] Affymetrix Microarray NA 371 No 

Pancreatic islet E-MTAB-5061 [ 38 ] Smart-seq2 scRNA-seq 6 10 (6H + 4T2D) No 
GSE81608 [ 39 ] Fluidigm C1 scRNA-seq 4 18 (12H + 6T2D) No 
GSE86473 [ 40 ] Fluidigm C1 scRNA-seq 5 8 (5H + 3T2D) No 
GSE84133 [ 41 ] inDrop scRNA-seq 14 4 (3H + 1T2D) No 

Breast cancer GSE176078 [ 42 ] 10x Genomics scRNA-seq 17 26 No 
TCGA-BRCA [ 43 ] NA RNA-seq NA 1093 No 

Mouse cortex GSE71585 [ 44 ] Smart-seq2 scRNA-seq 9 1414 Yes 
Allen Brain Cell Atlas [ 45 ] Smart-seq2 scRNA-seq 9 4785 No 
10x Genomics Visium [ 45 ] 10x Visium ST NA 1 No 

Pancreas GSE85241 [ 46 ] CEL-seq2 scRNA-seq 7 4 Yes 
OMIX236 [ 47 ] 10x Genomics scRNA-seq 7 1 No 
GSE197317 [ 48 ] 10x Visium ST NA 7 No 

Colorectal 
cancer 

GSE178341 [ 49 ] 10x Genomics scRNA-seq 16 181 No 

OEP00001756 [ 50 ] 10x Visium ST NA 1 No 
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Ssingle model 

Ssingle is an iteratively reweighted linear regression model
hat decomposes the bulk or ST gene expression data into
 set of predefined reference cell types to estimate cell abun-
ances. In order to accurately estimate the cell type fraction,
e designed a novel weighting scheme to properly adjust the

ontribution of each marker gene. We denote ˜ Y as a cell type
ixture. Both 

˜ S and 

˜ Y consist of column-normalized expres-
ion values, so that each cell type and cell type mixture have
he same total count of 104 across all genes shared between
he scRNA-seq and cell type mixture. Additionally, we denote
he truncated version of ˜ S and 

˜ Y , containing only N signifi-
ant differentially expressed marker genes, as S and Y , respec-

ively. Let S =

⎡ 

⎢ ⎣ 

s11 · · · s1 K 
. . . 

. . . 
. . . 

sN1 · · · sNK 

⎤ 

⎥ ⎦ 

and Y = (y1 , y2 , . . . , yN 

)T . The

econvolution model for an observed cell type mixture within
Ssingle is defined as follows: 

yi =
K ∑ 

j=1 

c j xj si, j + εi 

εi ∼ N(0 , σ 2 ) 

∀ j : xj ≥ 0 

K ∑ 

j=1 

xj = 1 (1)

here S is an N × K signature matrix that contains GEPs for
he N marker genes across K cell types, Y is an N × 1 vec-
or representing a single bulk or spatial spot GEP for the
same N marker genes, X = (x1 , x2 , . . . , xK )T is a K × 1 vec-
tor containing the cell type composition from Y , c j denotes the
cell size coefficient of cell type j, and ε models measurement
noise and other possible unmodeled factors. The constraints
in (Eq. 1 ) require the cell type fractions to be positive and to
sum up to one. 

To estimate X and 

ˆ X , CSsingle minimizes the weighted
squared error as follows: 

ˆ X = arg min 

X 

N ∑ 

i =1 

wi (yi −
K ∑ 

j=1 

c j xj si, j )2 

s.t ∀ j : xj ≥ 0 

K ∑ 

j=1 

xj = 1 (2)

Here, the weights wi are interdependent with both the resid-
uals and the estimated coefficients, forming an iterative de-
pendency loop. To address this, we employed an iterative ap-
proach known as iteratively reweighted least squares (IRLS)
to solve the weighted least squares problem. 

To appropriately account for the confounding effects of cell
size and cross-source variation, we designed a novel adaptive
weighting scheme that formulates cell type deconvolution as
a minimization problem. This scheme aims to appropriately
adjust the contribution of each gene, with the goal of enhanc-
ing cross-source performance and mitigating the influence of
highly expressed genes in the least squares fitting procedure.
To initialize an efficient and robust set of weights to solve
the minimization problem, we relied on an important prop-
erty of marker genes: there exists a sectional linear relation-
ship between individual cell type mixtures and the signature
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matrix. To illustrate this, we examined two fundamental as-
sumptions underlying deconvolution methods: (i) expression
profiles from each cell type are linearly additive (Eq. 1 ), and
(ii) cell-type-specific genes are exclusively or restrictively ex-
pressed in only one cell type within a cell type mixture. In an
ideal scenario, genes exclusively expressed in a single cell type
exhibit a strictly linear relationship with their expressions in
a cell type mixture. Then Eq. 1 can be expressed as log yi =
uj∗ + log si, j∗ , where uj∗ = log (c j∗xj∗ ) and marker gene i is ex-
clusively expressed in cell type j∗. This equation highlights
the ‘sectional linear relationship’ between individual cell type
mixtures and the signature matrix, which enables effective
management of technical and biological variations by serving
as a robust foundation for gene weighting. CSsingle takes ad-
vantage of the sectional linear property to generate an efficient
set of initial estimates. The weight wi for gene i is initialized via
the sectional linearity property of marker genes and updated
iteratively during IRLS optimization. We define M j as a fi-
nite set of marker genes for cell type j, where j = 1 , 2 , ..., K.
Let Nj = | M j | represent the total number of marker genes
for cell type j, and consequently, N = ∑ 

j Nj . For each cell
type j, CSsingle employs a linear regression model to fit the
cell type mixture Y and each cell-type-specific GEPs within
signature matrix S with its marker genes in log-scale using
Eq. 3 . The goal is to find the best-fitting curve with a regres-
sion slope of one to a data set comprising Nj observations
of cell-type-specific gene expression values (log si, j )T 

i ∈ M j , to-
gether with corresponding observations of the bulk or ST gene
expression values of (log yi )T 

i ∈ M j by minimizing the sum of the
squares of the offsets of the points from the curve. 

log yi = uj + log si, j (i ∈ M j ) , (3)

where uj = log (c j xj ) is the disturbance term for cell type j.
Therefore, we determined the estimate uj using the respective
fitted linear regression model. Once uj is estimated, we then
define δ j = exp uj ∑ 

j exp uj 
, representing the estimated proportion of

RNA content derived from cell type j in Y , where exp uj =
c j xj represents the estimated total RNA content derived from
cell type j in Y . Next, we use δ j to generate the estimated cell-
type mixture as Y∗ = (t1 , t2 , . . . , tN 

)T , where ti =
∑ K 

j=1 δ j si, j .
Finally, the initial weight for gene i is defined as: 

w(0) 
i = 1 

(
∣∣yi − ti 

∣∣β · t1 −β

i )2 
, for i = 1 , 2 , ..., N, (4)

Let: 

X (0) = arg min 

X 

N ∑ 

i =1 

w(0) 
i (yi −

K ∑ 

j=1 

c j xj si, j )2 , (5)

X (1) = arg min 

X 

N ∑ 

i =1 

w(1) 
i (yi −

K ∑ 

j=1 

c j xj si, j )2 , (6)

where w(1) 
i = 1 

(| yi −ti | β ·t1 −β

i )2 
and ti =

∑ K 
j=1 c j x

(0) 
j si, j , 

· · ·
X (t ) = arg min 

X 

N ∑ 

i =1 

w(t ) 
i (yi −

K ∑ 

j=1 

c j xj si, j )2 , (7)

where w(t ) 
i = 1 

(| yi −ti | β ·t1 −β

i )2 
and ti =

∑ K 
j=1 c j x

(t−1) 
j si, j . 

The estimated coefficients converge when ‖ X (t ) − X (t−1) ‖ ≤
0 . 01 , and the optimal X (t ) is the final cell type composition
estimated from the bulk data. We introduce β to balance the 
relative contributions of the difference between yi and ti and 

the magnitude of ti , with the goal of enhancing cross-platform 

performance and mitigating the influence of highly expressed 

genes in the least squares fitting procedure. The optimal β∗

was selected from { 0 , 0 . 5 , 1 } to maximize the Spearman cor-
relation between the inferred and real bulk/ST GEPs. 

Cell size correction in CSsingle 

Within CSsingle, we introduce cell size coefficients c j to ac- 
count for differences in RNA content across cell types. CSsin- 
gle implements two complementary approaches for cell size 
correction to address cellular RNA content heterogeneity: 
direct estimation from ERCC spike–ins when available, or 
a computational strategy when spike–ins are absent. Both 

correction strategies address the fundamental challenge that 
cells with higher RNA content contribute disproportionately 
to bulk RNA-seq signals, enabling CSsingle to produce pro- 
portion estimates that better reflect true cellular abundances 
rather than mere transcriptional contributions. 

For single-cell reference datasets containing ERCC spike-in 

controls, we compute cell size coefficients directly from spike- 
in RNA counts under two key assumptions: (i) equal amounts 
of spike-in RNA are added to each cell, and (ii) technical ef- 
fects impact spike-in and endogenous transcripts equivalently.
This approach leverages spike-ins as technology-independent 
standards for absolute RNA quantification. Specifically, en- 
dogenous gene counts were normalized by dividing by the 
upper-quartile (UQ; 75th percentile by default) of the ERCC 

spike-in counts to adjust for technical variation across cells.
We then calculated the absolute cellular RNA content for each 

cell by summing the normalized endogenous gene counts. The 
cell size coefficient for cell type j is defined as the mean abso- 
lute RNA content across all cells belonging to that type. 

In the absence of ERCC spike-ins, CSsingle implements a 
three-stage computational strategy to estimate relative cell 
size coefficients by systematically analyzing residual expres- 
sion patterns. This approach addresses the challenge of cellu- 
lar RNA content heterogeneity when direct estimations from 

spike-in controls are unavailable, making it particularly appli- 
cable to single-cell references lacking spike-in data. The com- 
putational correction proceeds in three stages: 

Stage 1 (screening) : After obtaining initial proportion esti- 
mates ˆ X (0) using uniform cell size factors ( c j = 1 for all j),
we compute the residual vector R = Y − S ˆ X (0) , where Y and 

S denote the CP10K-normalized marker-gene expression pro- 
files (GEPs) for the mixture and signature matrix, respectively.
For each cell type j, we calculate the Spearman correlation 

ρ j between the residual R and the cell type signature S j . Cell 
types with absolute residual correlations exceeding a prede- 
fined threshold ( | ρ j | > τ ) are flagged as potentially misesti- 
mated, indicating that their expression patterns remain inad- 
equately explained by the current model. We set τ = 0 . 25 to 

focus on substantively meaningful residual signals while re- 
ducing the risk of spurious correlations. In addition, to ensure 
robustness and avoid amplifying noise from rare populations,
we retain only cell types with initial proportions exceeding 5% 

( ̂  x(0) 
j > 0 . 05 ). This screening step ensures that only cell types 

exhibiting both evidence of potential misestimation and suf- 
ficient abundance proceed to downstream correction, thereby 
reducing the risk of noise-driven over-correction. 
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Stage 2 (validation) : For each candidate cell type j∗ iden-
ified in Stage 1, we evaluate whether adjusting its cell size
oefficient alone improves reconstruction accuracy, measured
y the Spearman correlation between inferred and real bulk
EPs. The scaled coefficients are defined as: 

c(λ, j∗ ) 
j =

⎧ ⎨ 

⎩ 

1 + λ

[
1 − exp 

(
−2

ρ j∗ − τ

ρmax − τ

)]
, j = j∗, 

1 , j 	 = j∗, 
(8)

here λ ∈ { 0 . 5 , 1 . 0 , 1 . 5 , 2 . 0 , 2 . 5 , 3 . 0 } controls the magnitude
f adjustment. For each value of λ, we recompute the cell
ype proportions and evaluate reconstruction accuracy. A cell
ype is retained as overestimated only if the adjusted model
chieves higher reconstruction accuracy than the baseline with
niform size factors. This empirical validation ensures that
nly cell types with demonstrable improvement proceed to the
nal stage. 
Stage 3 (joint optimization) : Let O = { j1 , j2 , . . . , jm 

} denote
he set of cell types identified as overestimated in Stage 2. We
hen adjust the cell size coefficients for all cell types in O si-
ultaneously using a shared scaling parameter λ: 

c(λ) 
j =

⎧ ⎨ 

⎩ 

1 + λ

[
1 − exp 

(
−2

ρ j − τ

ρmax − τ

)]
, j ∈ O, 

1 , j / ∈ O. 

(9)

We perform a grid search over λ ∈
 0 , 0 . 5 , 1 . 0 , 1 . 5 , 2 . 0 , 2 . 5 , 3 . 0 } and select the value that
aximizes reconstruction accuracy, yielding the final size

actors c∗
j = c(λ∗ ) 

j . Due to the sum-to-one constraint on cell
ype proportions, adjusting any single coefficient alters the
nferred abundances of other cell types. Therefore, joint
ptimization ensures that the final size factors are mutually
onsistent and globally optimal. 

This computational framework provides a principled, data-
riven method for correcting cell size effects without requiring
xternal spike-in controls. By systematically analyzing resid-
al expression patterns and optimizing size factors to maxi-
ize reconstruction accuracy, CSsingle adapts to varying cel-

ular RNA content across cell types, enhancing deconvolution
ccuracy. 

nhancing performance in microarray data and 

igh technical variation scenarios 

iven the major differences between RNA sequencing and mi-
roarray techniques, deconvolution might prove ineffective in
cenarios where excessive technical variation exists. For mi-
roarray, background hybridization and probe saturation can
mpede the detection of transcripts at both low levels and high
evels. In contrast, RNA sequencing enables the detection of a
roader range of transcripts, including those with low abun-
ance and high abundance [ 51 , 52 ]. We, therefore developed a
trategy for handling bulk mixtures derived from microarrays,
ailored for signature matrix generated from RNA sequencing,
r vice versa. We introduced an upper bound q , which limits
he maximum value that any weight can take on. The adjusted
eights are defined as: 

ˆ wi =
{

wi , if wi < q ;
q, otherwise. 

The upper bound q is selected as follows. The possible val-
es for q are defined as the τ th quantile of the gene weights

(w1 , w2 , · · · , wN 

)T , where τ is selected from 0.01 to 1 with
a step of 0.01. For each possible value of q , we obtain an es-
timate for X, denoted as ˆ X = ( ˆ x1 , ˆ x2 , · · · , ˆ xK )T , by minimiz-
ing the weighted squared error with respect to the adjusted
weights ( ˆ w1 , ˆ w2 , · · · , ˆ wN 

)T : 

ˆ X = arg min 

X 

N ∑ 

i =1 

ˆ wi (yi −
K ∑ 

j=1 

c j xj si, j )2 . (10)

Subsequently, the inferred bulk/ST GEP 

ˆ Y =
( ˆ y1 , ˆ y2 , · · · , ˆ yN 

)T is defined as follows: 

ˆ yi =
K ∑ 

j=1 

c j ̂  xj si, j . (11)

CSsingle calculates the Spearman correlation between the
inferred and real bulk/ST GEPs, ˆ Y and Y . The value of q cor-
responding to the maximum correlation coefficient is selected.

Enrichment analysis for identifying cell types within
a single spatial spot 

Inspired by spatialDWLS [ 27 ], which uses PAGE [ 53 ] to iden-
tify enriched cell types in clustered regions, we developed a
refined approach that integrates both absolute and relative
expression metrics to detect enriched cell types at individual
spatial spots. For each cell type j and each spot s , we compute
two metrics based on its marker genes. For each marker gene,
we define its fold change in a spot as: 

F (s ) 
g = Y (s ) 

g 

Ȳg 
, (12)

where Y (s ) 
g is the expression of gene g in spot s and Ȳg is the

mean expression of gene g across all spots. 
For a given cell type in a spot, we then define: 

(1) Absolute score : the average of Y (s ) 
g over its marker

genes. 
(2) Relative score : the average of F (s ) 

g over its marker genes.

From these per-spot scores, we compute for each cell type
the median absolute score and the median relative score across
all spots. A cell type is designated as prevalent if it meets both
of the following conditions: 

(1) High abundance : its median absolute score exceeds the
global 75th percentile, indicating the cell type is suffi-
ciently abundant. 

(2) Consistent expression : its median relative score is close
to one, indicating that the marker genes are consis-
tently expressed across spots. 

These two criteria together capture cell types that are both
highly and widely expressed throughout the tissue. For preva-
lent cell types, the conventional fold change relative to the
mean (Eq. 12 ) is inadequate for detecting local enrichment
because their stable and widespread expression results in fold
changes near one across all spots. To overcome this, we com-
pute an alternative fold change using the 25th percentile ( Q1 ,g )
as the reference: 

F (s ) 
g = Y (s ) 

g 

Q1 ,g 
. (13)

This lower baseline provides a more sensitive measure of
local enrichment by comparing expression in each spot to the
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lower tail of the expression distribution. In contrast, for non-
prevalent cell types, the original fold change (Eq. 12 ; relative
to the mean) is retained. 

For each spot, we calculate a Z -score for cell type j as: 

Z(s ) 
j =

( f (s ) 
j − μ(s ) ) · n1 / 2 

j 

σ (s ) 
, (14)

where f (s ) 
j is the mean fold change of marker genes for cell

type j in spot s (computed with the appropriate reference as
described in EqS. 12 and 13 ), μ(s ) and σ (s ) are the mean and
standard deviation of fold changes across all genes in spot s ,
and nj is the number of marker genes expressed for cell type
j. 

We identify enriched cell types using three complementary
criteria: 

(1) Cell types with Z -scores exceeding a threshold (default
> 0 ); 

(2) The cell type with the highest Z -score in each spot; 
(3) Cell types with spot-normalized Z -scores > 0 , where

normalization transforms Z -scores to zero mean and
unit variance per spot. 

The union of all three criteria determines the final set of
enriched cell types per spot. 

Construction of artificial bulk data sets 

The aggregated counts for the simulated bulk data set are de-
rived from a scRNA-seq data set, with the bulk counts com-
puted as the sum of gene counts across all cells within the
same sample. Specifically, for the scRNA-seq data set span-
ning fewer than five samples, we generate t bootstrap repli-
cates, each of which matches the size of the original scRNA-
seq data set by randomly sampling cells with replacement.
Next, counts for the artificial bulk data set are generated
from each bootstrap replicate by summing up gene counts
from all cells within the same sample. For the artificial bulk
dataset built using SMART-Seq2 single-cell profiles of periph-
eral blood mononuclear cells (PBMCs), we used t = 100 . The
actual cellular proportion of cell type j in the sample s is cal-
culated by 

ˆ xs 
j =

ns 
j ∑ 

j n
s 
j 

. 

where ns 
j is the number of cells for cell type j in sample s . 

Gene set variation analysis 

Pathway gene sets were sourced from the MSigDB database
(Reactome: c2.cp.reactome.v2024.1.Hs.symbols.gmt, Hall-
mark: h.all.v2024.1.Hs.symbols.gmt). Single-sample gene set
enrichment analysis (ssGSEA), implemented via the GSVA R
package, was used to calculate enrichment scores for func-
tional terms from the Hallmark and Reactome collections. In
addition, ssGSEA was employed to evaluate pathway activity
in mesenchymal–acinar interactions (MAIs) within pancreas
ST data. 

Functional enrichment analysis of colon 

niche-specific marker genes 

The identification of marker genes was accomplished using
the FindAllMarkers function of the Seurat R package. Specif-
ically, we initially isolated differentially expressed genes using
a log-scale threshold of ≥ 0 . 25 -fold over-expression in a given 

cell population relative to all others. Subsequently, we ranked 

the differentially expressed genes in ascending order by their 
P -values and selected the top 100 marker genes for each niche.
The R package clusterProfiler was used to identify and visu- 
alize enriched Hallmark gene sets. 

Statistical analysis 

All statistical analyses were conducted using R (version 4.4.0; 
available at https://cran.r-project.org/). Specific statistical tests 
are detailed in the figures and their respective captions when 

applicable. A P-value threshold of 0.05 was used to deter- 
mine statistical significance for all tests, unless otherwise spec- 
ified. Statistical significance between two groups of samples 
was assessed using a two-sided Wilcoxon test and reported 

as follows: ns P ≥ . 05 , ∗P < . 05 , ∗∗P < . 01 , ∗∗∗P < . 001 , and
∗∗∗∗P < . 0001 . The cumulative survival time was estimated via 
the Kaplan–Meier method, with the log-rank test from the R 

survminer package employed to assess survival curve dispari- 
ties. 

Systematic evaluation of CSsingle and comparison 

against baseline methods 

In this study, we benchmarked the performance of CSsin- 
gle against 11 existing methods for bulk data deconvolu- 
tion: DWLS, BayesPrism, CIBERSORT, CIBERSORTx, Mu- 
SiC, MuSiC2, NNLS, SCDC, BisqueRNA, CAMmarker, and 

EPIC. To ensure fairness and reproducibility, all deconvolu- 
tion tools were executed using their standard recommended 

parameters as specified in official documentation, with iden- 
tical input gene expression data. Further details regarding 
their implementation and specific parameters can be found in 

the respective original publications and GitHub repositories.
All parameters were initialized to their default values, unless 
stated differently. 

� DWLS . We downloaded DWLS from https://bitbucket. 
org/yuanlab/dwls/src/default/. The signature matrix was 
constructed using the hurdle model in the MAST R pack- 
age. In the event of negative values, the estimated propor- 
tions were adjusted to zero. When the function solve.QP 

fails to find a solution due to inconsistent constraints,
DWLS outputs errors. 

� BayesPrism . The R package BayesPrism was 
downloaded from https://github.com/Danko-Lab/ 
BayesPrism.git . 

� CIBERSORT . CIBERSORT was run online ( https: 
//cibersortx.stanford.edu/runcibersortx.php ). No batch 

correction was applied. 
� CIBERSORTx . CIBERSORTx was executed online 

( https://cibersortx.stanford.edu/runcibersortx.php ). 
Batch correction was applied to reduce cross-platform 

variance. 
� MuSiC . The R package MuSiC was downloaded 

from https://github.com/xuranw/MuSiC . MuSiC was 
employed with parameter ‘cell_size’ set as NULL (de- 
fault value, estimating cell size coefficients from data),
while MuSiC ∗ was employed with ‘cell_size’ estimated 

using ERCC spike-in controls. 
� MuSiC2 . The MuSiC2 functions are available within the 

R package MuSiC. MuSiC2 was designed for the de- 
convolution of multi-condition bulk data, we thus ran 

https://cran.r-project.org/
https://bitbucket.org/yuanlab/dwls/src/default/
https://github.com/Danko-Lab/BayesPrism.git
https://cibersortx.stanford.edu/runcibersortx.php
https://cibersortx.stanford.edu/runcibersortx.php
https://github.com/xuranw/MuSiC
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it only for multi-condition bulk data. MuSiC2 was em-
ployed with parameter ‘cell_size’ set as NULL (default
value, estimating cell size coefficients from data), while
MuSiC2 ∗ was employed with ‘cell_size’ estimated using
ERCC spike-in controls. 

� NNLS . The NNLS method is implemented in the R pack-
age MuSiC. 

� SCDC . The R package SCDC was downloaded from
http://meichendong.github.io/SCDC . During the quality
control procedure, we set the parameter ‘qcthreshold =
0.7’. 

� BisqueRNA . The R package BisqueRNA was down-
loaded from https://github.com/cozygene/bisque . 

� CAMmarker . The R package debCAM was down-
loaded from https://bioconductor.org/packages/release/
bioc/html/debCAM.html . The parameter ‘MGlist’ de-
fines a list of vectors, each containing known markers for
one cell type. These markers are chosen from the candi-
date signature matrix with the lowest condition number.

� EPIC . The R package EPIC was downloaded from
https://github.com/Gfeller-Lab/EPIC . The parameter
‘sigGenes’ defines a character vector consisting of gene
names chosen to serve as a signature for the deconvolu-
tion process. These genes are selected from the candidate
signature matrix with the lowest condition number. 

We further benchmarked the performance of CSsingle
gainst seven existing methods for ST data deconvolu-
ion: Seurat, RCTD, SpatialDWLS, Redeconve, SpatialDecon,
POTlight, and SpatialDDLS. Further details regarding their
mplementation and specific parameters can be found in the
espective original publications and GitHub repositories. All
arameters were initialized to their default values, unless
tated differently. 

� Seurat . Deconvolution was performed using the Find-
TransferAnchors and TransferData functions from the
Seurat ( https://satijalab.org/seurat/) package. 

� RCTD . The R package spacexr was downloaded from
https://github.com/dmcable/spacexr . We set the parame-
ter ‘doublet_mode’ to ‘full’ in the run.RCTD function. 

� SpatialDWLS . Deconvolution was performed using the
runDWLSDeconv functions from the Giotto ( https://
rubd.github.io/Giotto_site/) package. We used the signa-
ture matrix with the lowest condition number. 

� Redeconve . The R package Redeconve was downloaded
from https://github.com/ZxZhou4150/Redeconve . 

� SpatialDecon . The R package SpatialDecon was down-
loaded from https://github.com/Nanostring-Biostats/
SpatialDecon/. 

� SPOTlight . The R package SPOTlight was downloaded
from https://github.com/MarcElosua/SPOTlight . 

� SpatialDDLS . The SpatialDDLS method is implemented
using the R package SpatialDDLS ( https://github.com/
diegommcc/SpatialDDLS ). 

ssessment of deconvolution performance 

e assessed the performance of various deconvolution meth-
ds using Pearson’s correlation coefficient (R), root mean
quared deviation (RMSD), and mean absolute deviation
mAD) as evaluation metrics. These metrics are calculated us-
ing the following equations: 

R = Cor (X, ˆ X ) (15)

RMSD =
√ 

Avg(X − ˆ X )2 (15)

mAD = Avg(| X − ˆ X | ) (15)

where X and 

ˆ X are actual and estimated cell type proportions,
respectively. 

Results 

Existing deconvolution methods fail to consider 
differences in cell size 

The deconvolution problem is typically cast in the form of a
linear equation system: y = S × X , where X denotes the cell
type composition of the cell type mixture y , and S denotes a
signature matrix. Computational methods aim to deconvolve
cell type proportion X by using the signature matrix S . To
build a signature matrix, existing deconvolution methods nor-
mally use single-cell GEPs measured by read/UMI counts or
TPM/CPM normalized values [ 20–23 ]. 

We observed that these deconvolution methods often intro-
duce a systematic bias in estimation when the bulk sample
consists of cell types with significantly different cell sizes. To
illustrate this, we considered a real data set containing ERCC
spike-ins [ 54 , 55 ] introduced by Zaitsev et al . [ 33 ], which was
a compilation of 14 mixtures from two cell types (HEK and
Jurkat cells) of markedly different cell sizes. ERCC spike-in
controls were added to each mixture to eliminate systematic
technical differences in expression between the mixtures, e.g.
systematic variation introduced during the library prepara-
tions or sequencing of the samples. Each mixture in this data
set, consisting of 106 cells, is commonly assumed to contain
equivalent quantity of messenger RNA (mRNA) molecules by
existing deconvolution methods employing TPM- or CPM-
normalized values. However, we observed that the absolute
RNA contents of the mixtures after spike-in normalization
were significantly correlated with the proportions of HEK
cells (Fig. 1 A), suggesting distinct cell sizes between HEK and
Jurkat cells. In this data set, Samples 1, 2 and Samples 13,
14 are mixtures of pure HEK and Jurkat cells, respectively.
Figure 1 B indicated that HEK cells had markedly larger cell
sizes than Jurkat cells after spike-in normalization. Without
spike-in normalization, the estimated cell size difference is less
pronounced between HEK and Jurkat cells than with spike-in
normalization (Fig. 1 C versus B), which is due to technical ef-
fects introduced during RNA extraction, amplification or se-
quencing. 

For this real data set, we then used mixtures of pure HEK
and pure Jurkat cells to generate cell-type-specific GEPs to
construct the signature matrix. All 14 bulk mixtures were used
to benchmark existing deconvolution methods against ground
truth measurements. For Sample 14, DWLS failed to converge
to a solution due to inconsistent constraints in the quadratic
programming optimization. Consequently, only the remaining
13 samples (which yielded valid predictions across all bench-
marking methods) are shown in Fig. 1 D. CIBERSORT, CIBER-
SORTx, CAMmarker [ 22 ], and EPIC [ 21 ] constructed sig-
nature matrices by normalizing the gene counts to CPM or
TPM, while DWLS, BayesPrism [ 17 ], MuSiC, and NNLS [ 14 ]
used raw gene counts. As expected, all methods yielded esti-

http://meichendong.github.io/SCDC
https://github.com/cozygene/bisque
https://bioconductor.org/packages/release/bioc/html/debCAM.html
https://github.com/Gfeller-Lab/EPIC
https://satijalab.org/seurat/
https://github.com/dmcable/spacexr
https://rubd.github.io/Giotto_site/
https://github.com/ZxZhou4150/Redeconve
https://github.com/Nanostring-Biostats/SpatialDecon/
https://github.com/MarcElosua/SPOTlight
https://github.com/diegommcc/SpatialDDLS
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Figure 1. Cell type composition in mixtures of two cell types of markedly different cellular RNA contents: HEK and Jurkat cells. ( A ) Scatter plot showing 
Pearson correlation between absolute RNA contents and real proportions of HEK cells for bulk mixtures. ( B ) Absolute RNA contents estimated using 
ERCC spike-in controls for each cell type. ( C ) RNA contents estimated by summing gene counts for each cell without ERCC spike-in normalization. ( D ) 
Performance of representative bulk deconvolution methods on the mixtures of HEK and Jurkat cells. CIBERSORT, CIBERSORTx, CAMmarker, and EPIC 

(upper panels) were applied to CPM or TPM-normalized data, while DWLS, BayesPrism, MuSiC, and NNLS (bottom panels) used raw gene counts. The 
estimated cell type proportions are plotted against the actual cell type proportions, with shapes for cell types (circles: HEK; diamonds: Jurkat) and colors 
distinguishing samples. 

 

 

 

 

 

 

 

 

 

 

 

 

mated cellular fractions that systematically deviated from the
actual cellular fractions (Fig. 1 D). Specifically, for the decon-
volution methods using a CPM- or TPM-normalized values,
cellular fractions of the HEK cell type, characterized by larger
cell size, were consistently overestimated. Conversely, cellu-
lar fractions for the Jurkat cell type, with smaller cell size,
were consistently underestimated (Fig. 1 D, top panels). The
potential source of this bias in cellular fraction estimations
is often overlooked because of the commonly held, though
rarely explicitly stated, assumption in deconvolution that the
absolute amount of total mRNA is equivalent across different
cell types. Both CPM and TPM-based methods intend to cor- 
rect for library size using count depth scaling and assume that 
all cells are initially characterized by an equivalent quantity 
of mRNA molecules [ 25 ]. As a result, they produce an erro- 
neous estimation of cellular fractions due to the marked dif- 
ference in cell sizes between the two cell types. Alternatively,
we also tested deconvolution methods using signature matri- 
ces of raw read counts. Since these methods do not correct for 
bias arising from ‘technical’ library size differences, cell sizes 
cannot be accurately estimated. As a result, the estimated cel- 
lular fractions did not align with the actual cellular fractions 



CSsingle: robust transcriptomic decomposition 9

(  

i  

d

A  

r

A  

d  

t  

o  

n  

m  

i  

m  

s  

d
 

t  

a  

t  

n  

t  

r  

s  

0  

w  

s  

s  

t  

c  

i  

r  

r  

E
 

n  

e  

a  

l  

i  

o  

p  

t  

s  

b  

t  

s  

v  

p  

g  

m  

e  

r  

t  

i  

f  

(  

c  

m  

n  

D  

u  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1 D, bottom panels) as well. These results highlighted the
mportance of incorporating cell size factors in computational
econvolution. 

n iteratively reweighted least-squares approach to
obustify deconvolution estimates 

n overview of CSsingle is shown in Fig. 2 A. CSsingle ad-
resses core challenges in cellular deconvolution through
hree integrated capabilities: (i) managing technical and bi-
logical variations between individual mixtures and the sig-
ature matrix by leveraging the sectional linear property of
arker genes; (ii) correcting for cell size bias in bulk data by

ncorporating explicit size coefficients into the deconvolution
odel; and (iii) enabling fine–grained spatial dissection of tis-

ue microenvironments through accurate spot–level cell type
econvolution. 
To model the impact of cell size variation on deconvolu-

ion, CSsingle represents the expression of marker gene i in
 mixed sample Y as yi =

∑ K 
j=1 c j xj si, j + εi . Here, xj denotes

he proportion of cell type j in the mixture y , si, j is the column-
ormalized expression level of gene i in cell type j, c j cap-
ures the cell-type-specific RNA content (cell size), and εi rep-
esents measurement noise and other unmodeled effects. The
ignature matrix S = [ si, j ] is normalized using counts per 10
00 (CP10K) to account for differences in sequencing depth,
hile c j explicitly corrects for cell size bias in bulk tran-

criptomic measurements. In CSsingle, c j is estimated from
cRNA-seq data using ERCC spike-ins [ 54 , 55 ], which provide
echnology-independent standards for absolute RNA quantifi-
ation and yield cell size estimates robust to technical variabil-
ty. When ERCC spike-ins are unavailable in the single-cell
eference, CSsingle applies a computational estimator to infer
elative cell sizes. We denote these two settings as ‘CSsingle-
RCC’ and ‘CSsingle-Comp’. 
Accurate deconvolution also requires correction for tech-

ical and biological discrepancies between mixture and refer-
nce profiles. To address this, CSsingle frames deconvolution
s a minimization problem solved via iteratively reweighted
east squares (IRLS). While IRLS has been previously applied
n deconvolution methods such as DWLS, a key innovation
f CSsingle lies in its initialization using the sectional linear
roperty of marker genes (Fig. 2 A). Unlike DWLS, which ini-
ializes weights using a standard (unweighted) least–squares
olution, CSsingle leverages the sectional linear relationship
etween individual cell type mixtures and the signature ma-
rix to derive a biologically informed, robust initial weight
et. This relationship is derived from two foundational decon-
olution assumptions: (i) the linear additivity of cell type ex-
ression profiles, and (ii) the restricted expression of marker
enes to specific cell types. CSsingle fits separate regression
odels per cell type. This cell-type-specific modeling focuses

stimation on the most reliable features for each cell type,
educing interference from unrelated or noisy genes. Genes
hat deviate significantly from the expected sectional linear-
ty are typically influenced by technical artifacts (e.g. plat-
orm bias or dropouts), or unmodeled biological variation
e.g. disease-state differences). By down-weighting such dis-
ordant genes during IRLS optimization, CSsingle effectively
itigates cross-source heterogeneity and enhances the robust-
ess of cell type proportion estimates. Additionally, unlike
WLS which uses quadratic programming and cannot nat-
rally accommodate cell size coefficients, CSsingle employs
non-negative least-squares (NNLS) that directly integrates the
cell size coefficients into the optimization objective. Critically,
CSsingle’s NNLS solver is tightly coupled with its cell size co-
efficients and novel weighting scheme, enabling simultaneous
correction of cell-type-specific RNA-content differences and
robust harmonization of data across platforms. 

To demonstrate and evaluate CSsingle-ERCC, we started
with aforementioned mixtures of HEK and Jurkat cells
(dataset from Fig. 1 D). To leverage the sectional linear prop-
erty of marker genes within real data, we first examined their
linear relationships on a per-cell-type basis. Cell-type-specific
GEPs for HEK and Jurkat cells were generated from pure-cell
mixtures to construct the signature matrix. In Supplementary
Fig. S1 A, we specifically fitted a linear regression model
( log yi = uj + log si, j ) for each cell type (solid lines). In the five
mixtures with varying HEK/Jurkat proportions, a strong lin-
ear relationship was observed between the HEK-specific GEPs
and the bulk mixture using HEK-specific marker genes (Pear-
son’s R > 0 . 9 ; Supplementary Fig. S1 A, top panels, Samples
04, 06, 08, 10 and 12). Similarly, Jurkat-specific marker genes
exhibited a strong linear relationship with the bulk mixture
(Pearson’s R > 0 . 8 ; Supplementary Fig. S1 A, bottom panels).
These results demonstrate the presence of a sectional linear
relationship between individual bulk mixtures and the sig-
nature matrix. CSsingle-ERCC leverages the sectional linear
relationship property to derive a robust and efficient set of
initial weights for IRLS ( Supplementary Fig. S1 B). Addition-
ally, CSsingle-ERCC employs ERCC spike-ins to estimate cell
sizes for HEK and Jurkat cells (Fig. 1 B). Given that HEK
cells possess ∼6–7 times the RNA content of Jurkat cells,
CSsingle-ERCC integrates cell size correction into its deconvo-
lution framework, which substantially improves the accuracy
of cell type proportion estimates over the uncorrected base-
line ( Supplementary Fig. S2 A and B). Accordingly, CSsingle-
ERCC provides accurate estimates of cellular fractions in var-
ious mixtures of HEK and Jurkat, significantly outperforming
10 conventional methods (Fig. 2 B and C). 

CSsingle corrects for the systematic 

underestimation of neutrophils in blood 

deconvolution 

Immune cells constitute a heterogeneous population with con-
siderable diversity in size, phenotype, and function. As high-
lighted in systemic immune analyses, the distribution of im-
mune cells by mass differs dramatically from their distribution
by number, a consequence of pronounced size heterogeneity
[ 56 ]. We then evaluated the performance of CSsingle in blood
deconvolution. We constructed a signature matrix capable of
distinguishing six major leukocyte subsets (B cells, Monocytes,
Neutrophils, NK cells, CD4 T cells, and CD8 T cells) based on
purified immune profiles generated by Linsley et al . [ 36 ]. This
matrix was applied to a validation cohort comprising bulk
RNA-seq profiles from whole blood samples of 12 healthy
adults with corresponding flow cytometry measurements serv-
ing as ground-truth cell type proportions [ 23 ]. 

In the absence of ERCC spike-ins, CSsingle-Comp applies a
computational framework that estimates cell size coefficients
from endogenous gene expression. The method innovatively
utilizes reconstruction residuals as an internal diagnostic for
detecting cell size biases. By analyzing correlations between
cell-type-specific expression profiles and reconstruction resid-
uals, CSsingle-Comp identifies which cell types require size

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag410#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag410#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag410#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag410#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag410#supplementary-data
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Figure 2. Schematic representation of the CSsingle workflow and performance validation. ( A ) CSsingle decomposes spatial and bulk transcriptomic data 
into a set of predefined cell types using the scRNA-seq or flow sorting reference. The main workflow is summarized in steps 1–5, each marked by a 
numbered circle. (B, C) Application of CSsingle to the deconvolution of bulk mixtures of HEK and Jurkat cells (dataset from Fig. 1 ). ( B ) The plot illustrates 
the estimated cell type proportions by CSsingle compared to the actual cell type proportions, with shapes for cell types (circles: HEK; diamonds: Jurkat) 
and colors distinguishing samples. ( C ) Boxplot depicting mean absolute deviation (mAD) between estimated and actual cell type proportions, with colors 
differentiating benchmark methods. The box encompasses quartiles of mAD, and whiskers span 1.5 × the interquartile range. CSsingle–ERCC: cell–size 
corrected via ERCC spike–ins; CSsingle: no size correction. MuSiC ∗: cell_size parameter estimated using ERCC spike–ins; MuSiC: cell_size estimated 
from data (default). 
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orrection and determines appropriate scaling factors. More
etails are provided in the ‘Materials and methods’ section.
s shown in Fig. 3 A, CSsingle-Comp applied larger scaling

actors to cell types that were overestimated without cell size
orrection, including B cells, monocytes, NK cells, and CD4
 cells. Conversely, it assigned smaller scaling factors to cell

ypes that were otherwise underestimated, such as neutrophils
nd CD8 T cells. This correction pattern aligns with fun-
amental biological differences between these immune pop-
lations. Neutrophils and monocytes originate from a com-
on granulocyte-monocyte progenitor, yet differ markedly in

ellular volume and abundance [ 56 ]. Although neutrophils
re the most abundant circulating leukocytes, their contribu-
ion to total immune cell RNA is systematically underrep-
esented, whereas monocytes contribute disproportionately
ue to their larger cell size [ 57 , 58 ]. When benchmarked
gainst ground-truth cell proportions from flow cytometry,
Ssingle-Comp achieved the highest concordance (Pearson’s
 = 0 . 98 , RMSD = 0 . 04 ; Fig. 3 B). In contrast, other meth-
ds, with the exception of EPIC, consistently underestimated
eutrophil proportions and overestimated monocyte propor-
ions (Fig. 3 B). The systematic overestimation of monocytes
nd underestimation of neutrophils in conventional deconvo-
ution therefore reflects the uncorrected bias introduced by
ifferences in cellular RNA content, which scales with cell size
ather than cell number (Fig. 3 C). 

We further benchmarked these bulk decomposition meth-
ds using real clinical samples. Specifically, we analyzed bulk
ranscriptomic data from a study involving influenza chal-
enge in healthy adults aged 18–45, who were vaccinated
ith the A/Wisconsin/67/2005 (H3N2) strain. Genome-wide

ene expression was evaluated in their peripheral blood us-
ng Affymetrix microarrays before the challenge and on
ays 2–7 after the challenge [ 37 ]. Prior studies have shown
hat NLR was associated with disease severity and mortal-
ty for influenza and Covid-19 patients [ 59–61 ]. Thus, the
bility to accurately deconvolve neutrophils and lympho-
ytes in blood samples has significant implications in clinical
pplications. 

To evaluate the performance of deconvolution methods,
e assessed the concordance between their estimates of neu-

rophil and lymphocyte proportions and standard laboratory-
erived measurements, with the latter obtained from a pre-
xisting study [ 62 ]. These laboratory-derived measurements
ere recorded daily from day 1 to day 7, along with a base-

ine measurement taken before inoculation. For deconvolu-
ion, we used the PBMC data set from an RNA-seq study [ 35 ]
s the reference. This reference data set contained profiles for
10 immune cells, grouped into three major cell populations:
eutrophils, lymphocytes, and non-neutrophil myeloid cells.
ell size estimates, obtained using ERCC spike-in controls, re-
ealed significant differences among the three cell populations
Kruskal–Wallis test, P < . 0001 ; Supplementary Fig. S3 ). 

We first compared the accuracy of all 12 methods in de-
onvolving neutrophils and lymphocytes using blood samples
rom SI adults, who exhibited noticeable signs of infection.
Ssingle with ERCC correction (CSsingle-ERCC) and compu-

ational correction (CSsingle-Comp) achieved the highest con-
ordance with the laboratory measurements, correcting the
ystematic neutrophil underestimation and lymphocyte over-
stimation observed across other methods ( Supplementary
igs S4 and S5 ). We further assessed temporal NLR dynamics,
 recognized marker of influenza progression [ 62 ]. The tem-
poral alterations in the NLR estimated by CSsingle-ERCC and
CSsingle-Comp showed excellent agreement with laboratory-
derived NLR measurements (Pearson’s R = 0 . 95 for CSsingle-
ERCC, R = 0 . 94 for CSsingle-Comp; Fig. 3 D). Although other
methods also displayed positive correlations between the es-
timated and laboratory measured NLRs (Pearson’s R > 0 . 8 ,
P < . 05 ; Fig. 3 D), their NLRs were consistently underesti-
mated across time points. These results demonstrate that CSs-
ingle, implemented with either ERCC or computational cor-
rection, accurately corrects both neutrophil proportions and
the NLR in whole blood samples, underscoring its potential
for clinical use. 

CSsingle corrects for the systematic 

underestimation of tumor purities in breast tumor 
deconvolution 

The proportion of malignant cells within a tumor mass, re-
ferred to as tumor purity, is a fundamental metric in cancer
research. Precise assessment of tumor purity is crucial for clin-
ical translation, as it directly informs prognostic stratification
and therapeutic response prediction [ 63 , 64 ]. However, ac-
curate deconvolution is challenged by the high heterogeneity
of the tumor microenvironment (TME), which encompasses
malignant, immune, and stromal components, each with dis-
tinct sizes and phenotypes. We next extended our analysis to
breast tumor data, where tumors were stratified by the clinical
subtypes HER2 + , triple-negative breast cancer (TNBC), and
ER + [ 42 ]. To evaluate performance, we first tested CSsingle-
Comp on simulated tumors reconstructed from single cells
of TNBC and ER + subtypes collected from Wu et al . [ 42 ].
Using HER2 + tumor cells from the same dataset as the ref-
erence, the resulting signature matrix distinguished 17 ma-
lignant and nonmalignant cell types. Evaluation on these re-
constructed breast tumor samples revealed that conventional
deconvolution methods, with the exception of CAMmarker,
systematically underestimated the proportion of cancer ep-
ithelial cells. In contrast, CSsingle-Comp achieved the best
concordance with ground-truth cell proportions (Pearson’s
R = 0 . 91 ; Fig. 4 A), followed by CIBERSORTx ( R = 0 . 8 ) and
CAMmarker ( R = 0 . 79 ). 

To extend our assessment to real clinical samples, we an-
alyzed 1093 breast tumors from TCGA [ 65 ], using the same
HER2 + tumor reference dataset employed in the simulated
analyses [ 42 ]. The cancer epithelial proportion predicted by
each method was taken as the tumor purity estimate. These
transcriptomic predictions were compared against genomic
consensus tumor purities derived from four DNA sequencing-
based methods (ABSOLUTE [ 66 ], AbsCNSeq [ 67 ], ASCAT
[ 68 ], and PurBayes [ 69 ]), following the approach reported in
Revkov et al . [ 70 ]. Benchmarked against the genomic con-
sensus purity, CSsingle-Comp achieved the highest correlation
(Pearson’s R = 0 . 69 ; Fig. 4 B), followed by DWLS ( R = 0 . 5 )
and CAMmarker ( R = 0 . 47 ). In contrast, conventional de-
convolution methods systematically underestimated purity in
the TCGA-BRCA cohort. CSsingle-Comp mitigates this issue
through integrated cell size correction, resulting in more ac-
curate tumor purity estimates that can strengthen the clinical
utility of transcriptomic data. 

CSsingle improves cross-source deconvolution 

To evaluate CSsingle’s robustness to cross-platform variation,
we further benchmarked the performance of CSsingle using

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag410#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag410#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag410#supplementary-data
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Figure 3. CSsingle corrects for the systematic underestimation of neutrophils in blood deconvolution. ( A ) Computational size factors correct 
deconvolution biases. Cell size factors estimated from computational correction are plotted against estimation errors derived without any size correction. 
( B ) Decomposition benchmark on bulk RNA-seq data from whole blood samples with corresponding flow cytometry measurements serving as 
ground-truth cell type proportions. The plot compares estimated versus ground-truth cell type proportions, colored by cell type identity. ( C ) Comparison 
of estimation error for monocytes and neutrophils across deconvolution methods. Positive values indicate overestimation; negative values indicate 
underestimation. ( D ) Correlation between laboratory-measured and estimated neutrophil-to-lymphocyte ratio (NLR) in symptomatic infected (SI) group of 
influenza H3N2. Data points are labeled by days post-inoculation, with the baseline representing pre-inoculation and day 1 indicating the inoculation day. 
The dashed line indicates perfect concordance ( y = x), and the solid line is a linear regression fit. 
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Figure 4. CSsingle corrects for the systematic underestimation of tumor purities in breast tumor deconvolution. ( A ) Decomposition benchmark on the 
simulated bulk data of breast tumor. The plot compares estimated versus ground-truth cell type proportions, colored by cell type identity. ( B ) Tumor 
purity estimation performance in 1093 The Cancer Genome Atlas (TCGA) breast cancer samples. Transcriptomic purity estimates from 12 deconvolution 
methods plotted against genomic consensus purity derived from DNA-sequencing. 
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Details of each data set are shown in Table 1 . 
an artificial pancreatic islet data set, where the bulk data and
reference data were generated on distinct platforms and un-
der varying disease conditions. Specifically, we constructed the
artificial bulk pancreatic islet mixtures by aggregating single
cells of six well-characterized cell types (alpha, beta, gamma,
delta, acinar, and ductal) for each healthy and diseased sam-
ple from Segerstolpe et al ., where single cells were profiled by
SMART-Seq2 [ 38 ]. We constructed the signature matrix us-
ing scRNA-seq data from healthy donors, sourced from two
studies: four cell types (alpha, beta, delta, and gamma) from
Xin et al . [ 39 ] and five cell types (alpha, beta, delta, acinar,
and ductal) from Lawlow et al . [ 40 ]. Both sets of single cells
were profiled by Fluidigm C1. In this context, the signature
matrix was built by integrating single cells from the two stud-
ies to obtain a more complete picture of the diverse cell types
that make up the tissue. For each cell type, we observed that
their specific GEPs within the signature matrix were well-
correlated with the healthy or T2D bulk mixture by applying
linear regression to their marker genes in log-scale via Eq. 3
( P < . 05 ; Supplementary Figs S6 A and S7 A). This analysis re-
vealed that the bulk mixtures remained sectional linear with
the signature matrix, despite being derived from different se-
quencing methods and different states of the disease. However,
considerable variations were observed for many genes. We
therefore hypothesized that these observed variations were,
to some extent, shaped by technical and biological differences
between the bulk mixture and signature matrix derived from
different sources. To take advantage of the good concordant
genes, CSsingle generated a set of initial coefficients by up-
weighting marker genes with lower expression and strong
concordance and down-weighting genes with higher expres-
sion and weak concordance between the bulk mixture and
signature matrix ( Supplementary Figs S6 B and S7 B). The re-
sults showed that CSsingle achieved the best performance
( R = 0 . 975 , mAD = 0 . 031 ) over all other methods, followed
by DWLS ( R = 0 . 952 , mAD = 0 . 052 ) and BayesPrism ( R =
0 . 938 , mAD = 0 . 051 ) ( Supplementary Table S1 ). Although
the signature matrix was only built from healthy samples, we
found that CSsingle proved adept at accurately estimating the
fractions of major and minor cell types for both healthy and
T2D bulk mixtures (Fig. 5 A and Supplementary Fig. S8 ). No-
tably, CSsingle-Comp performed comparably to CSsingle, sug-
gesting that cell size bias does not significantly influence these
experiments and allowing us to assess cross–source robustness
without confounding from size effects. 

The proliferation of diverse scRNA–seq protocols ne-
cessitates deconvolution methods that are robust to
platform–specific technical variation. To benchmark dif-
ferent deconvolution methods in this challenging but realistic
scenario, we considered a benchmark data set introduced by
Ding et al . [ 34 ], who were among the first to systematically
examine how well scRNA-seq methods captured biological
information. This data set profiled human PBMCs sam-
ples employing two low-throughput plate-based methods,
Smart-seq2 and CEL-Seq2, alongside five high-throughput
methods: 10x Chromium v2, 10x Chromium v3, Drop-seq,
Seq-Well, and inDrops. SMART-Seq2 prepares full-length
libraries, which is essentially identical to the process used
in bulk RNA-seq. We created artificial bulk RNA-seq data
using PBMCs single cells profiled by the SMART-Seq2
protocol. Subsequently, we built signature matrices using
scRNA-seq data derived from six distinct scRNA-seq meth-
ods (10x Chromium v2, 10x Chromium v3, CEL-seq2,
Drop-seq, inDrops, and Seq-Well), all of which incorporate 
UMIs. CSsingle–Comp yielded results identical to CSsingle 
on five platforms and marginally improved performance 
on Seq–Well, suggesting that cell size bias is not a ma- 
jor confounder in these experiments (Fig. 5 B). Across all 
six platforms, CSsingle consistently achieved high preci- 
sion (Fig. 5 B, R = 0 . 821 − 0 . 948 ; Supplementary Fig. S9 ,
mAD = 0 . 034 − 0 . 062 ; Supplementary Table S2 ), with 

strong performance on challenging datasets such as 
Drop–seq ( R = 0 . 948 , mAD = 0 . 034 ) and CEL–Seq2 

( R = 0 . 934 , mAD = 0 . 035 ). While DWLS performed 

comparably with CSsingle on 10x Chromium v2 

( R = 0 . 904 versus CSsingle R = 0 . 859 ), its accuracy 
dropped substantially on other platforms such as Drop–seq 

( R = 0 . 377 , mAD = 0 . 109 ). CIBERSORT, BisqueRNA,
and CAMmarker maintained moderate performance on 

most platforms ( R = 0 . 553 − 0 . 848 , 0 . 421 − 0 . 885 , and
0 . 509 − 0 . 797 , respectively), while CIBERSORTx’s per- 
formance varied substantially by platform, excelling on 

CEL–Seq2 ( R = 0 . 861 ) but performing poorly on Drop–seq 

( R = 0 . 375 ). Methods including BayesPrism, MuSiC, SCDC,
NNLS, and EPIC showed inconsistent or negative corre- 
lations on several platforms, indicating limited robustness 
to technical variation. Furthermore, CSsingle achieved the 
smallest RMSD and mAD for four out of five cell types 
( Supplementary Table S3 ). These results demonstrate that 
CSsingle maintains robust deconvolution performance across 
diverse experimental protocols, underscoring its utility for 
cross–platform integrative analyses. 

Finally, to assess the effectiveness of the sectional linear ini- 
tialization, we compared CSsingle against a version initial- 
ized with constant gene weights. The adaptive weighting of 
strongly concordant genes in CSsingle led to a significant per- 
formance improvement over the constant-weight approach,
confirming the value of the sectional-linear property for ro- 
bust initialization ( Supplementary Fig. S10 ). 

CSsingle accurately estimates spatial distribution 

of cells from 10x visium mouse brain cortex 

We extended CSsingle to ST to address the sparse and noisy 
nature of ST data, where low mRNA capture efficiency per 
spot obscures true expression signals and complicates de- 
convolution. We refer to this extension as CSsingle-Spatial.
CSsingle-Spatial enhances ST deconvolution by detecting cell 
type enrichment at single-spot resolution rather than relying 
on pre-clustered spatial regions, amplifying cell-type-specific 
signals to mitigate noise (detailed in the ‘Materials and meth- 
ods’ section). We first validated this approach on simulated ST 

data. To build a simulated ST data set, we used the CellTrek 

tool [ 45 ] to spatially align a well-annotated mouse scRNA-seq 

data set of primary visual cortex from the Allen Brain Atlas 
with a corresponding 10x Visium ST data set from the mouse 
frontal cortex [ 71 ], thereby generating a simulated ST data 
set with single cell resolution. We then established 200 × 200 

squares to serve as simulated spots and created spot-level ex- 
pression profiles by aggregating gene expression data from all 
cells within each square. The coordinates of the first cell in a 
square were designated as the spot location. For signature ma- 
trix construction, we used an independent Smart-seq2 scRNA- 
seq data set from the adult mouse primary visual cortex [ 44 ].

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag410#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag410#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag410#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag410#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag410#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag410#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag410#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag410#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag410#supplementary-data
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Figure 5. CSsingle improves cross-source deconvolution. ( A ) Jitter plots displaying true and estimated cell type proportions in pancreatic islet. Each color 
represents a benchmarked method. Healthy subjects are denoted as dots while T2D subjects are denoted as triangles. ( B ) Decomposition benchmark of 
human PBMC using scRNA-seq reference data derived from six distinct scRNA-seq methods (10x Chromium v2, 10x Chromium v3, CEL-seq2, Drop-seq, 
inDrops, and Seq-Well). 
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We first applied CSsingle-Spatial to estimate the propor-
tions of three main cortical cell types: GABAergic, glutamater-
gic, and non-neuronal cells, and compared its performance
to leading ST deconvolution methods. The results demon-
strated that CSsingle-Spatial’s predictions were highly corre-
lated with the actual cell type distributions (Pearson’s R =
0 . 97 ), far exceeding the performance of seven state-of-the-
art methods ( R = −0 . 02 − 0 . 89 ; Fig. 6 A; ground truth shown
in Supplementary Fig. S11 A). We further challenged CSsingle-
Spatial to predict the spatial distribution of neuron subtypes.
CSsingle-Spatial ( R = 0 . 96 ) again achieved the best perfor-
mance, followed by SpatialDWLS [ 27 ] ( R = 0 . 94 ) and Seurat
[ 26 ] ( R = 0 . 91 ), with all three methods showing high consis-
tency with the known locations of these subtypes across the
cortex layers (Fig. 6 B; ground truth shown in Supplementary
Fig. S11 B). In contrast, RCTD [ 29 ] displayed ectopic mapping
of L4 and L6 neurons to L5, while four other methods, includ-
ing Redeconve [ 31 ], SpatialDecon [ 30 ], SPOTlight [ 28 ], and
SpatialDDLS [ 32 ] failed to accurately reconstruct the layered
structure. Overall, CSsingle-Spatial accurately mapped both
the major and minor neuronal subclusters in the cortex region,
demonstrating its reliability in predicting cell type spatial dis-
tributions. 

In this study, we assessed whether the incorporation of cell
size coefficients, estimated by ERCC spike-ins from single-
cell reference data, improves the deconvolution accuracy of
CSsingle-Spatial in ST datasets. Parallel analyses were per-
formed with and without cell size correction. Although cell
sizes differed significantly among the three main clusters
and nine neuronal subclusters ( P < .001, Kruskal–Wallis test;
Supplementary Fig. S12 A and B), no significant difference in
deconvolution accuracy was observed between the corrected
and uncorrected models ( Supplementary Fig. S12 C and D).
This finding contrasts with results in bulk RNA-seq, where
cell size correction is crucial. In 2D ST data, tissue sectioning
captures only a portion of each cell, leading to incomplete cel-
lular RNA recovery and reduced sensitivity of cell size-based
expression differences. Additionally, spatial complexity, such
as overlapping cells and mixed cellular neighborhoods, likely
overshadow the influence of absolute RNA content, diminish-
ing the effect of cell size correction on deconvolution accuracy
in spatially resolved data. 

CSsingle preserves local spatial heterogeneity in 

the developing human pancreas 

To test CSsingle-Spatial’s capability to capture fine–grained
spatial structure, we extended our analysis to a human fetal
pancreas ST dataset. This dataset generated using 10x Visium
spans four key developmental time points: 12, 15, 18, and 20
postconception weeks (PCW) [ 48 ]. We began by benchmark-
ing CSsingle-Spatial to evaluate its accuracy in estimating the
spatial distribution of cell types using simulated ST data of the
human pancreas. To construct the simulated ST dataset, we
aligned the 10x Genomics scRNA-seq data of human adult
pancreas [ 47 ] with 10x Visium ST data from seven human fe-
tal pancreas slides [ 48 ] using CellTrek, thus generating a sim-
ulated ST data set with single cell resolution. Subsequently, we
established 150 × 150 squares to serve as simulated spots and
created spot-level expression profiles by aggregating gene ex-
pression data from all cells within each square. To build the
signature matrix, we used an independent scRNA-seq dataset
of the human fetal pancreas at 12 PCW, generated using
CEL-seq2 [ 46 ]. We evaluated local deconvolution consistency 
by comparing neighborhood variance between estimated and 

ground–truth cell–type proportions. For each ST slide, we 
identified the six nearest neighbors per spot and calculated the 
variance of cell–type proportions within each neighborhood.
Across seven pancreatic ST slides, CSsingle-Spatial showed 

high correlation with true neighborhood variances, while 
other methods systematically underestimated local hetero- 
geneity (Fig. 7 A and Supplementary Figs S13 –S15 ). The results 
confirm that CSsingle-Spatial preserves biologically relevant 
spatial variability while other methods tend to oversmooth 

spatial patterns, directly reflecting CSsingle-Spatial’s supe- 
rior ability to capture fine–grained spatial structure. Bench- 
marking on seven simulated ST slides demonstrated that 
CSsingle-Spatial achieved the highest correlation with ac- 
tual cell-type distributions (mean Pearson’s R = 0 . 90 , mean 

mAD = 0 . 05 ), outperforming seven state-of-the-art ST de- 
convolution methods (mean Pearson’s R = 0 . 19 − 0 . 84 ; mean 

mAD = 0 . 08 − 0 . 21 , Fig. 7 B). Notably, despite significant dif-
ferences in cell size across the seven pancreatic cell types ( P 

< .001, Kruskal–Wallis test; Supplementary Fig. S16 A), ap- 
plying the same cell size coefficients (estimated from ERCC 

spike–ins) uniformly across all spatial spots again yielded no 

significant improvement in spatial deconvolution accuracy for 
the pancreatic dataset ( Supplementary Fig. S16 B), consistent 
with our earlier findings in brain ST data and confirming its 
limited impact on spatial deconvolution accuracy. We there- 
fore performed all subsequent ST analyses without cell size 
correction. 

We next applied CSsingle-Spatial to decompose cell types 
in the real human pancreas ST data set [ 48 ]. In the absence 
of ground truth labels, predictions were validated using two 

complementary approaches: visual agreement with classical 
and well-established marker-gene expression patterns (mes- 
enchyme: COL1A1; alpha: GCG; beta: INS; delta: SST; aci- 
nar: PRSS1; duct: KRT19; endothelial: ESAM [ 46 ]) and cor- 
relation with ssGSEA (single-sample gene set enrichment anal- 
ysis) enrichment scores derived from the top 50 marker genes 
per cell type. The spatial distribution of cell types predicted 

by CSsingle-Spatial aligns closely with classical marker gene 
expression patterns ( Supplementary Figs S17 –S23 ). More- 
over, CSsingle–Spatial achieved the highest correlation with 

ssGSEA enrichment scores in four of seven slides and the 
second–highest in the remaining three, demonstrating supe- 
rior and consistent performance across all slides compared to 

seven benchmark methods (Fig. 7 C). To investigate develop- 
mental dynamics, we analyzed cell type abundances across 
four developmental stages. Our analysis reveals that mes- 
enchymal cells were predominant at 12 and 15 PCW, while 
acinar cells became the dominant population at 18 and 20 

PCW. The abundance of mesenchymal cells decreased sharply 
from 24% at 15 PCW to 17% at 18 PCW, whereas the abun- 
dance of acinar cells increased from 19% at 15 PCW to 

33% at 18 PCW (Fig. 7 D). This reciprocal shift likely reflects 
changes in epithelial proliferation or the development loss of 
mesenchymal cells. Consistent with our findings, prior stud- 
ies have established that mesenchymal-epithelial interactions 
promote epithelial proliferation migration during organogen- 
esis [ 72 , 73 ]. 

To further investigate the interaction between mesenchy- 
mal and epithelial cells deconvoluted by CSsingle-Spatial,
we analyzed this real ST data set to identify spatially adja- 
cent MAIs. These interactions were significantly elevated at 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag410#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag410#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag410#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag410#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag410#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag410#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag410#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag410#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag410#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag410#supplementary-data
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Figure 6. CSsingle-Spatial accurately resolves cellular composition in mouse brain. Estimated cell–type proportions are visualized as pie charts at each 
spatial spot for ( A ) three major cell classes and ( B ) nine neuronal subtypes. 
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5–20 PCW ( Supplementary Fig. S24 A). To identify path-
ays associated with MAI, we performed an ssGSEA anal-
sis using Hallmark and Reactome gene sets [ 74 ] from the
olecular Signatures Database. Analysis of the Hallmark

ene sets revealed a significant enrichment of the sets of
arget genes of epithelial-to-mesenchymal transition (EMT)
nd MYC in MAI, with enrichment scores notably higher
n MAIs compared to other spots at 15, 18, and 20 PCW
 Supplementary Fig. S24 B). Furthermore, analysis of the Re-
actome pathways revealed that MET-mediated activation of
the PTK2 (Focal Adhesion Kinase) signaling pathway was
significantly enriched in MAIs compared to other spots at
15, 18, and 20 PCW (Fig. 7 E). Together, these findings high-
light the critical role of MAIs in activating pathways linked
to mesenchymal-epithelial transition, MYC-driven transcrip-
tional regulation, cell adhesion and proliferation, support-
ing their contribution to tissue remodeling during pancreatic
development. 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag410#supplementary-data
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Figure 7. CSsingle-Spatial preserves local spatial heterogeneity. ( A ) Comparison of neighborhood variance between estimated and ground–truth 
cell–type proportions on simulated ST data of tissue section 1 from human fetal pancreas at 15 postconception week (PCW). Reported ‘R’ corresponds 
to Pearson’s correlation coefficient and P -values indicate the significance of these correlations. Points are colored by cell type. The dashed line indicates 
perfect concordance ( y = x), and the solid line is a linear regression fit. ( B ) Decomposition benchmark in simulated ST data of human pancreas. ( C ) 
Spearman correlation comparison between estimated cell type proportions and cell type enrichment scores in real spatial data. ( D ) Temporal changes in 
mesenchymal and acinar cell abundance during pancreas development. ( E ) Reactome pathway analysis shows elevated MET-mediated PTK2 signaling in 
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Ssingle stratifies spatially meaningful niches in 

umor colon tissue 

e next evaluated CSsingle-Spatial’s ability to stratify spa-
ially and functionally distinct niches in colon cancer TME.
o regionally dissect spatial heterogeneity within the colon
ancer TME, we deconvolved ST spots using 10x Visium
ata from a primary colon tumor tissue sample (ST-P1)
 50 ]. To build the signature matrix, we used an independent
cRNA-seq dataset of human colorectal cancer, generated us-
ng 10x Genomics [ 49 ]. The spatial distributions predicted
y CSsingle-Spatial and other methods are shown in Fig. 8 A.
ierarchical clustering of CSsingle-Spatial-estimated cellu-

ar abundances delineated four spatially distinct niches, each
haracterized by different cellular components (Fig. 8 B): C1
malignant-dominant), C2 (vascular/stromal-dominant), C3
fibroblast-dominant), and C4 (normal epithelial-dominant).
 detailed spatial niche map (Fig. 8 C) illustrates the tissue
rchitecture in colon cancer. Malignant-dominant (C1) and
broblast-dominant niches (C3) exhibit spatial confinement.
ormal epithelial-dominant niches (C4) are predominantly

ocated in the periphery of the tissue, while vascular/stromal-
ominant niches (C2) serve as a critical interface between
4 and tumor-driven stromal invasion (C1/C3). The UMAP

Uniform Manifold Approximation and Projection) embed-
ings showed clear segregation of C1, C3, and C4 into dis-
inct groups, with partial overlap between C2 and C3, indicat-
ng transcriptomic similarity between these stromal-dominant
iches that align with their spatial adjacency in tissue (Fig.
 D). Aggregation of the top 25 niche-specific upregulated
enes demonstrated strong spatial co-expression patterns,
onfirming the biological coherence of each niche and reveal-
ng distinct spatial expression domains that further delineate
unctional subregions within the TME (Fig. 8 E). These find-
ngs show that CSsingle-Spatial resolves niches with both spa-
ial cohesion and transcriptomic coherence. 

Functional annotation analyses of niche-specific upregu-
ated genes revealed distinct pathway activations across the
iches (Fig. 8 B). Normal epithelial-dominant niches (C4)
howed upregulation of genes associated with the p53 path-
ay. In contrast, malignant-dominant niches (C1) exhibited

levated expression of genes associated with the MYC targets
1, while fibroblast-dominant niches (C3) showed upregula-
ion of genes involved in EMT, highlighting their complemen-
ary roles as drivers of tumor progression within the colon
ancer TME. Located adjacent to tumor and epithelial regions
ithin the lamina propria, the C2 niches displayed elevated

xpression of mitotic activity genes, indicative of proliferative
ascular remodeling. Further analysis revealed consistent up-
egulation of ISC signature genes (AXIN2, EPHB2, ASCL2,
GR5, RGMB, SMOC2) across the C1, C2, and C3 niches,

ndicating activation of stem-like molecular programs in both
alignant and stromal compartments (Fig. 8 F). Critically, C3
niquely co-upregulated EMT, immune exhaustion, and stem-
ess signatures, indicating a fibroblast-rich niche that may
rive tumor plasticity and immunosuppression. These results
emonstrate that CSsingle-Spatial uniquely captures fine-scale
patial organization and functionally specialized niches within
omplex TMEs. 

Among the benchmarked methods, Seurat and Spa-
ialDWLS also identified spatial confinement of malignant-
ominant niches (C1) and fibroblast-dominant niches (C3),
hile Seurat, SpatialDWLS, RCTD, and Redecovne detected
ormal epithelial-dominant niches (C4) (Fig. 8 A). Criti-
cally, only CSsingle-Spatial resolved the vascular/stromal-
dominant niche (C2), which remained undetected by all
other approaches. Collectively, these results demonstrate that
CSsingle-Spatial’s superior niche resolution compared to ex-
isting deconvolution approaches. 

Evaluation of signature matrix robustness 

The construction of a signature matrix is a process of feature
selection. To achieve this, we first identified differentially ex-
pressed genes between each cell type and all other cell types
based on the thresholds of an FDR adjusted P -value of < 0.01
and a log 2 mean fold change > 0.25. Next, for each cell type,
we ranked the differentially expressed genes by their P -values
and selected the top N genes to build the signature matrix. In
this study, the value of N ranged from 50 to 200, increasing
by 50 at each step. We selected the optimal N for constructing
a robust signature matrix by maximizing the Spearman corre-
lation between the inferred and real bulk gene expression ma-
trices (see the ‘Materials and methods’ section). Traditionally,
the stability of a signature matrix has been evaluated using the
two norm condition number, and the signature matrix with
the minimum condition number was retained [ 15 , 20 ]. Here,
we explored whether these two strategies achieved consistent
results by integrating CSsingle with a signature matrix gener-
ated from each. We systematically evaluated the deconvolu-
tion results on six artificial bulk RNA-seq data sets of PBMC
studied in Fig. 5 B. The results showed that CSsingle exhibited
comparable performance using both strategies for building the
optimal signature matrix ( Supplementary Fig. S25 ), highlight-
ing the robustness and flexibility of CSsingle in handling dif-
ferent matrix construction approaches. 

Furthermore, since computational efficiency and deconvo-
lution accuracy also depend on the step size used in generating
the final signature matrix, we conducted an additional experi-
ment. We assessed the runtime and deconvolution accuracy as
the step size decreased from 50 to 1. On six data sets, a step
size of 50 achieved performance comparable to a step size of
1 while significantly improving computational efficiency and
robustness ( Supplementary Table S4 ). 

Discussion 

Accurate decomposition of cell type mixtures is critical for
studying cellular heterogeneity in clinical studies and spatial
biology research. In this study, we introduce CSsingle, a uni-
fied deconvolution framework that overcomes two persistent
barriers in the field: (i) the systematic bias introduced by vari-
ations in cellular RNA content, and (ii) the harmonization of
data across diverse platforms and biological sources. 

A core contribution of CSsingle is its explicit correction for
cell size bias, a source of systematic error critically overlooked
in conventional deconvolution. A common assumption preva-
lent in transcriptomic analysis, including cell type decom-
position, is that most genes exhibit stable expression across
cells, implying that RNA content remains constant across cell
types. However, substantial evidence from many studies indi-
cates frequent violations of this assumption [ 75 , 76 ]. Our re-
sults demonstrate that violating this assumption leads to pre-
dictable, systematic errors. CSsingle overcomes this by incor-
porating cell size coefficients derived from ERCC spike-ins or,
in their absence, a novel computational correction approach
based on reconstruction residuals. The practical impact of

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag410#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag410#supplementary-data
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Figure 8. CSsingle-Spatial delineates four spatially distinct niches within the colon cancer TME. ( A ) Decomposition benchmark on tumor colon tissue. ( B ) 
Hierarchical clustering of cellular compositions estimated by CSsingle-Spatial segregated spatial spots into four niche categories, with enriched hallmark 
gene sets indicating functional specialization. ( C ) The spatial niche map. ( D ) UMAP visualization of four spatial niches identified by CSsingle-Spatial. ( E ) 
Feature plots of aggregated top 25 niche-specific upregulated genes reveal coordinated co-expression patterns. ( F ) The expression of well-established 
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ell size correction is demonstrated in two critical biological
ontexts where conventional methods fail. First, in blood de-
onvolution, conventional methods like CIBERSORT, DWLS,
nd MuSiC consistently underestimate neutrophil propor-
ions while overestimating monocytes. Neutrophils, the most
bundant leukocytes, typically have a smaller cellular RNA
ontent compared to monocytes, leading to their systematic
nder-representation in size-unaware deconvolution. CSsin-
le’s explicit size correction successfully resolves this propor-
ional bias, yielding neutrophil and monocyte estimates that
lign closely with flow cytometry and enabling an accurate
rediction of the clinically relevant NLR. Second, in solid tu-
or analysis, we observed a parallel systematic underestima-

ion of tumor purity in breast cancer samples. Tumor purity
s a fundamental confounder in cancer genomics that affects
he interpretation of therapeutic response biomarkers. Malig-
ant epithelial cells often exhibit distinct RNA content com-
ared to the surrounding stroma and immune infiltrate. By
ccounting for variations in cellular RNA content, CSsingle
roduced tumor purity estimates that showed superior con-
ordance with genomic consensus measures for TCGA-BRCA,
 crucial advancement for prognostic and therapeutic studies
here accurate tumor purity is paramount. 
In contrast to bulk RNA-seq, applying uniform cell size cor-

ection across all spatial spots did not significantly improve
econvolution accuracy in ST. These results may be attributed
o the dominant influence of incomplete cells captured by 2D
lides and partial cell overlaps in ST data, which can obscure
he impact of cell size differences. Additionally, the limited res-
lution of spatial platforms may render cell size adjustments

nadequate at the spot level. Instead, CSsingle-Spatial’s advan-
age lies in its ability to preserve and resolve local hetero-
eneity through single-spot enrichment analysis, avoiding the
moothing inherent in region-based-enriched or nonenriched
econvolution approaches. This is illustrated in the develop-
ng human pancreas, where CSsingle-Spatial maintained high
orrelation with true neighborhood variance, capturing fine-
rained spatial patterns that other methods obscured. Further-
ore, in complex tissue architectures like colon cancer, this

ensitivity enabled the identification of spatially and function-
lly distinct niches that were obscured by other approaches.
hese fine-scale analyses demonstrate CSsingle-Spatial’s po-

ential to advance our understanding of cellular interactions
nd tissue architecture, particularly within complex and het-
rogeneous microenvironments. 

Deconvolution is further challenged by the need to integrate
ata from diverse experimental platforms and biological con-
itions. CSsingle addresses this through its robust cross-source
armonization, which leverages sectional-linearity initializa-
ion and adaptive weighting to mitigate technical and biolog-
cal biases between reference and mixture data. Benchmarks
n pancreatic islet and PBMC datasets generated with multi-
le single-cell protocols confirm that CSsingle maintains high
ccuracy across platforms, enabling reliable cell-type inference
rrespective of sequencing technology or disease context. This
ersatility underscores CSsingle’s broad applicability in inte-
rative transcriptomic analysis. 
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