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Alleviating batch effects in cell type
deconvolution with SCCAF-D

Shuo Feng1,2,10, Liangfeng Huang 1,3,10, Anna Vathrakokoili Pournara 4,
Ziliang Huang1, Xinlu Yang5, Yongjian Zhang6, Alvis Brazma 4, Ming Shi 7 ,
Irene Papatheodorou 8,9 & Zhichao Miao 1,3,4

Cell type deconvolution methods can impute cell proportions from bulk
transcriptomics data, revealing changes in disease progression or organ
development. But benchmarking studies often use simulated bulk data from
the same source as the reference, which limits its application scenarios. This
study examines batch effects in deconvolution and introduces SCCAF-D, a
computational workflow that ensures a Pearson Correlation Coefficient above
0.75 across simulated and real bulk data for various tissue types. Applied to
non-alcoholic fatty liver disease, SCCAF-D unveils meaningful insights into
changes in cell proportions during disease progression.

Understanding the cell-type composition change during disease pro-
gression is critical in studying disease mechanisms1. To date, some
large-scale databases, including the Gene Expression Omnibus (GEO)2,
ArrayExpress3, Genotype-Tissue Expression (GTEx)4, The Cancer Gen-
ome Atlas (TCGA)5, Therapeutically Applicable Research To Generate
Effective Treatments (TARGET) (https://ocg.cancer.gov/programmes/
target), International Cancer Genome Consortium (ICGC)6, and etc,
have amassed extensive repositories of bulk RNA sequencing (RNA-
seq) data resources crucial for both biological and clinical investiga-
tions. Of note, bulk RNA-seq fails to discern gene expression differ-
ences among individual cells, thereby masking cellular heterogeneity.
For instance, a significant risk factor for the progression from non-
alcoholic fatty liver disease (NAFLD) to hepatocellular carcinoma
(HCC) is the degree of liver fibrosis7. The existing databases encom-
pass vast quantities of bulk RNA-seq data pertaining to liver fibrosis
staging, yet they lack key information on cellular proportion changes
during disease progression. Deconvolving bulkRNA-seq samples using
reference data provides an alternative, which may make full reuse of
the existing bulk RNA-seq data by generating the cell composition of

these samples8–17, indicating the biological variation during disease
progression.

Tens of computational deconvolution methods have been pro-
posed, while reference-based methods are more accurate when reli-
able reference data is available11,18. Before applying deconvolution
algorithms, it is necessary to benchmark their capabilities and limita-
tions with “gold standard” datasets of known cell proportions. For the
establishment of “gold standard” benchmark data, one approach is to
determine the cell proportion in bulk data using alternative experi-
ments, e.g., flow cytometry and immunohistochemistry, when iden-
tical samples are available. Another approach takes single-cell RNA
sequencing19 (scRNA-seq) data as ground truth and simulates bulk
RNA-seq data, as ‘pseudobulk’18,20, by aggregating the expression
values in scRNA-seq, where the cell composition is known. Based on
this ‘pseudobulk’ simulation, some previous benchmark studies18 used
a ‘self-reference’ setting, in which both the simulated ‘pseudobulk’ and
the referencedata originate from the samedataset. However, this “self-
reference” setting may not accurately represent a realistic scenario
where batch effects exist. In realistic applications of deconvolution,
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the bulk data and the reference data normally come from different
experimental batches, studies or sources, termed as a ‘cross-reference’
setting. Considering batch effects can arise when adding replicates
from different sources, such as laboratories, donors, or sequencing
platforms, using reference data in cell type deconvolution from a dif-
ferent source may lead to unexpected variations. Therefore, we term
this situation as batch effects in deconvolution, which should be
benchmarked with a ‘cross-reference’ setting. To date, benchmarking
of cell type deconvolution has exclusively been conducted under the
‘self-reference’ setting, leaving the performance of deconvolution in
the ‘cross-reference’ setting unclear.

This work demonstrates that batch effects in the ‘cross-reference’
setting affect the deconvolution accuracy to a large extent, while the
existing deconvolution approaches show limited capabilities in deal-
ing with such batch effects. Therefore, we present ‘SCCAF-D’ (Single-
Cell Clustering Assessment Framework optimised reference for
Deconvolution), a framework that achieves stable accuracies about
0.75 Pearson Correlation Coefficient (PCC) in a ‘cross-reference’ set-
ting via optimally prepared reference data. In particular, we delineate
the capabilities and robustness of SCCAF-D through the benchmarking
of both simulated datasets across five different tissues and eight real
bulk datasets from both healthy and diseased samples. Applying
SCCAF-D to bulk NAFLD data, we discover the continuous cell pro-
portion changes of cholangiocytes, hepatic stellate cells (HSCs), and
hepatocytes during disease progression.

Results
Batch effects hinder cell type deconvolution
Wehave observed inconsistencies in cell proportion statistics across 15
datasets due todonor, study, and sequencing technology effects (Fig. 1
and Supplementary Figs. 1, 2). According to the human pancreas
single-cell datasets from Baron et al.21, distinct cell types are clearly
discriminated in the Uniform Manifold Approximation and Projection
(UMAP) through our analysis (Fig. 1a). Donor effects manifest in both
variations in the gene expression profile (Fig. 1b) and the cell propor-
tion (Fig. 1c and Supplementary Data 1). For instance, acinar cells were
exclusively observed in donors 1 and 3 but not in donors 2 and 4.
Notably, suchbatcheffects in the transcriptional profiles and in the cell
proportions also exist between different single-cell studies (Fig. 1d–f).
And the cell proportions also differ among samples in bulk RNA-seq
(Fig. 1g) or scRNA-seq (Fig. 1h), resulting in unforeseen biases in
deconvolution.

To understand the deconvolution capability in a ‘cross-reference’
setting, we first identified candidate algorithms from a ‘self-reference’
benchmarking of 25 deconvolution algorithms on 44 datasets (Sup-
plementary Data 2). Here, we define ‘self-reference’ as the situation
when the simulated pseudobulk data for testing comes from the same
dataset as the reference data, while ‘self-reference’ is assumed to be a
simpler case than ‘cross-reference’. Six top-ranking algorithms
(DWLS22, FARDEEP14, MuSiC23, NNLS24, RLR (see Methods), and
EpiDISH12) (Supplementary Fig. 3 and Supplementary Data 3) accord-
ing to the ‘self-reference’ results, were used for ‘cross-reference’ stu-
dies. Several ‘cross-reference’ studies were designed as below. In a
‘cross-donor’ setting, single-cell data (Barga et al.25) from one donor is
used to simulate ‘pseudobulk’, while data from another donor is used
as reference. The deconvolution approach using the DWLS algorithm
yields varying accuracies depending on simulated bulk and reference
data utilised (Fig. 1i, j). Subsequently, in a ‘cross-study’ setting, data
from one study is used to simulate ‘pseudobulk’, while another study
of the same experiment is used as reference. When the dataset from
Marquina-Sanchez et al.26 was treated as pseudobulk and the dataset
from Muraro et al.27 was used as the reference, the predicted propor-
tions of the seven cell types (including alpha, beta, and duct cells)
showed a PCCof 0.59with the ground truth (Fig. 1k). Conversely, when
the Muraro et al.27 dataset was used as pseudobulk and the Marquina-

Sanchez et al.26 dataset served as the reference, the predicted cell type
proportions exhibited a higher PCC of 0.85 with the ground truth
(Fig. 1l). It shows similar results as in the ‘cross-donor’ setting, while
certain cell types are either overestimated or under-estimated, indi-
cating the batch effects. Importantly, all algorithms are affected by
such batch effects to a certain extent (Supplementary Fig. 4), sug-
gesting the necessity of alleviating batch effects in deconvolution.

SCCAF-D: Alleviating batch effects in deconvolution using
optimised references
The deconvolution accuracy highly depends on the reference data,
whose quality is not detectable a priori. To achieve stable deconvolu-
tion accuracy, we introduce SCCAF-D, a computational framework
designed to alleviate batch effects through optimised single-cell
references, coupled with the DWLS algorithm to infer cell-type com-
position from bulk-profiled samples. It first integrates multiple data-
sets and selects the ‘self-consistent’ part of the data as reference. Given
that a single dataset can be biased on certain batch effects, SCCAF-D
integrates multiple datasets to optimise the cell type annotation for
the reference data. Specifically, SCCAF-D integrates datasets by using
Harmony28 and then re-annotates the cell type according to the Leiden
clustering and cell type labels obtained from the original publications,
resulting in a more coherent cell type annotation across datasets.

Although multiple datasets suffer from batch effects, they share
the same biology, which should be ‘self-consistent’. Therefore, if a
machine learning model can effectively extract the biology from part
of the dataset, it should successfully recover the cell type labels in the
rest of the data. SCCAF-D selects a ‘self-consistent’ part of the data as
an optimised reference based on a ‘self-projection’ approach29. It first
trains amachine learning (Logistic Regression)model based on part of
the data together with the cell type labels, and predicts the cell types
labels on the rest of the data, known as ‘self-projection’29 (Fig. 2, see
Methods). A cell whose original cell type label is the same as the
machine learning assigned label is ‘self-consistent’, meaning that its
expression profile is discriminative in machine learning. We hypothe-
sise that each cell type has a set of differentially expressed genes
that allow it to distinguish from other cell types. If the labels are self-
consistent, the differentially expressed genes can be encoded both by
the machine learning model and its original gene expression profile.
These self-consistent cells, who are discriminative to each other,
can better represent their biology and be a good reference for
deconvolution.

SCCAF-D achieves a high accuracy on simulated bulk datasets
The performance of SCCAF-D was tested on simulated ‘pseudobulk’
data of a ‘cross-reference’ setting, where the ‘pseudobulk’ data and the
reference data come from two single-cell datasets of known cell pro-
portions, see Methods. SCCAF-D was compared with other five top-
ranking deconvolution algorithms (FARDEEP, MuSiC, RLR, EpiDISH,
and NNLS) on 20 scRNA-seq datasets of five tissue types (4 datasets
each), including pancreas (n = 34 specimens), lung (n = 61 specimens),
peripheral bloodmononuclear cells (PBMCs) (n = 90 specimens), brain
(n = 43 specimens) and spleen (n = 21 specimens). For each tissue, one
dataset was used to simulate the pseudobulk, while each of the other
three datasets is used as the reference in the ‘cross-reference’ setting.
In comparison, SCCAF-D integrates these three datasets as an opti-
mised reference. We then quantitatively evaluate the deconvolution
performance by computing PCC, Root-mean-square error (RMSE)
(Supplementary Data 4), and Jensen-Shannon Divergence (JSD) values
(Supplementary Fig. 5a–c, and Supplementary Fig. 6a, b) between the
estimated cell-type composition and ground truth.

When deconvolving the pancreas pseudobulk of Baron et al.21

using the DWLS algorithm (Fig. 3a and Supplementary Fig. 7a), refer-
ence Marquina et al.26 yielded PCCs of 0.37, while reference Seger-
stolpe et al.30 resulted in PCC of 0.60. Similarly, when using reference
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Muraro et al.27 to deconvolve the pseudobulk of Baron et al.21, PCCs
were 0.15, 0.15 and 0.40 for EpiDISH, RLR and MuSiC, respectively.
Although DWLS demonstrates top-ranking accuracies in many cases,
PCC can decrease to 0.37 in certain cases (e.g., when Baron et al.21

dataset is used for pseudobulk, Marquina-Sanchez et al.26 dataset as
reference), while other algorithms also exhibit low PCCs in some cases
(EpiDISH: 0.15; FARDEEP: −0.63; MuSiC: 0.40; NNLS: 0.11; RLR: 0.15)
indicating potential failures.

As for lung (Fig. 3b andSupplementary Fig. 7b) andPBMCdatasets
(Fig. 3c and Supplementary Fig. 7c), SCCAF-D also demonstrates PCCs
above 0.82 and 0.89, respectively, suggesting a reliable performance.
Specifically, DWLSperformsbetter thanotherswhenusing onedataset
as reference, yet its accuracy depends on the choice of reference data.
In lung datasets, the lowest PCCs for DWLS, FARDEEP, MuSiC, NNLS,

RLR, EpiDISH are 0.66, 0.42, 0.62, 0.11, 0.42, 0.42, respectively. The
same PCCs are as low as 0.60, 0.09, 0.04, 0.16, 0.16, 0.16 in PBMC
datasets.

We also performed simulations on the human brain (Fig. 3d and
Supplementary Fig. 8a) and spleen (Fig. 3e and Supplementary Fig. 8b)
datasets to evaluate the performance of SCCAF-D, which achieved
PCCs above 0.93 and 0.80, respectively. Of note, when using DWLS
with a single reference, the PCCs vary from −0.24 to 0.99 and RMSEs
change from 0.02 to 0.22. By contrast, using the SCCAF-D optimised
reference, the PCCs improved to the range of 0.93 to 0.99. Further-
more, using any spleen dataset as a reference, DWLS consistently
shows a positive correlation between predicted and true cell propor-
tions, outperforming the other five algorithms. Similarly, the accuracy
of DWLS on the spleen is influenced by the choice of the reference
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Fig. 1 | Batch effects exist in cell type deconvolution. The UMAP plots show the
Baron et al. dataset according to a cell type and b donor. c The stacked bar plot
shows the cell proportions of each donor (Y axis) in the Baron et al. dataset. The
colour bar indicates the cell types. The UMAP shows the Baron et al. dataset and
Segerstolpeet al. dataset according to cell typed and studye. fThe stackedbar plot
shows the cell proportion of each study (Y axis) for the Segerstolpe et al. dataset
and Baron et al. dataset. The colour bar is the same with d. g The stacked bar plot
shows the real cell proportion for each sample within the PBMC bulk RNA-seq
dataset, with cell type determinations based on flow cytometry from Finotello
et al.31 dataset. The plot displays the distribution of cell types as determinedbyflow
cytometry across all samples.hThe stackedbar plot shows the cellular proportions
of individual healthy samples within a 10X single-cell dataset from Lee et al. Each
bar represents the relative abundance of different cell types within each sample.
The scatter plots show the results of DWLS using the different donors as reference
or pseudobulk. Specifically, data from donor 1 is used to simulate pseudobulk,

while data from donor 2 i and donor 4 j are used as references. The scatter plots
show the results of DWLS using different studies as reference or pseudobulk. The
data from Marquina-Sanchez et al.26 is used as pseudobulk, the data from Muraro
et al.27 is used as reference in panel k and it is the opposite in panel l. X axis is the
predicted cell proportion, Y axis is the true cell proportion. Panels a–c showwithin
dataset batch effects, panels d–f show between dataset batch effects, panels g,
h show between technologies comparison, while panels i–l show deconvolution
results from cross-donor i, j and cross-study k, l scenarios. Each group of panels are
coloured in the same colour scheme. Two-sided t test is used to calculate the p
values in panels i–l. The p value is nearing zero in i–l. MHC class ll: major histo-
compatibility complex ll; PSC: pancreatic stellate cell; T: T cell; CD4 + T: CD4
positive T cell; CD8+ T: CD8 positive T cell; Treg regulatory T cell, B B cell, NK
natural killer cell, Mono monocyte cell, DC dendritic cell, HSPC hematopoietic
stem/progenitor cell, RBC red blood cell, AT1 alveolar epithelial type I, AT2 alveolar
epithelial type ll. Source data are provided as a Source Data file.
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(PCCs from 0.41 to 0.99), while the accuracy for the SCCAF-D opti-
mised reference increased to a range of 0.80 to 0.99.

The deconvolution accuracy of the DWLS algorithm depends on
the choice of the reference dataset, with PCCs ranging from 0.37 to
0.99, 0.66 to 0.98, 0.60 to 0.98, −0.24 to 1, and 0.41 to 0.99 for
pancreas, lung, PBMC, brain, and spleen pseudobulk datasets,
respectively. In comparison, SCCAF-D improves PCCs to ranges of
0.86 to 0.99, 0.82 to 0.98, 0.89 to 0.98, 0.93 to 0.99, and 0.80 to
0.99, respectively, guaranteeing reliable deconvolution performance
(>0.80 PCC).

Deconvolving real bulk datasets using SCCAF-D
Further benchmarks of these six algorithms were performed on real
bulk PBMC datasets of RNA-seq or microarray (Finotello et al.31, New-
man et al.32 and Monaco et al.33, see Methods), whose cell proportions
were known a priori according to the flow cytometry count data. The
single-cell reference datasets were sourced from Arunachalam et al.34

(n = 12 specimens), Lee et al.35 (n = 15 specimens), Schulte et al.36

(n = 49 specimens) and Wilk et al.37. (n = 14 specimens). To evaluate
both the accuracy and robustness of SCCAF-D in predicting cell type
proportion changes in disease states, SCCAF-D was applied to type 2
diabetes (T2D) data from Fadista et al.38 (n = 89 specimens) and idio-
pathic pulmonary fibrosis (IPF) data from McDonough et al.39

(n = 84 specimens), Sivakumar et al.40 (n = 72 specimens), and Fur-
usawa et al.41 (n = 206 specimens).

In cross-reference benchmarking with a single reference dataset,
DWLS shows higher accuracies than others (Fig. 4a, b). When decon-
volving the Finotello et al.31 dataset, DWLS demonstrated the highest
PCC of 0.86 and lowest Root-mean-square error (RMSE) of 0.06 with
Wilk et al.37 dataset as reference, being higher than the second PCC of
0.64 (RMSE of 0.10) from MuSiC. Similarly, when using reference

datasets from Arunachalam et al.34, Lee et al.35, and Schulte et al.36,
DWLS consistently outperformed other methods, exhibiting PCCs of
0.82, 0.64, and 0.78 (RMSE: 0.09, 0.12 and 0.08), respectively. For
Monaco et al.33 (microarray) dataset, when utilising the reference
dataset from Schulte et al.36, the DWLS achieves the highest PCC of
0.67 and lowest RMSEof 0.10, whileNNLS ranked secondwith a PCCof
0.51 and a RMSE of 0.26 using Arunachalam et al.34 as reference. When
deconvolving the RNA-seq dataset from Monaco et al.33, DWLS main-
tained its superior performance over other algorithms (EpiDISH: 0.47,
RLR: 0.47, FARDEEP: 0.45, MuSiC: 0.35, NNLS: 0.44), achieving the
highest PCC of 0.87 and the lowest RMSE of 0.07 using Arunachalam
et al.34 as reference. Using Lee et al.35 dataset as reference, DWLS
achieved the highest PCC of 0.94 and lowest RMSE of 0.07 when
deconvolving theNewman et al.32 dataset, whileMuSiC obtained a PCC
of 0.92 and an RMSE of 0.10. In spite of the top performance of DWLS
in both simulated and real bulk data, its accuracies highly depend on
the choice of the reference, showing a wide range of accuracies. In the
datasets of Finotello et al.31, Monaco et al.33 (RNA-seq andmicroarray),
and Newman et al.32, its PCCs ranged from 0.64 to 0.86, 0.47 to 0.67,
0.14 to 0.87 and −0.16 to 0.94, respectively (Supplementary Fig. 9).
Consequently, without a clear understanding of which reference data
to utilise, the deconvolution performance is not promising.

Fortunately, SCCAF-D shows top-ranking performance. This
approach consistently achieves top-ranking accuracies across micro-
array dataset from Monaco et al.33, while also demonstrating excep-
tional performance on the other RNA-seq datasets. In comparisonwith
DWLSwith a single reference dataset (of lowest PCC −0.16 and highest
RMSE of 0.32) (Fig. 4a, b), SCCAF-D achieves a lowest PCCof 0.75 and a
highest RMSE of 0.10, suggesting a reliable accuracy (Supplementary
Data 4). The other five algorithms (EpiDISH, FARDEEP, MuSiC, NNLS,
and RLR) show improved deconvolution accuracy across four real bulk
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datasets by using optimised references, though none outperforms
SCCAF-D. Following deconvolution with optimised references, the
algorithms of EpiDISH, FARDEEP, MuSiC, NNLS, and RLR show higher
PCCs on the Finotello et al.31 dataset compared to the lowest values
(0.58, 0.24, 0.24, 0.19, 0.58, for these five algorithms, respectively.).
Furthermore, SCCAF-D achieves stably high accuracies on other three
datasets (microarray and RNA-seq in Monaco et al.33, and Newman
et al.32). But the combinations between optimised reference and other
five deconvolution algorithms do not always give improved accuracies
as SCCAF-D, which is the combination between optimised reference
and DWLS. Additionally, for each cell type across different bulk sam-
ples, relative cell proportion predicted from SCCAF-D exhibits a

reliable positive correlation with the experiment determined propor-
tion (Fig. 4c, Supplementary Figs. 10–12 and Supplementary Data 5),
except for some minor cell populations (e.g., cDC), indicating the
potential application in cross sample comparison.

Using the optimised reference derived from Baron et al.21, Mar-
quina et al.26, Muraro et al.27 and Segerstolpe et al.30, 89 human
pancreatic islet samples reported by Fadista et al.38 were decon-
volved by SCCAF-D (Supplementary Fig. 13a).We identified a reduced
proportion of β cells in diabetes samples, with a negative correlation
observed between these proportions and haemoglobin A1C (HbA1c)
levels (Supplementary Fig. 13b, c and Supplementary Data 5). This
distribution aligns with existing knowledge42,43, suggesting the
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Fig. 4 | The benchmarking analysis of deconvolution in different real bulk
datasets. The histograms show a PCC and b RMSE for each real bulk dataset. Each
bar represents the PCC or RMSE between estimated cell proportions and cell
proportions quantified by flow cytometry, with colours indicating different data-
sets. * represents p value < 0.05. c The scatter plots show the PCC of each cell type
for each referenceusingDWLS in theNewmanet al.32 dataset. Eachpoint represents

an individual donor within each dataset. ‘Optimised Ref’ is the optimised reference
from SCCAF-D, which is shown as the yellow bars in a, b and the yellow dots in c.
Two-sided t test is used to calculate the p values. Error bands mean the 95% con-
fidence region. CD4T: CD4 positive cell; CD8T: CD8 positive cell. Source data are
provided as a Source Data file.
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potential of SCCAF-D in inferring cell type composition under dis-
ease conditions.

In addition, SCCAF-D is able to recover the cell type proportion
changes in IPF disease, which often leads to respiratory failure and
death, with pathological features including alveolar epithelial cell
injury, and excessive fibroblast proliferation44,45. SCCAF-D was
applied to three human bulk RNA-seq datasets from both IPF
(n = 198 specimens) and healthy lung tissues (n = 164 specimens),
using two optimised references. One generated from the Adams44

(n = 107 specimens), Reyfman46 (n = 17 specimens), and Tsukui47

(n = 15 specimens) datasets (Fig. 5a), while another generated from
the Habermann48 (n = 29 specimens), Valenzi49 (n = 11 specimens),
and Morse50 (n = 17 specimens) datasets (Fig. 5b and Supplementary
Data 5). In the IPF group, the proportions of alveolar epithelial type I
(AT1) and type II (AT2) cells decrease compared to the control group,
while the proportions of fibroblasts and basal cells increase, in con-
sistency with known pathological features.

SCCAF-D captures changes in cell proportions during NAFLD
progression
Given that SCCAF-D achieves stable accuracies (PCCs above 0.75) on
both simulated and real bulk data, it may reveal actual cell proportion

changes during disease progression. Taking the Non-alcoholic fatty
liver disease (NAFLD) as a test case, single-cell liver datasets, including
MacParland et al. 51, Guilliams et al.52, Wang et al.53 and Tabula Sapiens-
Liver et al.54, wereused as references todeconvolve thebulk samples at
liverfibrosis stages from0 to 4,where0means no fibrosis and4means
severe fibrosis. NAFLD bulk RNA-seq data with clinical information
from Powell et al.55 (87 specimens) and Govaere et al.56 (206 speci-
mens) were collected and the major 14 cell types were considered in
SCCAF-D deconvolution (Fig. 6).

SCCAF-D first integrated the four reference datasets and opti-
mised the cell type labels according to leiden clusters, Fig. 6a. Basedon
this integrated data with optimised labels, SCCAF-D trains a logistic
regression model, in which the cell type related marker genes are
encoded, as shown in Fig. 6b. Subsequently, SCCAF-D selects the ‘self-
consistent’ cells, whose original cell type label is the same as assigned
by the logistic regression model. These cells show clear separation
between eachother on theUMAPplot (Fig. 6c), indicating that they are
representing more discriminative features for each cell type.

Proportions of main liver cell types, including hepatocytes, cho-
langiocytes, endothelial cells, HSC, plasma cells and T cells, change
significantly across the fibrosis stages (Fig. 6d and Supplementary
Data 6). The relative cell proportion of cholangiocytes increases
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Fig. 5 | SCCAF-Ddeconvolutionof real bulkdatasets in IPF. aThe box plot shows
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(n = 17 specimens), and Tsukui et al.47 (n = 15 specimens) using SCCAF-D. Real bulk
data were sourced from McDonough et al.39 (Nomal: 35 specimens; IPF: 49 speci-
mens), Sivakumar et al.40 (Nomal: 26 specimens; IPF: 46 specimens), and Furusawa
et al.41 (Nomal: 103 specimens; IPF: 103 specimens). Each column represents one
bulk dataset. Blue represents samples from normal conditions, while red denotes
samples from IPF. b The box plot shows the cell type proportions deconvolved

using optimised reference 2. Optimised reference 2 was sourced from Habermann
et al.48 (n = 29 specimens), Valenzi et al.49 (n = 11 specimens), and Morse et al.50

(n = 17 specimens) using SCCAF-D. Real bulk datasets and box colour are consistent
with those in a. All box plots were plotted based on quartile values. The horizontal
line within each box represents the median, while the lower and upper hinges
correspond to the first and third quartiles, respectively. The upper whisker extends
from the upper hinge to the largest value within 1.5 times the interquartile range
(IQR) from the hinge. SMC: smoothmuscle cell; EC endothelial cell. Source data are
provided as a Source Data file.

Article https://doi.org/10.1038/s41467-024-55213-x

Nature Communications |        (2024) 15:10867 7

www.nature.com/naturecommunications


gradually during fibrosis progression, while HSCs show significant
increase in stage 4 compared with stage 0. In contrast, the relative cell
proportion of hepatocytes decreases over fibrosis stages (Fig. 6e).
Given the limited sample size in one dataset (87 specimens in Powell

et al.55), data from Govaere et al.56 with 206 NAFLD specimens were
utilised for validation. SCCAF-Dwith the sameoptimised referencewas
applied to Govaere et al.56, revealing similar patterns of cell type pro-
portion changes across fibrosis stages (Supplementary Fig. 14).
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Fig. 6 | The application inNAFLDbulk dataset. aTheUMAPshows the cell typeof
the integrated dataset prior to SCCAF-D selection for the optimised reference.
bThedotplot shows theexpressionof thedifferentially expressedgenes,which are
identified by SCCAF-D, across liver cell types. c The UMAP shows optimised
reference selected by SCCAF-D. d The stacked bar plot shows the predicted cell
proportion in different fibrosis stages of NAFLD bulk dataset. Different cell types
are shownwith different colours. eThe violin plots show the estimated proportions

of each cell type across fibrosis stages for all 87 specimens. Each point represents a
different patient in the bulk datasets from Powell et al. 55 **** represents p value ≤
0.0001, *** represents p value ≤0.001, ** represents p value ≤0.01, * represents p
value ≤0.05, and ns represents p value ˃0.05. Two-sided t test is used to calculate
the p values. HSC: hepatic stellate cells. Source data are provided as a Source
Data file.
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Discussion
Batch effects between bulk and reference data have not yet been
considered in cell type deconvolution. Due to the limited availability of
reference datasets, previous studies and benchmarks always depend
on a single reference dataset and a ‘self-reference’ settingwhich is over
optimistic. In a more realistic ‘cross-reference’ setting, where the bulk
(or simulated bulk) data from different sources than the reference,
many deconvolution algorithms show low accuracies in certain data-
sets, despite demonstrating top-ranking accuracy in ‘self-reference’
tests (Figs. 3 and 4).

As the single-cell datasets accumulate over the past decade, more
than one reference dataset are available for each tissue type. However,
it is difficult to know which dataset to use as reference to achieve a
good deconvolution result. But using a single reference dataset may
result in a failure in certain cases that can lead to false conclusions
when applying to real datasets57. Our benchmark results on both
simulated and real bulk data highlight that the success of deconvolu-
tion depends on the choice of the reference data. Furthermore, the
PCC evaluation metric demonstrates a partial bias of high values
when multiple cell types are predicted around zero, which may
hinder the deconvolution of heterogeneous datasets. For instance,
with Lee et al.35 as the reference dataset, the PCC for CD8+ T cells
in Newman et al.32 dataset reaches 0.66, yet the predicted cell pro-
portion approaches zero (Fig. 4c). The bias is evidently present due
to the prevalence of zero values, a phenomenon also observed by
Jin et al.58.

To mitigate the effects from the reference data, SCCAF-D takes
the advantage of multiple available reference datasets to obtain an
optimised reference, which can achieve reliably high accuracies in
combination with DWLS. It first optimises the cell type annotation
through data integration, and then selects the discriminative (or self-
consistent) cells as reference using a self-projection approach. In both
simulated bulk and real bulk tests, it illustrated PCCs above 0.75 on all
the datasets, guaranteeing a general success of deconvolution, which
cannot be achieved by other single reference approaches. Further-
more, we applied SCCAF-D to real bulk data from T2D and IPF, infer-
ring the cell-type composition of disease-relevant tissues. Given the
established knowledge that beta cells are gradually lost during T2D
progression42,43, estimates of cell type abundances from various com-
putational deconvolution methods in some studies23,59 further corro-
borate the cell type proportion changes revealed by SCCAF-D. For real
bulk applications in IPF, Adams et al.44 used scRNA-seq to reveal an
increased proportion of basal cells and substantial decline in alveolar
epithelial cells (AT1 and AT2) in IPF lungs compared to non-diseased
tissue, which supports our findings. Similarly, Mayr et al.45 deconvo-
luted Visium and scRNA-seq data, observing an increase in fibroblast
and basal cell frequencies and a decrease in AT1 and AT2 cell fre-
quencies in IPF compared to control patient lung tissue. These vali-
dation cases demonstrate that the correct inference of cell type
proportion changes by SCCAF-D exerts potentials in identifying cel-
lular targets for treatment. Application on two distinct real NAFLD
datasets, SCCAF-D consistently demonstrated gradual changes in cell
proportion of cholangiocytes, HSCs and hepatocytes during disease
progression. In consistency with our results, several NAFLD studies60,61

have provided additional clues to our discovery of an increased cell
proportion of cholangiocytes and HSCs in the late fibrotic stages.

However, obtaining ‘gold standard’ datasets of known cell pro-
portions for evaluating deconvolution methods remains a key chal-
lenge. While most bulk samples with cell type proportions are from
flow cytometry, the accuracy of cell counting can be compromised for
rare cell types due to challenges in sample isolation, enrichment, and
potential retention in the flow cytometer62. We cannot rule out the
possibility that this can be one explanation for the observed negative
correlation between the estimated and flow cytometry defined pro-
portions of cDCs in Finotello et al.31. As single-cell technology

demonstrates good capability in quantifying rare cell types, analysing
the same sample with bulk RNA-seq together with scRNA-seq may
generate alternative benchmark data for understanding the cell pro-
portions. On the other hand, since the deconvolution accuracy
depends on the choice of the reference data, deconvolving disease
samples with healthy reference data from atlases need to consider the
possible existence of disease-specific cell types.

With the stable accuracy of SCCAF-D, it may exert additional
potential in deconvolving large-scale databases of different tissue
types.To achieve this, further efforts couldbemade inproviding abest
reference dataset for each tissue type. With the accumulation of
human large-scale single-cell atlas, such as the Human Cell Atlas63,
HuBMAP64, and Human Tumor Atlas Network (HTAN)65, the issue of
selecting optimal reference datasets for tissue-specific deconvolution
using SCCAF-D is poised to be further addressed.

Methods
Data collection
All bulk RNA-seq and scRNA-seq utilised in this study were collected
from published publications, Gene Expression Omnibus (GEO)2

(https://www.ncbi.nlm.nih.gov/geo/), ArrayExpress3 (https://www.ebi.
ac.uk/arrayexpress/), UCSC Cell Browser66 (https://cells.ucsc.edu/),
COVID-19 cell atlas (https://www.covid19cellatlas.org/), Neuro-
blastoma Cell Atlas67 (https://www.neuroblastomacellatlas.org/) and
CELLxGENE68 (https://cellxgene.cziscience.com/). Detailed description
of all the dataset canbe found in SupplementaryData 2 and 7. The bulk
datasets were processed as counts or Transcripts PerMillion (TPM), as
indicated in the table. ID conversion of bulk data, including the con-
version of ‘Probe ID’, ‘entrez’ or ‘ensembl’ to ‘gene symbols’, was per-
formed using the AnnoProbe69(v.0.1.7) or AnnotationDbi70 (v.1.60.2) R
packages.

Single-cell data processing
We downloaded the raw count matrix and cell type annotations for
each dataset from the corresponding websites (Supplementary
Data 2 and 7). All single-cell datasets were analysed by SCANPY71 (v.
1.9.1) and Seurat72 (v. 4.4.0) packages. Cells with fewer than 200
detected genes and genes expressed in fewer than 3 cells were
excluded. For datasets fromHrvatin et al.73, Liao et al.74, Aizarani et al.75,
and Segerstolpe et al.30, we removed cells annotated as ‘not applicable’
or ‘unclassified’. ERCC genes were removed from the data for Muraro
et al.27. For data from Moncada et al.76, the cell type labels were rean-
notated as follows: ‘Cancer clone A’ and ‘Cancer clone B’ were com-
bined into ‘Cancer’; ‘Ductal - APOL1 high/hypoxic,’ ‘Ductal - CRISP3
high/centroacinar like,’ ‘Ductal - MHC Class II,’ and ‘Ductal - terminal
ductal like’ were consolidated into ‘Ductal’; ‘Macrophages A’ and
‘Macrophages B’ were merged into ‘Macrophages’; and ‘mDCs A’ and
‘mDCs B’ were combined into ‘mDCs.’ For data from Vieira et al.25, the
cell labels ‘Type 1’ and ‘Type 2’ were consolidated into ‘Alveolar’
(Supplementary Fig. 3).

For human lung48,49,77,78 and PBMC datasets (Arunachalam et al.34,
Lee et al.35, Wilk et al.37 and Schulte-Schrepping et al.36), cells with total
counts below 200 or exceeding 6000 were removed. Additionally,
cellswith a percentage ofmitochondrial contents exceeding 15%of the
total counts were discarded. Minor cell types of fewer than 40 cells
from per dataset were removed. Doublets were predicted by ‘Scrublet’
(v. 0.2.3) and cells with doublet scores higher than 0.25were excluded.
For human pancreas datasets, cells with more than 20%mitochondrial
content were excluded, while for human brain datasets, the threshold
was set at 10%. For spleendatasets and IPFdatasets fromAdamset al.44,
Reyfman et al.46, and Tsukui et al.47, cells with more than 6000
detected genes were excluded, as were those with mitochondrial
content exceeding 20%. Additionally, cells with doublet scores above
0.3, as predicted by Scrublet (v.0.2.3), were removed. For spleen
datasets and IPF datasets from Habermann et al.48, Valenzi et al.49, and
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Morse et al.50, cells with fewer than 400 or more than 8,000 detected
genes were excluded, along with those exhibiting mitochondrial con-
tent greater than 12%.

For MacParland et al.51, Guilliams et al.52, and Tabula Sapiens-
Liver54 datasets from human liver tissue, we applied the same thresh-
olds for total counts, genes and doublet scores. Considering the liver
tissue is metabolically more active the threshold for percentage of
mitochondrial contents is set to 50%. We removed cells expressing
more than 100,000 genes in the Wang et al.53 dataset.

After quality control, we performed standard SCANPY single-
cell data analysis workflow, including normalisation, highly vari-
able gene selection (2000 genes), principal component analysis
(PCA, 50 components) and UMAP visualisation. Datasets from
different studies were integrated by Harmony28 with the batch key
set as the ‘sampleID’. FindNeighbors and FindClusters functions
were used on the Harmony derived latent space. For cell type
annotation, we retained the original annotations from each study
and manually curated them to achieve a consistent level of
granularity (Supplementary Fig. 15).

SCCAF-D workflow for generating optimised references
SCCAF-D first integrates multiple datasets to optimise cell type
annotation for reference data. Considering batch effects from
different studies normally do not overlap each other, integrating
multiple datasets may mitigate batch effects. While it is still dif-
ficult to recognise which dataset is a better reference when only
two datasets are available, we propose to use at least three
datasets for integration, copying the common number of biolo-
gical replicates in experiments79. Specifically, SCCAF-D makes cell
type annotations more consistent across datasets by integrating
datasets using Harmony28 and then re-annotating cell types based
on Leiden clustering and cell type labels obtained from the ori-
ginal publication.

Single-cell data information can be divided into biological and
batch parts. Different data sources will be affected by batch, resulting
in differences between different data, but the biological part of single-
cell data from different sources should be the same, which is called
‘self-consistent’. Based on this assumption, we use SCCAF-D to select
the optimised reference.

When preparing an optimised reference from single-cell data, we
follow the Single-Cell Clustering Assessment Framework (SCCAF)29

workflow, which is a method for the automated identification of
putative cell types from scRNA-seq according to the self-projection.
We first divide the data into two parts: a training set and a test set. Our
splitting strategy is based on the number of cell types. If the number of
cells for a particular cell type exceeds 500, we randomly select 500
cells from this type as the training set. However, if the number of cells
for a cell type is less than 500,we split it in half, randomly selecting one
half of the cells as the training set and the other half as the test set.
Next, we use a logistic regression model for training, as it has already
demonstrated advantages in well-established algorithms (such as
SCCAF29, CellHint80 and CellTypist81) in identifying cell types. This
model learns to predict cell types based on the data in the training set
and assigns a prediction score to each cell within each cell type, gen-
erating a scorematrix with cells as rows and cell types as columns. We
assume that the training set contains sufficient information for cells to
distinguish themselves from cells of other cell types, and this is known
as self-projection.

Once themodel is trained, we apply it to the test set and compare
the predicted cell types of the test set with the true cell types in the
original data, this process called ‘self-consistent’. We select those cells
whose predictions match the true cell types and sort them based on
their prediction scores. Finally, we select the top 100 cells with the
highest prediction scores from each cell type to generate the final
single-cell reference dataset.

User defined reference and deconvolution in SCCAF-D
The SCCAF-D computational framework allows users to customise the
preparation of optimised reference data and select from 25 deconvo-
lution methods, including DWLS22, FARDEEP14, MuSiC23, NNLS24, RLR82,
EpiDISH12, OLS83, EPIC84, ElasticNet85, Lasso85, ProportionsInAdmixture86,
Ridge, CIBERSORT8, SCDC59, BisqueRNA87, CDSeq88, CPM89, DCQ90,
DSA17, DeconRNASeq91, TIMER92, Deconf93, Dtangle11, ssFrobenius16, and
ssKL94 (Supplementary Data 3). All these deconvolution algorithms have
been implemented as a package, Critical Assessment of Transcriptomic
Deconvolution (CATD)20. For optimised reference preparation, users
have the flexibility to choose their preferred methods for building
reference from single-cell datasets, including data processing, integra-
tion, clustering, and cell type annotation, or they can choose the default
SCCAF-D settings. By default, we use the standard procedure in SCCAF-
D to prepare optimised references and perform cell type deconvolution
on the input data using DWLS.

To achieve an unbiased comparison, we incorporated 25 available
deconvolution algorithms methods (Supplementary Data 3) into
SCCAF-D, allowing users to estimate cell-type proportions from their
own bulk RNA-seq data. When conducting deconvolution with SCCAF-
D, users can customise their approach based on data type, deconvo-
lution methods, and parameter settings: (a) reference data in Seurat
format can be user-provided or generated by SCCAF-D as optimised
references; (b) the bulk matrix can be derived from counts or nor-
malised data; (c) four data input transformations are available (none,
log, sqrt, vst); (d) 18 normalisation methods are supported (column,
row, mean, column z-score, global z-score, column min-max, global
min-max, LogNormalize, none, Quantile Normalisation (QN), Trimmed
Mean of M-values (TMM), Upper Quartile (UQ), median ratios, TPM,
SCTransform, scran, scater, Linnorm); (e) all other parameters follow
the default settings of specific deconvolution algorithms. Besides, we
advise users to keep consistent normalisation methods for both
reference and bulk data to ensure reliable results.

Benchmarking workflow
In the ‘self-reference’ setting, we benchmarked all 25 deconvolu-
tion methods using data from 44 datasets and selected six
methods with better performance: DWLS22, EpiDISH12, FARDEEP14,
MuSiC23, NNLS24, and RLR82 for comparative analysis (Supple-
mentary Fig. 3). To simulate pseudobulk, we generated a total of
1000 synthetic simulated bulk profiles as samples of simulated
bulk data. For each simulated sample, we randomly selected
10,000 cells with replacement to ensure that the number of each
cell type is greater than one and that the sum of all cell type
proportions is 1. The selection was based on successful decon-
volution across all datasets, with PCCs above 0.3. According to
the type of reference provided, these methods can be classified
into bulk and single-cell methods. EpiDISH, FARDEEP, NNLS and
RLR are common bulk deconvolution methods, while DWLS and
MuSiC take single-cell expression profiles as input to get
the specific features in order to deconvolve. We allocated 50% of
the single-cell data to generate pseudobulk samples, utilising the
remaining 50% as a reference dataset to deconvolute the simu-
lated bulk data.

Under the ‘cross-reference’ setting, we evaluated each single-cell
reference dataset and selected the best combination of method and
reference. The samebulk data (simulatedor real bulk data)was used to
assess the performance of each reference and algorithm. Twenty
scRNA-seq datasets, with four datasets from each tissue type (pan-
creas, lung, PBMC, brain, and spleen), were used for the deconvolution
of simulated ‘pseudobulk’ data. For each tissue type, one dataset was
used to simulate pseudobulk (following the methods described in the
‘self-reference’ benchmarking), while the remaining three datasets
were processed using the SCCAF-D standard workflow to generate
optimised references.

Article https://doi.org/10.1038/s41467-024-55213-x

Nature Communications |        (2024) 15:10867 10

www.nature.com/naturecommunications


For the deconvolution of real bulk datasets, four PBMC datasets
from Arunachalam et al.34, Lee et al.35, Wilk et al.37, and Schulte et al.36

were used to generate the optimised reference. Deconvolution with
flow cytometry data as ground truth was performed utilising four bulk
datasets with known cell type proportions, which were derived from
the studies of Finotello et al.31, Newman et al.32 and Monaco et al.33.
Considering that the flow cytometry count data included some finer-
granularity cell types not present in our reference data, we sum-
marised the proportions of these finer cell types with their corre-
sponding broader cell types. In the analysis of cell type proportions
determined by flow cytometry as reported in Finotello et al.31, we have
added the proportions of regulatory T cells (Tregs) into the counts for
CD4 positive T cells. For the flow cytometry count data from Monaco
et al.33, we have attributed the proportions of the following CD4
positive T cell subsets to the overall CD4 positive T cell count: ‘T CD4
Naive’, ‘Tregs’, ‘Tfh’, ‘Th1’, ‘Th1/Th17’, ‘Th17, and ‘Th2’. Similarly, the
proportions of the following CD8 positive T cell subsets have been
added to the total CD8 positive T cell count: ‘TCD8Naive’, ‘TCD8CM’,
‘T CD8 EM’, and ‘T CD8 TE’.

Deconvolution analysis of bulk-profiled disease samples
We obtained one T2D bulk dataset associated with HbA1c levels
from Fadista et al.38, three IPF datasets from McDonough et al.39,
Sivakumar et al.40, and Furusawa et al.41, and two NAFLD datasets
linked to liver fibrosis stages (0–4) from Powell et al.55 and
Govaere et al.56. The corresponding reference data were obtained
for T2D from Baron et al.21, Marquina-Sanchez et al.26, Segerstolpe
et al.30 and Muraro et al.27; for IPF, datasets from Adams et al.44,
Reyfman et al.46, and Tsukui et al.47 were used to generate the first
set of optimised reference, while those from Habermann et al.48,
Valenzi et al.49 and Morse et al.50 were used for the second; and
for NAFLD, references were drawn from MacParland et al.51,
Guilliams et al.52, Wang et al.53 and Tabula Sapiens-Liver et al.54.
First, optimised references for T2D, IPF, and NAFLD were gener-
ated from single-cell data using the standard SCCAF-D workflow.
No transformations were applied to the bulk data. Both the
optimised references and bulk data were then subjected to TMM
normalisation. Finally, deconvolution was performed using the
optimised reference in combination with the DWLS algorithm
following the default settings.

Graphics visualisation
Heatmaps of PCCs between estimated cell type proportions and
ground truth were generated using the ComplexHeatmap95 (v.2.15.4)
package. All bar plots, scatter plots, violin plots, and box plots were
visualised with the ggpubr96 (v.0.6.0) and ggplot297 (v.3.4.2) packages.
Sankey plots comparing original labels to manually curated cell type
labels were visualised using Matplotlib98 (v.3.8.1).

Metrics for deconvolution performance evaluation
Pearson correlation coefficient (PCC, or Pearson’s R) and Root mean
square error (RMSE) were used to estimate the performance of cell
type deconvolution. These twometrics were implemented as in CATD
programmeand calculated using the ‘dplyr’ (v. 1.1.3) R package. Details
of these two metrics as well as the Jensen-Shannon divergence are
introduced as below.

PCC =
PN

i= 1ðxi � xÞðyi � yÞ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN

i= 1ðxi � xÞ2
q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN

i = 1ðyi � yÞ2
q ð1Þ

For the calculation of Pearson correlation coefficient between
the true cell type proportions X and the deconvolution derived cell
type proportions Y (equation 1), N is the number of observations,

while X and Y are vectors. Therefore, xi means the proportion of
each cell type for sample in X, while yi corresponds to that in a
sample from Y. �x and �y are mean values for X and Y, respectively.

RMSE =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
PN

i = 1ðxi � yiÞ2
N

s

ð2Þ

For the calculation of RMSE, xi, yi and N are the same as in PCC.
The Jensen-Shannon divergence (JSD) is a symmetric and

smoothed variant of the Kullback-Leibler (KL) divergence, used to
measure the similarity between two probability distributions. JSD is
implemented using the philentropy (v.0.8.0) R package. The KL
divergence is defined as follows:

KLðP k QÞ=
X

t2T
PðtÞ log PðtÞ

QðtÞ

� �

ð3Þ

In the calculation, P and Q are the predicted and true cell type
probability distributions over cell type space T, whereas log is base 2.

For the calculation of JSD, it is defined as:

JSDðP k QÞ= 1
2
KLðP k MÞ+ 1

2
KLðQ k MÞ ð4Þ

in which,

M =
1
2

P +Qð Þ ð5Þ

Statistics and reproducibility
No statistical methods were used to pre-determine sample sizes. No
data were excluded from the analyses. No randomisation was used in
our study. The Investigators were not blinded to allocation during
experiments and outcome assessment.

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

Data availability
The publicly available single-cell datasets used in this study can be
accessed using the following accession codes or URLs: GSE84133,
GSE142465, GSE85241, E-MTAB-5061 for human pancreas;
syn21041850, GSE135893, GSE128169, and PRJEB31843 for human lung;
GSE155673, GSE149689, GSE150728, and EGAS00001004571 for
PBMCs; GSE115469, GSE192742, GSE189539, and Tabula Sapiens-Liver
(https://cellxgene.cziscience.com/e/6d41668c-168c-4500-b06a-
4674ccf3e19d.cxg/) for Liver; GSE186538, GSE157827, GSE160189, and
GSE179590 for brain; E-MTAB-11536, PRJEB31843, GSE159929 for
spleen; GSE136831, GSE122960, GSE132771, GSE135893, GSE128169,
and GSE128033 for IPF. The bulk data used in this article is publicly
available and can be downloaded via Gene Expression Omnibus (GEO)
with accession number GSE107572, GSE127813, GSE107019,
GSE225740, GSE50244, GSE124685, GSE134692, GSE150910, and
GSE135251. Source data are provided with this paper.

Code availability
An open source implementation of SCCAF-D is available at GitHub
github.com/rnacentre/SCCAF-D/, and Zenodo (https://doi.org/10.
5281/zenodo.14211888)99 while codes for reproducing the paper is
available at: github.com/rnacentre/SCCAF-D_reproducibility/. Example
data for code execution is available at: https://doi.org/10.6084/m9.
figshare.27232896.
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