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Abstract 
Accurate estimation of cell-type composition from bulk RNA sequencing (RNA-seq) is critical for dissecting the cellular basis of disease. 
Single-cell RNA sequencing (scRNA-seq) has emerged as a preferred reference for cell-type deconvolution. However, in practice, scRNA-

seq references often differ from the target bulk samples in terms of clinical condition or cohort composition, potentially degrading 
performance. Here, we systematically evaluate deconvolution methods under varying reference matching conditions, using a scRNA-seq 
dataset of peripheral blood mononuclear cells (PBMCs) from managed lupus patients and healthy controls. We constructed four scRNA-

seq references: (i) 20 lupus patients, (ii) 20 healthy controls, (iii) 10 lupus patients + 10 controls, and (iv) 20 lupus patients + 20 controls. 
We simulated bulk RNA-seq mixtures with known cell-type proportions from scRNA-seq generated on independent lupus patients and 
healthy controls from the same study and evaluated the performance of seven cell-type deconvolution algorithms (CIBERSORTx S-mode, 
CIBERSORTx NS-mode, MuSiC2, InstaPrism, BLADE, DISSECT, Scaden) when using matched, mis-matched, and mixed scRNA-seq references.

We also evaluated the performance on a publicly available bulk RNA-seq PBMC dataset with cell-type proportions estimated by flow

cytometry. Performance is assessed via root-mean-squared error, Pearson correlation, and Lin’s concordance correlation coefficients. Our

results show that the choice of method has a greater impact on deconvolution accuracy than the degree of reference matching. DISSECT

consistently achieved the best performance. Reference-matching effects were more pronounced for regression-based methods such as

CIBERSORTx and MuSiC2. Overall, we recommend using robust methods like DISSECT and employing matched references when available.

Keywords cell-type deconvolution, cell-type proportions, reference mismatch, scRNA-seq, bulk RNA-seq simulation
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Introduction 
RNA sequencing (RNA-seq) has revolutionized transcriptomics by 
enabling transcriptome-wide quantification of gene expression in 
biological samples. While this technology provides a comprehensive 
snapshot of gene activity, bulk RNA-seq data inherently represent 
an averaged signal across all cells in a sample. This obscures the 
underlying cellular heterogeneity, which is critical to understanding

many biological contexts, such as the tumor microenvironment,

where interactions among diverse cell types drive disease progression

and therapeutic response.

Traditionally, researchers have relied on experimental methods, 
such as flow cytometry and immunohistochemistry [1–7], to resolve 
cellular compositions within complex tissues. Although these tech-

niques can provide detailed cellular profiles, they are often labor-

intensive, costly, and may result in significant sample loss during 
processing. These limitations have m otivated the development of

computational approaches that infer cell-type proportions directly

from RNA-seq data using existing reference datasets—a strategy

known as cell deconvolution.

A wide range of deconvolution methods has been proposed, and 
these approaches generally fall into two categories [8]: reference-

free and reference-based. Reference-free methods infer underlying 
cell types directly from bulk expression data using techniques such 
as matrix decomposition or unsupervised factorization. While these 
methods are attractive when no suitable reference is available, 
they often yield less accurate or less interpretable estimates. In this 
study, we focus on reference-based deconvolution methods, which 
leverage predefined cell-type expression profiles to guide estimation.

The advent of single-cell RNA sequencing (scRNA-seq) has made

this approach increasingly powerful. Unlike flow cytometry, scRNA-

seq provides transcriptomic information at single-cell resolution,

enabling the discovery of novel cell types and generating detailed
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cell-type-specific profiles. These high-resolution reference datasets 
have catalyzed the development of numerous scRNA-seq–based

deconvolution methods [1–7, 9–29]. However, the accuracy of 
deconvolution depends on the quality and relevance of the reference 
data. All deconvolution methods rely on the assumption that the 
reference profiles accurately reflect the cell types present in and 
the expression characteristics of the target samples. In practice, 
this assumption may often be violated: differences in health status, 
environmental exposures, or experimental conditions can lead to

mismatches between reference and target datasets, introducing bias

and reducing reliability. For example, using scRNA-seq references

from healthy individuals to deconvolve bulk RNA-seq samples from

lupus patients may fail to account for disease-associated shifts in cell-

type-specific gene expression, particularly those driven by chronic

inflammation and immune dysregulation.

Although numerous deconvolution methods exist and recent 
benchmarking studies have provided valuable insights into how

scRNA-seq reference composition influences deconvolution perfor-

mance [11, 21, 30], these evaluations typically assume that reference 
and mixture data are drawn from comparable biological conditions. 
As a result, mismatch between the biological c onditions represented

in the scRNA-seq reference and those present in the bulk RNA-seq

data, a common and important real-world challenge, remains largely

unexplored.

Here, we systematically evaluate the impact of such reference-

mixture condition mismatches on the performance of six deconvo-

lution methods using scRNA-seq data as references. By comparing 
matched and mismatched conditions, such as using healthy samples 
as references for lupus samples, we assess deconvolution accuracy 
even when relevant cell types are nominally shared between 
reference and bulk data but differ in their underlying biological

state. This analysis identifies methods that are more robust to

reference condition mismatch and provides practical guidance for

applying deconvolution approaches in nonideal scenarios. Addressing

these questions advances the reliable application of deconvolution

in diverse biological contexts, especially when perfectly matched

references are not feasible.

Materials and methods

Mathematical expression of deconvolution problem

Given a bulk gene expression matrix B of dimension m × n,  where  
m denotes the number of bulk samples (subjects) and n denotes the 
number of genes, the goal of cell-type deconvolution is to estimate a 
matrix X (m × c ) representing the cell-type proportions for c distinct

cell types within each bulk sample. This relationship can be expressed

as follows:

Bm×n = Xm×c Sc×n + εm×n

where S is the c × n signature matrix, representing the gene expression

profiles specific to each cell type and ε is the error matrix.

In this framework 

• i ∈ {
1, .  .  . , m

}
indexes bulk samples, 

• j ∈ {
1, .  .  . , n

}
indexes genes, and 

• k ∈ {
1, .  .  . , c

}
indexes cell types.

Thus, 

• Xik represents the proportion of cell type k in sample i,
• Skj represents the expression level of gene j in cell type k , and

• Bij represents the observed bulk expression of gene j in sample i.

To ensure biological interpretability, two constraints are typically 
imposed: 

• Non-negativity constraint: Xik ≥ 0 and Skj ≥ 0 for a ll i, j, k. 
• Sum-to-one constraint: for each bulk sample i, i.e.,

∑c 
k=1Xik = 1

While many deconvolution methods explicitly assume the linear

model Bm×n = Xm×c Sc×n +εm×n, some approaches extend this frame-

work. Bayesian methods retain the linear structure but impose priors

on model components—e.g. placing Dirichlet priors on the cell-type

proportions Xi̇· or Gaussian priors on gene-specific noise terms. These 
priors incorporate biological assumptions or regularization directly 
into the estimation procedure, yielding posterior distributions for X 
rather than point estimates. In contrast, deep-learning–based meth-

ods replace the explicit linear formulation with a learned nonlinear

mapping X = fθ (B, S) + εm×n,  whe  re fθ is a neural network trained to 
approximate the relationship between bulk expression and cell-type

proportions.

Different deconvolution algorithms estimate X and S using var-

ious optimization strategies, regularization schemes, and statistical 
assumptions, which could lead to differences in their robustness and

sensitivity under reference mismatch conditions.

Methods e valuated

We surveyed existing methods for cell deconvolution that use scRNA-

seq data as a reference. Supplementary Table 1 summarizes the iden-

tified 22 methods, their corresponding papers, websites, and package 
availability. A recent review by Wolfram-Schauerte et al. [8]  also  
provides a comprehensive summary of deconvolution methods, and

our categorization aligns closely with theirs.

The identified methods fall into three broad categories: 

1) Regression-based methods: Representing the largest group, 
these methods model bulk RNA-seq data as a linear combina-

tion of reference gene expression profiles for individual cell 
types. Notable examples include CIBERSORTx (CSx), Bisque,

DWLS, and MuSiC. CSx, in particular, has gained popularity for

its use of support vector regression to address this problem.

2) Bayesian methods: These approaches incorporate scRNA-seq 
data as prior information within a probabilistic framework 
to estimate cell-type proportions and gene expression pro-

files from bulk RNA-seq data. By lever aging prior distributions

derived from single-cell data, Bayesian methods can effectively

model uncertainty and variability in the deconvolution pro-

cess. Examples include BayesPrism and InstaPrism.

3) Deep-learning methods: These approaches leverage neural net-

works to capture complex, nonlinear relationships between 
bulk and single-cell data. Methods such as Scaden, DigitalDL-

sorter, and DISSECT exemplify this category.

We selected six methods, two from each methodological category, 
for evaluation based on popularity, recommendation from bench-

marking studies [6, 7, 9–11, 25] and methodological features relevant 
to the specific question addressed here. Rather than conducting an 
exhaustive comparison of all available deconvolution approaches, 
our aim was to assess how reference-mixture condition mismatch

affects representative methods spanning these different algorithmic

classes. Each method is briefly summarized in Table 1, which lists the 
method category, software name, underlying algorithm, programming 
language, year of publication, most recent maintenance year, and

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag184#supplementary-data
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Table 1 Methods evaluated. 
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

Year Batch effect 
corr ection 

Category Tool Method Program 
language 

Published Last 
update 

Subject-
level 

Cross-
platform 

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

Regression-based CSx Support vector regression (SVR) R (Docker, web) 2019 2019 No Yes 
MuSiC2 Weighted non-negative least 

squar es (WNNLS) 
R 2022 2024 Yes No 

Bayesian BLADE Hierarchical Bayesian model Python 2021 2023 No No 
InstaPrism Topic modeling (simplified latent 

Dirichlet a llocation)
R 2024 2024 No No 

Deep learning DISSECT Domain adaptation (GAN-inspired) Python 2024 2025 Yes No 
Scaden Deep neural network (DNN) Python (CML) 2020 2021 Yes No 

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

whether the method incorporates subject-level batch correction or 
cross-platform batch correction. Note that these two types of batch 
correction address different issues: subject-level correction accounts 
for variation across donors within the single-cell reference, whereas 
cross-platform correction addresses systematic differences between

single-cell and bulk RNA-seq data. Although all methods implicitly

accommodate the latter to some extent, CSx in S-mode is the only

method that explicitly models cross-platform batch effects.

CSx 
CIBERSORT [26] is a regression-based deconvolution method that 
estimates cell-type proportions in bulk RNA-seq data using a reference 
expression matrix derived from purified cell types. It selects informa-

tive genes for the signature matrix through a modified t-test, identi-

fying those with high specificity across cell types. The method then

applies ν-support vector regression (ν-SVR) to estimate cell fractions, 
allowing for tolerance in prediction error while maintaining robust-

ness to multicollinearity and outliers. Since SVR does not inherently 
constr ain outputs to be non-negative, CIBERSORT sets negative esti-

mates to zero and renormalizes the proportions to ensure biological

interpretability.

CIBERSORTx (CSx) [2] extends the original CS framework by 
enabling the use of single-cell RNA-seq data as a reference, offering 
additional features such as cross-platform batch correction to account 
for differences between scRNA-seq reference and bulk RNA-seq

technologies. It also provides options to impute cell-type-specific

gene expression profiles in the bulk data, enhancing downstream

analysis. While it retains the ν-SVR model for deconvolution, CSx 
improves flexibility and accuracy by incorporating cross-platform 
alignment and noise modeling, making it more suitable f or complex

or heterogeneous datasets. Note that the cross-platform batch effect

is different from the subject-level Batch effect in Table 1, which 
describes whether the algorithm is capable of adjusting for differences 
between batches or between different subjects present within the 
scRNA-seq reference. We used the CSx docker version for testing, 
with 100 permutations and fraction of 0, so all genes with detectable

expression were included in the analysis. We tested its performance

both with S-mode (S) and without S-mode (NS) batch correction.

MuSiC2 
MuSiC [29] estimates cell-type proportions in bulk RNA-seq data 
by leveraging single-cell references from multiple donors. It uses a 
weighted non-negative least squares (NNLS) regression, where gene 

expression in the bulk sample is modeled as a linear combination 
of average cell-type-specific expressions from the single-cell data. 
To improve robustness, MuSiC incorporates gene-level weights that

account for both intersubject variability and gene expression variance

across cell types. This helps prioritize genes that are consistently

expressed within a cell type across individuals, improving estimation

accuracy.

MuSiC2 [18] builds upon MuSiC by addressing its key limitation: 
the assumption that all subjects share the same set of cell types. In 
real datasets, especially in disease contexts, certain cell types may be 
missing or altered in some individuals. MuSiC2 introduces an iterative 
subject screening algorithm to exclude genes that are differentially

expressed between conditions from the scRNA-seq reference, refining

the reference matrix to better match the bulk sample. This enhance-

ment makes MuSiC2 more suitable for complex or heterogeneous

tissues and improves performance when cross-subject variation in

cell-type composition is present.

For MuSiC2, we used “music2 prop t statistics” to perform the 
deconvolution. We performed 20 resampling iterations using 50% 
of the data in each round, with significance thresholds of 0.05 for 
cell-type proportion differences and 0.01 for residual variance. We

applied a small patch that fixes formats and gene-name alignment

after subsetting; without this fix, MuSiC2 fails to execute.

BLADE 
BLADE (Bayesian log-normal deconvolution) [31] is a hierarchical 
Bayesian model that can estimate the cell-type proportions and the 
cell-type-specific gene expression at the same time. It uses a log-

normal probability model with normal-gamma priors for the expres-

sion level and a Dirichlet distribution for the cell-type proportions.

To define informative features, we selected the 10 000 most 
variable genes across the scRNA-seq reference, which were used 
as marker genes. All bulk samples were included in the analysis. 
All parameters were set to the default values recommended by the 
BLADE authors. Specifically, the grid search was performed over their 
default h yperparameter ranges (Alphas = [1, 10], Alpha0s = [0.1, 1,

5], Kappa0s = [1, 0.5, 0.1], and SYs = [1, 0.3, 0.5]), with three random

restarts (Nrep = 3) and 10 repeated optimizations for the final

parameter set (Nrep final = 10).

InstaPrism 
BayesPrism [32] is another Bayesian framework capable of jointly

estimating both cell-type proportions and cell-type-specific gene
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expression. Unlike BLADE, it models bulk gene expression counts 
using a topic modeling approach, specifically a multinomial distribu-

tion, with gene-level probabilities constructed as weighted mixtures 
of cell-type-specific expression profiles. To infer these proportions and 
expression profiles, BayesPrism employs Gibbs sampling, providing

robust posterior estimates and uncertainty quantification. While

effective for capturing biological heterogeneity, Gibbs sampling is

computationally intensive, motivating newer variants like InstaPrism

[21], which introduce faster, deterministic inference methods. To 
maintain a consistent reference across all methods, we did not use 
InstaPrism’s built-in reference. Instead, we used the custom reference

we constructed from the lupus and healthy scRNA-seq datasets (see

Simulation Study section for details). The hyperparameters were set

to the default.

Scaden 
Scaden (single-cell assisted deconvolutional network) [33]  is  a  
supervised deep-learning method that estimates cell-type proportions 
from bulk RNA-seq by training a neural network on synthetic mixtures 
generated from single-cell RNA-seq data. It uses a feedforward 
neural network to learn nonlinear relationships between gene 
expression and cell-type composition. One key strength of Scaden 
is its ability to capture complex patterns in the data that traditional 
linear models might miss. It also performs well on benchmark

datasets where the reference scRNA-seq used as training data closely

matches the real bulk data. However, since it is supervised, Scaden’s

performance can degrade if the synthetic training mixtures don’t

reflect the characteristics of the target bulk samples. Additionally, like

many deep-learning models, Scaden requires a large, well-prepared

training set.

For Scaden, we generated 1000 simulated bulk samples per sample 
in the scRNA-seq reference to ensure training and test data were 
separated at the subject level. The simulated data were processed and

used to train a model for 5000 steps, after which the trained model

was applied to the bulk expression data for prediction.

DISSECT 
DISSECT [23] builds on the idea of training with synthetic mix-

tures but addresses Scaden’s main limitation—domain mismatch 
between synthetic and real bulk data. It employs adversarial 
domain adaptation inspired by generative adversarial network 
(GAN) training, where a feature extractor learns to produce domain-

invariant representations while a discriminator attempts to distin-

guish between synthetic and real data. Through this adversarial 
process, DISSECT reduces distributional differences and improves

generalizability to unseen datasets. This makes it particularly

suitable when the available reference is imperfect or limited.

However, the adversarial component increases model complexity

and computational cost, and training can be less stable. In our

implementation, we accounted for donor-specific batch effects and

simulated 450 bulk samples per donor from the single-cell reference

dataset.

Experimental design 

Figure 1 illustrates the overall workflow of this study, encompassing 
lupus scRNA-seq data acquisition, reference construction, bulk sim-

ulation, analysis of real peripher al blood mononuclear cell (PBMC)

RNA-seq data, deconvolution, and evaluation. The following sections

describe each component in detail.

Simulation study 

Our simulation is grounded in scRNA-seq data from a study of sys-

temic lupus erythematosus (SLE) in which both cell-type proportions

and cell-type-specific gene expression differ between healthy controls

and lupus cases [34]. In the original study, SLE samples exhibited 
reduced CD4+ T cell proportions and increases in classical monocytes 
and proliferating cells, along with differential expression of over 
300 genes, including widespread changes shared across all cell types 
and additional cell-type-specific effects in monocytes, T cells, and B 
cells. This combination of compositional shifts and within-cell-type

transcriptional changes creates a challenging but biologically realis-

tic deconvolution setting. In particular, disease-associated expression

changes can distort cell-type signatures learned from healthy refer-

ences, reducing the accuracy of proportion estimates even when the

correct cell types are present.

We compared the performance of the six deconvolution methods 
described above on simulated PBMC mixtures from lupus cases and 
healthy controls with known cell-type proportions. First, we obtained

the publicly available scRNA-seq dataset [34] containing 1.2 million 
PBMCs from 162 SLE cases and 99 healthy controls of either Asian or 
European ancestry (available from NCBI under GEO accession num-

ber GSE174188). We downloaded the processed h5ad file provided by 
the original authors, which included donor ID, disease status, age, and 
cell-type annotations. For our analysis, we used the author cell type 
column in the metadata. We excluded the PB and Progenitor (Progen) 
cell types and retained the nine most abundant immune cell types: 
T4, cM, B, T8, NK, ncM, Proliferating (Prolif), cDC, and pDC. To limit

the number of conditions, we selected the subset of female subjects

of European ancestry (N = 62 managed lupus cases, N = 72 healthy

controls). These individuals ranged in age from 23 to 75 years (median:

32) in the healthy control group and from 27 to 71 (median 47) among

lupus cases.

For each run of our simulation study, we created four reference 
single cell datasets. For each dataset, subjects were randomly sampled 
a single time, and the same selected subjects were used consistently

throughout all downstream analyses.

1) Managed SLE (N = 20): scRNA-seq from 20 randomly selected

managed SLE cases.

2) Healthy Controls (N = 20): scRNA-seq from 20 r andomly

selected healthy controls.

3) Combined (N = 20): 10 subjects were randomly selected from 
each of the managed SLE reference and the healthy control

references described above.

4) Combined (N = 40): scRNA-seq from the managed SLE and 
healthy control references were combined into a single refer-

ence set with data from 40 subjects.

To generate simulated bulk RNA-seq mixtures with known cell-type 
proportions, 40 subjects were randomly selected from the managed 
SLE group and 40 from the healthy group that were not chosen as 
part of the reference sets. For each of these subjects, we summed gene

expression counts across all cells present in their sample to create a

“pseudo-bulk” mixture. A summary of the demographic information

and cell-type composition for the selected 40 mixture and 20 reference



Briefings in Bioinformatics, 2026, Vol. 27, Issue 2 | 5

Figure 1 Overview of study design and evaluation framework. PBMC scRNA-seq data from 60 healthy donors and 60 lupus patients were used to 
construct reference and mixture datasets. From each condition, 20 samples were selected as scRNA-seq reference sets, and 40 were used to generate 
simulated pseudo-bulk mixtures. Four scRNA-seq reference sets were created: (i) healthy, (ii) lupus, (iii) combined 20 (10 healthy + 10 lupus), and 
(iv) combined 40 (20 healthy + 20 lupus). Both simulated pseudo-bulk mixtures and real bulk PBMC RNA-seq samples with matched flow-cytometry 
measurements were deconvolved using six repr esentative methods: CSx, MuSiC2, BLADE, InstaPrism, DISSECT, and Scaden. Estimated cell-type 
proportions were then compared with known or experimentally measured values to evaluate deconvolution performance using metrics such as percent 
error, RMSE, Pearson correlation, and Lin’s CCC. The simulation was repeated 10 times. For the real bulk dataset, we leveraged one split of the simulation
references to mimic a real-life situation.

samples from each group, e.g. simulated dataset, for an example 
simulation run can be found in the Supplementary Table 2. 

We then performed deconvolution for the mixtures using all four 
references, using the six deconvolution methods described above. This

resulted in four reference match/mismatch scenarios:

1) Matched reference: scRNA-seq from the same patient type is 
used to deconvolute mixtures (i.e. healthy scRNA-seq reference 
paired with healthy mixtures, and managed SLE reference

paired with managed SLE mixtures).

2) Mismatched reference: scRNA-seq from the opposite patient 
type is used to deconvolute bulk mixtures (i.e. healthy scRNA-

seq paired with managed SLE mixtures and managed SLE

reference paired with healthy mixtures).

3) Combined 20 reference: combined scRNA-seq from both 
patient types, using 20 subjects. We further down-sampled 
10 donors from the selected pool to match the total number of

individuals in the two reference types above.

4) Combined 40 reference: same as above, but using cells from all

40 subjects.

This simulation was repeated 10 times. This design enables evalua-

tion of overall algorithm performance, the impact of reference match

or mismatch, and the extent to which reference sample size affects

deconvolution accuracy.

Application to real bulk RNA-seq mixtures

In order to further evaluate the impact of reference mismatch in real 
bulk RNA-seq mixtures, we extended our testing to a bulk RNA-seq 
PBMC dataset with cell-type proportions estimated by flow c ytometry.

This setup mimics a real-world scenario in which researchers use an

external single-cell reference dataset to deconvolve new bulk samples.

This dataset was used in a previous review [30], is accessible from 
GSE107011 [35], and included data from healthy male and female 
controls, 25–35 years of age. The raw data (fastq) were downloaded 
and aligned to reference hg19 from 10X website to more closely align 
with the reference used for the scRNA-seq. The data were processed

through nf-core/RNA-seq 3.19.0 with NEXTFLOW ∼ version 25.04.6.

Counts were extracted using salmon by rounding to the nearest

integers.

This dataset was paired with the same 4 scRNA-seq references 
and deconvolution methods as described above. However, we applied

MuSiC instead of MuSiC2, since the available bulk dataset included

only one condition.

Evaluation metrics 

After performing cell-type deconvolution on the real and simulated 
bulk RNA-seq data using each set of scRNA-seq references, we assessed 
and compared the accuracy of the deconvolution methods in terms

of error and percent error, root-mean-squared error (RMSE), Pearson

correlation, and Lin’s concordance correlation coefficient (CCC). Let

Xik be the true proportion and X̂ik be the estimated proportion. Each 
metric is defined as follows:

1) Error and percent error: the deviation of the estimate from the 
truth. Error was calculated separately for each cell type per

subject.

Errorik = X̂ik − Xik

Percent Errorik = 
X̂ik − Xik 

Xik
× 100%

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag184#supplementary-data
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Figure 2 Distribution of median RMSE for the 10 simulation runs using different reference matching conditions for the simulated pseudo-bulk mixtures, 
shown on a shared y-axis. Box plots show the median RMSE across simulated bulk mixtures for each simulation for six deconvolution methods—CSx (S 
and NS), MuSiC2, BLADE, InstaPrism, DISSECT, and Scaden—under four reference configurations: matched, mismatched, combined 20, and combined 
40. Results are presented separately for mixtures derived from healthy control (normal) and SLE (lupus) scRNA-seq data. Each dot represents the median 
RMSE across bulk samples for a single simulation. Plots share a common y-axis, highlighting differences between methods. Lower RMSE indicates higher 
deconvolution accuracy. DISSECT and InstaPrism achieved the lo west RMSE acr oss most conditions.

2) RMSE: the square root of the expected squared deviation of the 
estimate from the truth. RMSE is influenced by both bias and 
variance of the estimates. W e calculated RMSE across all cell 
types for each subject as an overall measure of accuracy for

each subject.

RMSEi =
√

1 
c

∑c 

k=1

(
X̂ik − X ik

)2

3) Pearson correlation (r): the strength of the linear relation-

ship between the estimate and the truth for each cell type. 
We calculated the correlation across all subjects for each cell

type.

rk = 
Cov

(
X̂·k , X·k

)
σ

X̂·k 
σ X·k

4) Lin’s CCC: Concordance or agreement between the estimate 
and the truth for each c ell type. CCC is influenced by both bias

and correlation.

CCC
(

X·k , X̂·k
)

= 
2r σX·k σX̂·k 

σ 2 
X·k 

+ σ 2 
X̂·k 

+
(
μ X·k − μ

X̂·k

)

Results 
Simulation study 

Figure 2 summarizes the median RMSE across the 10 simulations by 
method and reference–mixture matching conditions, providing an 
overall comparison of deconvolution accuracy. Overall, CSx S-mode 
and Scaden consistently produced the largest RMSE values across

conditions, indicating reduced accuracy in estimating cell-type pro-

portions. DISSECT achieved the lowest RMSE, followed by InstaPrism

and CSx NS, which showed comparable performance.

Figure 3 displays the RMSE across simulations but uses a method-

specific y-axis to highlight differences in performance across the 
reference conditions. For the regression-based methods (CSx S, CSx 
NS, and MuSiC2), RMSE was generally higher under mismatched 
than matched reference conditions. An exception occurred for lupus 
mixtures analyzed with CSx S-mode, where mismatched references 
yielded slightly lower RMSE than matched, though the distributions of

RMSE for matched and mismatched references are overlapping. For

the combined references, median RMSE values were intermediate

between match and mismatch cases. These results suggest that

a matched reference is optimal for regression-based methods,

whereas mixed-condition references are acceptable and opposite-

condition references are least favorable. Increasing the reference size
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Figure 3 Distribution of median RMSE for the 10 simulation runs using different reference matching conditions for simulated pseudo-bulk mixtures, 
shown on a method-specific y-axis. Box plots show the median RMSE across simulated bulk mixtures for each simulation for six deconvolution 
methods—CSx (S and NS), MuSiC2, BLADE, InstaPrism, DISSECT, and Scaden—under four reference configurations: matched, mismatched, combined 
20, and combined 40. Results are presented separately for mixtures derived from healthy control (normal) and SLE (lupus) scRNA-seq data. Each 
dot represents the median RMSE across bulk samples for a single simulation. Plots have a method-specific y-axis, highlighting differences between 
references within a method. Lower RMSE indicates higher deconvolution accuracy. Regression-based methods such as MuSiC2 and CSx (NS) showed
greater sensitivity to reference mismatch.

from 20 to 40 samples did not consistently improve performance, 
indicating that larger reference panels alone do not guarantee higher

accuracy.

For the Bayesian and deep-learning methods (BLADE, InstaPrism, 
DISSECT, and Scaden), reference–mixture matching status had 
less impact on RMSE; however, there were still some notable 
differences. RMSE was similar between matched and mismatched 
references for the healthy mixtures, but for the lupus mixtures, 
DISSECT and InstaPrism had higher RMSE using the mismatched 
reference. This may be due to lupus samples exhibiting disease-

specific gene expression changes that are not captured by healthy

scRNA-seq references. The healthy mixtures may be less affected by

reference mismatch since the lupus reference retains the core baseline

transcriptional programs of shared cell types. Additionally, increasing

the reference size from 20 to 40 samples modestly reduced RMSE for

BLADE and InstaPrism, suggesting a benefit from larger reference

panels.

Figure 4 presents heatmaps of Lin’s CCC for the simulated mixtures 
by cell type. While RMSE captures squared deviations, Lin’s CCC 
jointly assesses bias and correlation. However, both measures led

to broadly similar conclusions. Heatmaps of Pearson correlation

can be found in Supplementary Fig. 1. Across most cell types, 
Scaden, BLADE, and CSx S-mode showed poor concordance, with 
CCC values near zero, whereas DISSECT achieved the highest CCC and 

InstaPrism produced comparable results. For the regression-based 
methods (CSx NS and MuSiC2), mismatched references generally 
reduced CCC relative to matched ones, consistent with their higher 
RMSE under mismatched conditions. DISSECT and Scaden also 
exhibited reduced CCC under mismatch in certain scenarios. The 
level of impact of reference-mixture mismatch on CCC was cell type-

specific, with the most pronounced effect for immune populations

known to exhibit disease-associated transcriptional changes in lupus.

In particular, lower concordance under reference mismatch was

observed for B cells in lupus mixtures (InstaPrism), for CD8+ T cells

in both normal and lupus mixtures (DISSECT, InstaPrism, MuSiC, and

CSx NS), and for nonclassical monocytes in lupus mixtures across

multiple methods. Increasing the reference size again had minimal

effect.

Finally, certain cell types such as cDCs displayed near-zero CCC 
regardless of method or matching status. Interestingly, MuSiC2 and 
CSx NS achieved relatively higher CCC for cDCs than DISSECT. Exam-

ining Pearson correlations, DISSECT exhibited stronger correlations

between true and estimated cDC proportions (Supplementary Fig. 1) 
than either MuSiC2 or CSx NS, indicating that DISSECT more accurately 
captured the relative ordering of samples from low to high cDC abun-

dance. The lower CCC observed for DISSECT reflects systematic bias

in the estimated proportions (i.e. consistent overestimation), rather

than a failure to track biological variation across samples. In contrast,

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag184#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag184#supplementary-data
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Figure 4 Median Lin’s CCC across the 10 simulation runs using different reference matching conditions for simulated pseudo-bulk mixtures. Heatmaps 
show the median Lin’s CCC across the 10 simulation runs for six deconvolution methods—CSx (S), CSx (NS), MuSiC2, BLADE, InstaPrism, DISSECT, and 
Scaden—across four reference configurations (rows: matched, mismatched, combined 20, combined 40) and eight major PBMC cell types (columns). 
Results are presented separately for simulated healthy control (normal) and SLE (lupus) mixtures. Higher values indicate higher concordance between 
estimated and true cell-type proportions. Regression-based methods such as MuSiC2 and CSx were typically more sensitive to reference mismatch.

MuSiC2 and CSx NS produced estimates with less bias for cDCs in 
this dataset, which improved CCC despite weaker c orrelation and

poorer overall performance. Additional boxplots of the percent error

for each cell type (Supplementary File 1) and scatter plots of true 
versus estimated proportions under each reference-mixture condi-

tion (Supplementary Figs 3–11) can be found in the Supplementary

Materials.

Run time and computational resources

Median runtimes (minutes) across 10 data splits varied substantially

among methods (Table 2). Across the 20-subject reference settings 
(Managed, Normal, and Combined 20), InstaPrism was consistently 
the fastest (2.2–2.5 minutes), followed by DISSECT and CSx NS 
(<50 minutes). Scaden required moderate computational time

(137.5–153.9 minutes). In contrast, CSx S, MuSiC2, and BLADE

were substantially more computationally intensive, with MuSiC2

showing the longest runtimes among 20-subject references (436.2–

541.8 minutes).

Increasing the reference size from 20 to 40 subjects (Combined40) 
affected methods differently. BLADE and DISSECT showed minimal 
change in runtime. CSx NS, InstaPrism, and Scaden exhibited approxi-

mately two-fold i ncreases, consistent with near-linear scaling. In con-

trast, CSx S and MuSiC2 demonstrated more than two-fold increases,

indicating superlinear growth in computational cost with reference

expansion.

Reported runtimes exclude method-specific input data manage-

ment. Analyses were conducted on a SLURM-based high-performance 
computing cluster using 6 CPU cores and 256 GB RAM per job unless

otherwise specified (BLADE: 20 CPU cores; CSx S Combined 40:

512 GB RAM).

Real bulk dataset

We next evaluated the performance of the deconvolution methods 
on real bulk PBMC RNA-seq data from healthy adults with known 
cell-type proportions measured b y flow cytometry. This evaluation

reflects a realistic application in which investigators deconvolve bulk

RNA-seq samples using an external single-cell reference. Figures 5 
and 6 show the distribution of sample-level RMSE across reference 
conditions. Because the real bulk dataset included only a single con-

dition, MuSiC (rather than MuSiC2) was used for this analysis, as 
MuSiC2 requires at least two bulk conditions for iterative adjustment. 
RMSE values were generally higher in the real bulk RNA-seq mixtures 
than in the simulated mixtures, likely reflecting additional techni-

cal and biological variability between the scRNA-seq reference and 
bulk RNA-seq mixtures. Consistent with the simulation results, DIS-

SECT achieved the lowest RMSE across all reference conditions, with

median values consistently below 0.1. Interestingly, Scaden, which

performed poorly on the simulated data, produced the second-lowest

RMSE in the real bulk setting. However, inspection of scatterplots

between flow cytometry and Scaden-estimated proportions revealed

that Scaden predicted nearly identical cell-type compositions across

samples (Supplementary Figs 12–15), explaining the deceptively low 
RMSE. CSx S, CSx NS, BLADE, and InstaPrism showed intermediate 
performance, while MuSiC consistently produced the highest RMSE

(0.1–0.15). Additional boxplots of the percent error for each cell type

can be found in Supplementary File 2.

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag184#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag184#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag184#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag184#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag184#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag184#supplementary-data
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Table 2 Median runtime (IQR) in minutes across 10 data splits for each method and reference setting in the simulation study. Reported runtimes 
ex clude method-specific input data management. Simulations were performed on a SLURM-based high-performance computing cluster using six CPU 
cor es.
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  
Method Managed Normal Combined 20 Combined 40 
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

CSx (NS) 43.2 (40.9–46.9) 48.8 (44.3–51.4) 44.2 (41.1–51.1) 97.0 (90.0– 98.9) 
CSx (S) 211.2 (196.1–217.2) 248.1 (213.4–263.7) 223.2 (207.7–250.6) 611.5 (564.5– 624.8) 
MuSiC2 436.2 (415.8–453.4) 541.8 (519.3–574.0) 473.5 (433.7–537.3) 2164.4 (2019.9– 2303.8) 
BLADE 932.1 (872.8–1001.4) 832.5 (806.3–875.9) 895.3 (847.4–948.3) 900.3 (844.0– 948.0) 
InstaPrism 2.2 (2.1–2.3) 2.5 (2.2–2.8) 2.3 (2.1–2.5) 4.7 (4.5– 4.8) 
DISSECT 39.4 (37.9–40.2) 40.4 (39.8–41.5) 40.3 (39.9–40.8) 47.4 (47.1– 48.5) 
Scaden 137.5 (135.7–150.0) 153.9 (142.1–166.0) 146.5 (136.4–157.1) 261.3 (256.0– 268.6) 
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

Figure 5 Distribution of sample-level RMSE in the real bulk PBMC RNA-seq data under different reference matching conditions, shown on a shared 
y-axis. Box plots show the distribution of RMSE for six deconvolution methods—CSx (S), CSx (NS), MuSiC, BLADE, InstaPrism, DISSECT, and Scaden— 
applied to real PBMC bulk RNA-seq data benchmarked against flow-cytometry-derived cell-type proportions. Four reference configurations (normal, 
managed, combined 20, and combined 40) were evaluated. DISSECT and InstaPrism maintained the lowest RMSE across most reference conditions, 
while regression-based methods such as MuSiC and CSx showed greater variability in performance. Each dot represents the RMSE for a single sample.
Plots have a shared y-axis, highlighting differences between methods.

Figure 6 Distribution of sample-level RMSE in the real for real bulk PBMC RNA-seq data under different reference matching conditions, shown on a 
method-specific y-axis. Boxplots show the distribution of RMSE values for six deconvolution methods—CSx (S), CSx (NS), MuSiC, BLADE, InstaPrism, 
DISSECT, and Scaden—across four reference configurations (normal, managed, combined 20, and combined 40). L ower RMSE values indicate higher
deconvolution accuracy. Consistent with Fig. 5, DISSECT and InstaPrism achieved the best overall performance, while regression-based methods such 
as MuSiC and CSx exhibited greater variability across reference conditions. Each dot repr esents the RMSE for a single sample. Plots have a method-
specific y-axis, highlighting differences between references within a method.

Counterintuitively, several methods, including MuSiC, InstaPrism, 
DISSECT, and Scaden, showed lower RMSE under the mismatched ref-

erence. There are several factors that may contribute to these results. 
First, in the real bulk dataset, the reported flow cytometry proportions 
do not sum to one (with an average total of approximately 0.9). In 
contrast, all deconvolution methods evaluated enforce proportions 

that sum to one. This mismatch introduces an unavoidable source of

error that directly affects RMSE and Lin’s CCC, making these metrics

less informative in this setting and potentially favoring methods that

distribute error differently across cell types. In addition, differences

between the real bulk dataset and the scRNA-seq reference extend

beyond disease status, including age, sex, and race distributions. Thus,
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any modest improvement observed under mismatch should be inter-

preted cautiously.

For concordance with flow cytometry proportions (Fig. 7), we focus 
on Pearson correlation instead of Lin’s CCC (Supplementary Fig. 2), 
since the flow cytometry proportions did not sum to one. Similar 
to the simulated mixtures, DISSECT again outperformed all other 
methods, achieving the highest correlations across most cell types 
(often exceeding 0.7 for common populations). InstaPrism followed, 
with moderate correlations (0.5–0.7) for several cell types including 
B, T4, cDC, and cM. CSx S exhibited variable performance, with cor-

relations ranging from positive to negative depending on the cell

type, whereas BLADE and Scaden performed poorly, showing near-

zero or negative correlations across most cell types. MuSiC returned

zeros for several abundant cell types (B, T4, T8) as well as pDCs;

interestingly, Xu et al. [30] also found a similar result, with zeros 
estimated for T4, T8, and B cells across all samples, when using MuSiC 
to perform deconvolution on the same publicly available bulk RNA-

seq dataset. CSx NS also yielded 0 values for cM, possibly due to its 
low representation in the dataset. Overall, correlations were weaker 
in the real bulk analysis than in simulations, consistent with increased 
measurement noise and reference mismatch. Some cell-type-specific 
effects of reference-mixture mismatch were observed but are more 
difficult to interpret than in the simulation study, likely due to multiple

differences between reference and bulk cohorts, including disease sta-

tus, age, sex, and race. For example, while correlation for CD8+ T cells

was generally lower under mismatch for InstaPrism, CIBERSORTx S-

mode, and BLADE, as expected, it was higher for DISSECT. In addition,

correlation for B cells was unexpectedly higher under mismatch for

InstaPrism, CSx S, and BLADE.

Because predicted proportions from all deconvolution methods 
inherently sum to one, whereas the original ground-truth proportions 
from flow cytometry do not, direct comparison can introduce bias.

As a sensitivity analysis, we rescaled the ground-truth proportions to

sum to one and observed similar results (Supplementary Figs 16–19). 
However, forcing the ground truth to sum to one may also introduce 
new distortions by inflating or deflating specific cell-type proportions. 
For this reason, the unscaled ground-truth proportions remain our

primary evaluation metric, and the rescaled analysis is presented only

as a sensitivity check.

In general, the effect of the reference condition was small compared 
to that of the deconvolution algorithm. Although higher correlations 
might be expected when reference and target conditions matched, 
this trend was not consistently observed. For example, InstaPrism 
achieved a higher correlation for B cells when using a mismatched 
reference (0.85) than when matched (0.74), and DISSECT showed

higher correlation for T8 cells under mismatched conditions (0.82 ver-

sus 0.72). No consistent pattern emerged when comparing matched,

mismatched, and combined reference sets, indicating that algorithmic

design played a more dominant role than reference condition in

determining deconvolution accuracy.

Discussion 
In this study, we examined whether the matching disease conditions 
between the scRNA-seq reference and target bulk RNA-seq mixtures 
influences the performance of cell-type deconvolution methods. Using 
single-cell PBMC data, we evaluated six methods spanning three algo-

rithmic categories across four reference–mixture matching scenarios,

applied to both simulated and real bulk datasets.

Overall, we found that the choice of deconvolution algorithm had a 
much greater impact on performance than reference–mixture match-

ing. Among all methods, DISSECT, representing the deep-learning cat-

egory, consistently performed best across nearly all scenarios, achiev-

ing the lowest error and RMSE and the highest correlation and CCC 
across most cell types. InstaPrism, a representative Bayesian method, 
achieved comparable performance in the simulated bulk setting but 
performed less well in the real bulk data. The effect of matching 
status was modest overall, though, as expected, RMSE values were 
smaller under matched conditions in our simulation study and tended 
to be more pronounced when using healthy references to perform

deconvolution on lupus mixtures. The impact of reference mismatch

was most evident among regression-based methods. The cell types

most affected by reference–mixture mismatch in the simulations, B

cells, CD8 T cells, and classical and nonclassical monocytes, are also

those reported in the underlying scRNA-seq study to exhibit sub-

stantial disease-associated transcriptional changes in SLE. Reduced

concordance for these populations under reference mismatch is there-

fore consistent with biological shifts in cell-type-specific expression

profiles, which can distort reference-derived signatures and dispro-

portionately impact deconvolution accuracy for affected cell types.

Beyond disease status, demographic differences, particularly age, 
between scRNAseq references and RNAseq mixtures represent a bio-

logically meaningful and often overlooked source of reference mis-

match. In our simulation study, healthy controls and lupus cases 
differed not only in disease status but also in age distribution (median 
32 versus 47 years), and these factors cannot be disentangled in

our simulation framework. Aging is known to substantially reshape

peripheral immune composition and these changes could alter cell-

type-specific expression signatures used to construct deconvolution

references [36, 37]. The compounded effects of disease, age, and 
additional demographic mismatches observed in our real bulk RNA-

seq validation, where performance was more variable and sometimes 
unexpected compared to the simulation, are consistent with this view. 
These findings underscore a broader challenge in reference-based

deconvolution: real-world reference cohorts will rarely match the

target mixtures along all important axes of biological variation, and

performance degradation likely reflects the cumulative impact of

multiple demographic and disease-related differences.

Results from deconvolution of the real bulk RNA-seq dataset some-

times produced counterintuitive results for some methods, such as 
lower RMSE or higher Pearson correlation for mismatched references 
for certain cell types, such as B cells. As the flow cytometry proportions 
from the real bulk dataset did not sum to one, whereas all decon-

volution methods enforced a sum-to-one constraint, RMSE may have 
been influenced by systematic differences rather than true accuracy. 
The unexpected pattern for B cells for Pearson correlation likely

reflects complex interactions among disease-specific expression shifts,

differences in age, sex, and race distributions between the scRNA-seq

and real bulk RNA-seq cohorts, and method-specific biases. Together,

these observations highlight the challenge of interpreting reference

mismatch effects in real-world datasets where the contributions of

individual biological and demographic variables cannot be isolated,

a limitation shared broadly across reference-based deconvolution

benchmarking studies.

DISSECT likely had the strongest performance because deep-

learning methods are able to capture nonlinear relationships between 
the scRNA-seq reference and the target bulk mixtures and account

for between-subject differences in cell-type-specific gene expression

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag184#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag184#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag184#supplementary-data


Briefings in Bioinformatics, 2026, Vol. 27, Issue 2 | 11

Figure 7 Pearson correlation across reference conditions for real bulk PBMC RNA-seq samples. Heatmaps show Pearson correlation coefficients (r) 
between estimated and flow-cytometry-derived cell-type proportions for six deconvolution methods—CSx (S), CSx (NS), MuSiC, BLADE, InstaPrism, 
DISSECT, and Scaden—across four reference configurations (normal, managed, combined 20, and combined 40). Higher values indicate stronger 
positive correlations. DISSECT and InstaPrism achieved consistently high correlations across most cell types, while regression-based methods su ch
as MuSiC and CSx displayed reduced concordance in certain references and cell types.

in their simulated training sets. Although both Scaden and DISSECT 
are deep-learning–based methods trained using subject-level data, 
their performance differed markedly in our analyses. This likely 
reflects differences in model architecture and learning objectives: 
Scaden aggregates predictions across an ensemble of neural networks, 
whereas DISSECT leverages simultaneous consistency regularization 
between the target and training domains. A dditionally, deep-

learning methods often require careful hyperparameter tuning to

achieve optimal performance. For the fairness of comparison, we

evaluated both methods using their default settings. It is possible that

Scaden’s performance could improve with further hyperparameter

optimization, which was beyond the scope of this study.

Rare cell populations, such as cDC, pDC, and proliferating cells, 
were consistently more difficult to estimate, and deconvolution per-

formance was consistently lower for these rare cell types, likely due 
to limited representation in the scRNA-seq reference and a restricted

range of pseudo-bulk proportions, both of which complicate accurate

estimation and evaluation using correlation-based metrics. As shown

in Figs 4 and 7 and Supplementary Figs 1–2, these cell types exhibited 
lower correlations with the ground truth and higher bias, highlighting

the challenges of accurately deconvolving low-abundance popula-

tions.

Runtime considerations are also important for practical implemen-

tation. InstaPrism and MuSiC2 offer near-immediate results, whereas 
CSx and BLADE require substantially longer compute time. Although 
the deep-learning approaches (Scaden and DISSECT) incur additional

upfront cost during training, their prediction steps are fast, making

them efficient once models have been trained.

Our study has several important limitations. Simulated mixtures, 
which are the sums of single cells, do not reflect technical differences 
between bulk and scRNA-seq technologies. This could lead to overly 
optimistic estimates of performance in simulations. In the real bulk 
PBMC dataset, the accuracy of all methods decreased. In addition to 
differences between real and simulated bulk RNA-seq mixtures, this 
decline in performance was likely influenced by additional factors. 
For example, the cell-type proportions estimated from flow cytometry 
summed to only ∼90% per subject on average, leaving an inherent 
10% error that affected the calculation of RMSE and Lin’s CCC, both

of which depend on bias terms. In addition, cell-type definitions

may have differed slightly between the flow cytometry data and

the scRNA-seq reference. For example, “proliferative cells” may rep-

resent distinct populations in the two datasets. Furthermore, flow

cytometry measures surface protein abundance, which may correlate

with—but does not directly reflect—mRNA expression levels. Another

notable observation was that several methods underestimated the

proportions of abundant cell types, a pattern warranting further

investigation.

Another limitation of this study is that we evaluated a limited 
subset of available deconvolution methods rather than performing 
an exhaustive comparison. While the selected methods span multiple

algorithmic approaches and include widely used methods, our find-

ings may not generalize to all existing or future methods, particularly

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag184#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag184#supplementary-data
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those with modeling assumptions or implementations that differ sub-

stantially from the evaluated methods.

Our study is also limited by the lack of a comprehensive benchmark 
dataset that includes matched bulk RNA-seq, scRNA-seq, and ground-

truth abundance measures under multiple conditions. As noted by

Wolfram-Schauerte et al. [8], very few such datasets exist, and none 
fully met the needs of our study, which aimed to evaluate condition-

specific effects. In addition, our evaluation was restricted to PBMCs, 
which were selected due to the availability of large scRNA-seq ref-

erences and bulk RNA-seq datasets with experimentally measured 
cell-type proportions. Although results from other tissue types may 
differ, we believe our findings remain informative, as PBMCs are a

commonly analyzed tissue in translational research. Many disease

studies aim to compare cellular composition between diseased and

healthy individuals using scRNA-seq of PBMCs, given that blood is eas-

ily accessible and cost-effective for potential diagnostic applications.

Accurate estimation of PBMC cell-type composition thus remains an

important goal [8]. Whether the effects of reference–mixture condition 
mismatch observed here generalize to other complex tissues, such 
as the br ain or pancreas, remains an important question for future

studies as suitable reference and validation datasets become available.

Beyond benchmarking, an open question is how to translate decon-

volution results into clinically meaningful inference. We saw wide 
variation in the accuracy of deconvolution methods at the individual 
sample level; therefore, interpreting the composition for any given 
sample must be done with caution. Though most methods do not 
provide estimates of uncertainty , InstaPrism does provide credible

intervals for estimated proportions, which may aid in the interpre-

tation of deconvolution results. In addition, best practices for test-

ing for differences in deconvolution proportions between disease

groups when using differing references that are tailored to each group

require additional research.

Conclusion 
In summary, our results suggest that while reference–mixture match-

ing can modestly affect deconvolution performance, the choice of algo-

rithm remains the dominant factor. For users seeking accurate cell-

type proportion estimates, we recommend consulting recent bench-

mark studies and selecting the best-performing methods accordingly. 
When feasible, matched references should be used, though the degree 
of impact may depend on the chosen algorithm. For those exploring

diagnostic applications, methods that provide uncertainty quantifi-

cation, such as InstaPrism, may be preferable. Finally, for method

developers, creating well-curated benchmark datasets and maintain-

ing accessible, reproducible software will be crucial for advancing the

field.

Key Points 

• We evaluated how reference–mixture matching affects perfor-

mance for six bulk RNA-seq deconvolution methods using single-

cell RNA-seq references across simulated and real datasets.

• Method choice had a much larger impact on deconvolution accu-

racy than reference– mixture matching. Regression-based meth-

ods were more sensitive to mismatched references.

• DISSECT, a deep-learning–based algorithm, consistently achieved 
the best RMSE and correlation performance. We recommend using 

robust methods in practice and interpreting estimates for rare cell

types with caution.
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