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Abstract

We performed systematic assessment of computational deconvolution methods that play an important role in the estimation of cell
type proportions from bulk methylation data. The proposed framework methylDeConv (available as an R package) integrates several
deconvolution methods for methylation profiles ([llumina HumanMethylation450 and MethylationEPIC arrays) and offers different cell-
type-specific CpG selection to construct the extended reference library which incorporates the main immune cell subsets, epithelial
cells and cell-free DNAs. We compared the performance of different deconvolution algorithms via simulations and benchmark datasets
and further investigated the associations of the estimated cell type proportions to cancer therapy in breast cancer and subtypes in
melanoma methylation case studies. Our results indicated that the deconvolution based on the extended reference library is critical to
obtain accurate estimates of cell proportions in non-blood tissues.
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Introduction

Cellular components play an important role in therapeutic
response and disease diagnosis since many physiological
processes involve cell motility and differentiation [1]. The
extent of immune cell infiltration into tumors, an important
component in tumor microenvironment, may give rise to different
immune therapeutic responses [2]. For instance, the increase of
lymphocyte infiltration in melanoma is associated with higher
drug response rates and serves as predictive biomarkers for
disease development [3]. Conventional methods for determining
the cell compositions have several limitations. This includes
the traditional flow cytometry method which is infeasible
for large sample studies due to the high cost and difficulty
in obtaining fresh tissues [4]. Additionally, physical cell type
separation approaches, such as laser capture microdissection
(LCM), fluorescence-activated cell sorting (FACS) and translating
ribosome affinity purification (TRAP), have technical difficulties
including the lack of good surface markers and cell-type-
specific promoters [5]. These have rendered computational-
based deconvolution methods for cell type proportion estimation
of bulk epigenomics and transcriptomics data an attractive
approach and active areas of research. Both DNA methylation
and gene expression have emerged as important hallmark of
numerous diseases including cancer [6-12]. DNA methylation
profiling has several advantages over gene expression, includ-
ing the stability and smaller amount of DNA required from
formalin-fixed, paraffin-embedded samples compared with RNA
[13]. The current state-of-the-art approach for DNA methyla-
tion profiling includes the Hlumina Infinium HumanMethyla-
tion450 (450 k) array, and more recently the Infinium Methy-

lationEPIC (EPIC) array which extends the CpG coverage to
transcription factor binding sites, chromatin and enhancer
regions.

In epigenome-wide association study (EWAS), cellular compo-
sition has been found to play a critical role in understanding
the association between phenotypic of interest and DNA methy-
lation. For instance, cellular composition was confounded with
the strength of association between age, the primary phenotype
and methylation levels [14]. Similarly, EWAS investigating the
breastfeeding and epigenetic variation in buccal cells from 1006
twins was shown to be affected by the proportions of epithelial
cells, leukocytes and natural killer (NK) cells [15]. The standard
approach is to include the estimated cell proportions as adjust-
ment factors to uncover the true association with the pheno-
typic outcome of interests, as evident from the smoking (16, 17]
and neonatal EWAS [18]. Besides playing a role as confounder
in EWAS, the estimated cell proportions from DNA methylation
data can also be utilized to understand the biological mecha-
nisms underlying the phenotypes. For example, Ankur et al. [4]
showed that the ratio of CDS8T to regulatory T cells ratio was
elevated in hot tumors pan-cancer, whereas Hannon et al. [19]
showed the several immune cell proportions were associated
with psychosis and treatment-resistant schizophrenia. Recently,
methods for inferring cell-specific differentially methylated CpGs
(DMCs) from bulk tissues are emerging by incorporating the esti-
mated cell proportions [20, 21]. For example, CellDMC [21] mod-
els the interactions between the phenotype and the estimated
cell proportions, whereas tensor composition analysis (TCA) [20]
uses tensor composition analysis for detection of cell-specific
DMCs.
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Cell type deconvolution algorithms for DNA
methylation data

Cell type deconvolution algorithms can be divided into two
main categories: the reference-based methods and reference-free
methods [22]. Reference-based methods utilize pre-defined cell-
type-specific differentially methylated regions (DMRs), whereas
reference-free methods rely on unsupervised methods to infer
putative cell proportion confounding factors. An advantage
of the reference-based methods is that since the identities
of inferred cell type proportions are known, one can further
correlate the inferred cell type proportions to clinical attributes
to ascertain if specific cell type has diagnostic or prognostic
value. Additionally, the reference-based methods tend to be less
computationally intensive and provide more accurate estimates.
Specifically, reference-based methods assume that the DNA
methylation profile of a sample is a weighted sum of cell-
type-specific reference profiles. These methods utilize a least-
squares minimization to uncover the weights for the observed
sample methylation profile. One commonly used algorithm is
the quadratic programming (QP) or constrained projection (CP)
[23], in which the weights are constrained to be non-negative
and sum to one. In contrast, the CIBERSORT (CBS) algorithm
[24], which one of the most widely used cell type deconvolution
software for gene expression is based on a non-constrained
reference-based method through a support vector regression
with linear kernel, and is generalizable to various genomics
features besides gene expression, as well as allowing users to
create a custom signature matrix [2, 25]. On the other hand,
EpiDISH [26] provides a unified computational pipeline for cell
type deconvolution on DNA methylation data by combining three
reference-based methods, namely Houseman’s QP/CP [23], Robust
Partial Correlation (RPC) and CBS [24]. MethylResolver [27] is
another popular deconvolution method for DNA methylation that
is based on least trimmed squares (LTS) regression to select an
optimal set of CpGs for each cell type. ARIC [28] is a recently
proposed deconvolution method based on a weighted support
vector regression (SVR) that aims to provide robust estimation of
rare cell types and uses a two-step feature selection strategy,
which includes CpG collinearity and outlier elimination. On
the other hand, examples of reference-free methods include
RefFreeEWAS [29], BayesCCE [30] and TOAST [31]. RefFreeEWAS
is an extension of Houseman’s QP/CP [23] by approximating the
matrix of cell-specific methylation using a two-stage regression
analysis based on non-negative matrix factorization; BayesCCE
follows a semi-supervised Bayesian framework with a prior
estimated from external data, whereas TOAST is based on a
iterative procedure that improves CpG selection, followed by
deconvolution using existing algorithms such as RefFreeEWAS.
This paper aims to improve the deconvolution of DNA
methylation array by integrating the deconvolution algorithms
with alternative cell-type-specific CpG selection methods and
extending the reference library to include both immune and
epithelial cells. We develop a computational deconvolution
tool methylDeConv available as an R package (https://github.
com/jysonganan/methylDeConv) to provide a comprehensive
and integrated pipeline for methylation data. Specifically, our
proposed pipeline allows for a number of options for analyzing
both the Illumina 450 k and EPIC arrays, including tissue types
and reference libraries. Besides the choice of deconvolution
algorithms, a critical first step in cell type deconvolution is the
selection of informative CpGs, i.e. CpGs that contain information
about the different cell types. Our pipeline methylDeConv also
offers multiple cell-type-specific CpG selection methods based

on differential testing or machine learning classification, and an
alternative method of representing cell type proportions based on
the predicted class probabilities of multi-class elastic net.

Methods
Deconvolution algorithms

We incorporated several deconvolution algorithms including the
reference-based methods in EpiDISH [26], Houseman's QP/CP [23],
RPC [26], CBS [24], MethylResolver [27] as well as the recently
proposed method ARIC [28]. Two reference-free methods, namely
RefFreeEWAS [29] and TOAST ([31], were also included in our
study. For RefFreeEWAS and TOAST, we used myRefFreeCellMix
and csDeconv functions implemented in the TOAST R package,
respectively. These methods were implemented in R, except for
ARIC which was written in Python. These methods are summa-
rized in Table 1.

In estimating cell type proportions for samples profiled on the
450 k or EPIC methylation arrays, the reference-based deconvolu-
tion algorithms can be performed using reference profiles from
Bioconductor packages FlowSorted.Blood.450 k [32] and Flow-
Sorted.Blood.EPIC [33], respectively, which consisted of antibody-
bead sorted and purified neutrophils, B cells, monocytes, NK cells,
CDAT cells and CDS8T cells. There were on average six replicates
for each cell type in each platform. We argued that the selection
of CpGs in the reference profiles was an important step in the
deconvolution algorithms [34], which motivated us to consider
several CpG selection strategies in the following subsection.

Cell-type-specific CpG selection

We considered several strategies to identify cell-type-specific
CpGs from the reference profiles, namely (1) differential methyla-
tion analyses based on t-test [35, 36] and moderated t-test [4], (2)
machine learning classification methods and (3) highly variable
CpGs. In strategy (1), we first filtered the CpGs with P-values
smaller than a user-defined threshold, followed by ranking them
according to either the mean differences or the absolute mean
differences to obtain a pre-specified number of top CpGs. In
strategy (2), we considered two machine learning models, namely
elastic net [37] and random forest [38]. For elastic net model,
we retained the CpGs with non-zero coefficients from five-fold
cross-validations. For random forest, the variables were selected
based on either the variable importance score or the recursive
feature elimination (RFE) algorithm in Caret package [39] which
performed random forest iteratively with different subsets of
CpGs. On the other hand, strategy (3) (i.e. choosing highly variable
CpGs) was based on the observation that cell-type-specific CpGs
were in general most variable since they corresponded to CpGs
with distinct profiles across different cell types [31].

In strategy (1), we further considered (i) one-versus-all (compar-
ing reference profiles of one cell type to the rest) and (ii) pairwise
comparisons (comparing reference profiles for each pair of cell
type). Similarly, in strategy (2), we also considered (i) two-class
classification for each pair of cell type and (ii) multi-class clas-
sification for all cell types. These were summarized as methods
1-5 in Table 2.

Additionally, we also combined strategies (1) and (2) by propos-
ing a two-step CpG selection framework. In the first step, we uti-
lized the one-versus-all t-test to preselect a larger set of candidate
CpGs (e.g. 300 top ranking CpGs per cell type, yielding at most
1800 candidate CpGs in six immune cell types). In the second
step, we fitted a multi-class elastic net model or a multi-class
random forest model to further eliminate redundant CpGs. These
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Table 1. Description of the different deconvolution algorithms

Deconvolution algorithms

Description

Remark

1. Houseman'’s QP/CP [23]

2. EpiDISH [26]

3. MethylCIBERSORT [4]

4. MethylResolver [27]

4. ARIC [28]

5. RefFreeEWAS [29]

6. TOAST-csDeconv [31]

Reference-based method using linear CP. Implemented in minfi
[46] and EpiDISH [26] R packages.

Reference-based method using RPC. Also implements several
reference-based deconvolution algorithms including CBS [24]
and Houseman’s QP/CP in the R package.

Reference-based method using CBS algorithm. Implemented as
an R package.

Reference-based method using LTS regression. Implemented as
an R package.

Reference-based method using weighted SVR. Implemented in
Python.

Reference-free method, extension of Houseman’s QP/CP [23].
Implemented as an R package. Also implemented in TOAST [31]
R package.

Reference-free method by improving CpG selection, followed by
deconvolution using other reference-free algorithm such as
RefFreeEWAS [29]. Implemented as an R package.

One of the earliest method for
[llumina methylation arrays
deconvolution.

RPC algorithm is computationally fast.

Only version 0.2.0 is publicly available
on Zenodo.

Robust to unknown content, however,
incurs longer computational time for

large datasets.

Computationally fast.

Computationally fast.

High memory usage and incurs long

computational time for large datasets.

Table 2. Description of the different cell-specific CpG selection methods

CpG/feature selection
methods

Description

Remark

1. oneVsAllttest

2. oneVsAllLimma
3. pairwiseLimma
4. pairwiseGlmnet

Select top 100 CpGs using one-versus-all t-test per cell type.

Select top 100 CpGs using one-versus-all moderated t-test per cell type.
Select top 100 CpGs using pairwise moderated t-test per cell type.
Select CpGs with non-zero coefficients from pairwise two-class elastic net

Computationally fastest among the eight
methods. Combined with RPC, they yield
robust and accurate estimation from our
simulation studies.

Computationally fast.

Incurs longer computational time.

model.
5. multiGlmnet
6. glmnetpreselect

Select CpGs with non-zero coefficients from multi-class elastic net model.
Step 1. Preselect top 300 CpGs from one-versus-all t-test per cell type.

Incurs longer computational time.

Step 2. Select CpGs with non-zero coefficients from multi-class elastic net

model fitted with preselected CpGs.
7. RFpreselect

Step 1. Preselect top 300 CpGs from one-versus-all t-test per cell type.

Step 2. Select the most important variables (top 100 CpGs per cell type)
from multi-class random forest model fitted with preselected CpGs.

8. Rfepreselect

Step 1. Preselect top 300 CpGs from one-versus-all t-test per cell type.

Incurs longer computational time.

Step 2. Select CpGs based on RFE algorithm applied to the multi-class
random forest model fitted with preselected CpGs.

were summarized as methods 6-81in Table 2. A schematic diagram
illustrating the main steps involved in DNA methylation based cell
deconvolution is provided in Figure 1.

In Supplementary Appendix S1 (see Supplementary Data avail-
able online at https://academic.oup.com/bib), we also evaluated
the performance of other strategies including using the predicted
class probabilities and application of the enrichment-score based
method as alternative estimates of cell type proportions.

Extension of reference library to non-immune
cells

In non-blood tissues (e.g. saliva), epithelial cells made up a
large fraction of cells. Additionally, in blood of cancer samples,
there could be an increased level of cell-free DNA (cfDNA) in
circulation. Therefore, we extended the reference library in
FlowSorted.Blood.EPIC by adding 10 purified epithelial and 10

randomly selected cfDNA from Moss et al. [40] (available at Gene
Expression Omnibus (GEO) under accession number GSE122126).
In FlowSorted.Blood.450 k, we added 11 purified epithelial and
7 fibroblast cells from the ENCODE project [41] (GEO accession
number GSE40699). Besides providing estimates of epithelial cell
proportion for non-blood tissues and cfDNA for blood of cancer
samples, we hypothesized that extending the reference library
can also significantly improve the estimation of immune cell
proportions.

Benchmark datasets

We included several benchmark datasets to evaluate the perfor-
mance of the different deconvolution algorithms and CpG selec-
tion strategies. The first benchmark dataset (BenchmarkDatal)
consisted of 12 in silico artificially reconstructed mixtures of 6
immune cell types from the FlowSorted.Blood.EPIC package. The
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Figure 1. Schematic plot illustrating the workflow of cell type deconvolution for estimating the cell proportions from the mixture profiles.

second benchmark dataset (BenchmarkData?) consisted of the
remaining 48 purified cfDNA samples from Moss et al. [40] that
were not used in building the extended reference library.

Using Monte-Carlo simulation, we generated additional bench-
mark datasets by varying the proportions of non-immune cells.
We considered two types of mixture models, namely (i) beta mix-
ture and (ii) Gaussian mixture. We also considered five different
ranges of non-immune proportions, i.e. 0, 0.1-0.2, 0.2-0.5, 0.5~
0.8 and 0.8-0.9. For certain applications, cell types that were
present in very small fractions may be of interest. For example,
the tumor infiltrating lymphocytes which had prognostic value
[42] were present in low fractions in some cancer types [43].
Following Zhang et al. [28], we extended our simulation study
by considering rare non-immune proportions, i.e. rare cell type
setting 0.01, 0.03, 0.05, 0.07, 0.1; and very rare cell type set-
ting 0.001, 0.003, 0.005, 0.007 and 0.01. Details of the simulation
setup were provided in Supplementary Appendix S2 (see Supple-
mentary Data available online at https://academic.oup.com/bib).
We compared the performance of the different deconvolution
strategies via (i) the Spearman correlation coefficients between
the estimated cell type proportions pr versus the true propor-
tions py, (ii) the root mean square error (RMSE), where RMSE =

2
N (f)k - pk) and (iii) the symmetric mean absolute percent-

age error (SMAPE), where sSMAPE = %21;:1';;:%5’;" We reported
the performance metrics for within cell type (in this case, k
denoted sample k) and for within sample comparisons (in this
case, k denoted cell type k). Pathway analysis was also performed
to identify significantly over-represented Kyoto Encyclopedia of
Genes and Genomes (KEGG) and gene ontology (GO) gene sets at
false discovery rate (FDR) < 0.05 among the selected cell-specific
CpGs via the function methylgometh in package methylGSA [44].

Due to the large overlap of CpGs (i.e. 452 567 common CpGs)
between 450 k and EPIC arrays, we also evaluated the accuracy
of the cell proportions estimation by borrowing the information
from the existing 450 k reference library for scenarios in which
we did not have an EPIC reference library. That is, CpG selection
and the average reference profiles were performed on the 450 k
reference library and incorporated into cell type deconvolution
of EPIC arrays. The six matched 450 k and EPIC blood, as well
as saliva samples of Braun et al. [45] (GEO accession number
GSE111165), enabled us to use the estimated cell proportions from
450 k array as gold standard to validate the deconvolution of EPIC
methylation array.
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Figure 2. (A) Average spearman correlation coefficients. (B) Average RMSE. (C) Average sMAPE, along with the standard deviation error bars between
estimated and true proportions within each of the 12 samples in BenchmarkDatal for different CpG selection and deconvolutional algorithms using

the FlowSorted.Blood.EPIC reference library (six immune cell types).

Data preprocessing

All the methylation data in this study, accessible from GEO or
Bioconductor packages, were available in the IDAT format. We
preprocessed the data using preprocessNoob from the minfi pack-
age [46], followed by the function getBeta to obtain the Beta
value matrix. All subsequent analyses and deconvolution were
performed on the methylation Beta value matrix.

Tool

The different deconvolution algorithms, CpG selection, reference
library extension as well as the simulation procedures were
included in our computational deconvolution tool R package
methylDeConv, along with the code to perform the analyses
in this study available at (https://github.com/jysonganan/
methylDeConv).

Results

Comparison of deconvolution algorithms and
CpG selection methods

The following CpG selection methods exhibited high corre-
lation coefficients (>0.9), low RMSE and low sMAPE between

estimated and true proportions: oneVsAllttest, onevsAllLimma,
pairwiseGlmnet, multiGlmnet, glmnetpreselect and Rfepreselect
across the five reference-based deconvolution algorithms (i.e.
Houseman, RPC, CBS, MethylResolver and ARIC) in Benchmark-
Datal (Figure 2). On the other hand, the two reference-free
algorithms (i.e. RefFreeEWAS and TOAST-csDeconv) had poorer
performance than the reference-based methods. Rfepreselect
and RFpreselect were two-step CpG selection methods which
utilized multi-class random forest modeling in the second
step (Table 2). Rfepreselect showed a better performance com-
pared with RFpreselect, which was consistent with the fact
that Rfepreselect searched for the optimal subset of CpGs,
whereas RFpreselect selected the top CpGs without taking into
account multicollinearity among the selected CpGs. However,
pairwiseGlmnet, multiGlmnet and Rfepreselect incurred longer
computational time; thus, we recommended oneVsAllttest,
oneVsAllLimma or glmnetpreselect as CpG selection method.
The CpGs selected by these three methods showed that a
large degree of overlap (Figure 3). Similarly, our simulation
studies also showed that MethylResolver required significantly
longer computational time and TOAST-csDeconv was the
slowest among the seven methods for deconvolution of large

2202 J9qUISAON GZ UO Jasn Juawiuianos) Aq £4019/9/640BAA/9/EZ/O101E/AIG/WO0 N0 OILSPEDE//:SARY WOl papeojumod


https://github.com/jysonganan/methylDeConv
https://github.com/jysonganan/methylDeConv

6 | Song and Kuan

oneVsAllttest oneVsAllLimma

231

22 19

345

594

glmnetpreselect

Figure 3. Venn diagram comparing the CpGs selected by oneVsAllttest,
oneVsAllLimma and glmnetpreselect on FlowSorted.Blood.EPIC reference
library.

number of mixture samples. We summarized the key features
and findings of the different deconvolution algorithms in
Table 1.

A sensitivity analysis was conducted to evaluate the effect of
the number of top-ranking CpGs included in the deconvolution
algorithms. Results showed that retaining top 100 CpGs per cell
type yielded higher correlation coefficients between estimated
and true proportions compared with settings which retained top
50, 150 or 200 CpGs (Supplementary Figure S1, see Supplementary
Data available online at https://academic.oup.com/bib).

The CpGs selected by oneVsAllttest, glmnetpreselect as well as
the overlapping CpGs between these two methods were enriched
in gene sets and pathways associated with immune response
and cell differentiation, consistent with existing literatures [18,
47] (Supplementary Table S4, see Supplementary Data available
online at https://academic.oup.com/bib).

Cell proportions estimation using 450 k reference
library

Within each cell type, the top 100 hypermethylated (hypomethy-
lated) CpGs from 450 k reference library were ranked highly
(lowly) in EPIC reference library with median rank of 229
(865836), indicating that cell-type-specific CpGs were consistent
across the two arrays. Hypergeometric tests also showed a
significant overlap between the top 100 CpGs from 450 k reference
library and top 100 CpGs from EPIC reference library (P-values
<10719). Furthermore, using either 450 k or EPIC reference library
yielded similar performance on BenchmarkDatal with average
Spearman correlation coefficients >0.9, low RMSE and low
SMAPE for the five reference-based methods (Figure 4), suggesting
that one can rely on 450 k reference library for scenarios
where EPIC reference library was unavailable to train the
deconvolution algorithms for estimating cell proportions on EPIC
arrays.

Validation of extended reference library

The low-dimensional t-SNE and heatmap visualization
(Supplementary Figures S2-54, see Supplementary Data available
online at https://academic.oup.com/bib) of the extended EPIC ref-
erence library (six immune cell types plus epithelial and cfDNA)
showed that the purified reference profiles were segregated into
cell-specific clusters. As expected, epithelial cells were more
distinct compared with the other immune cell types, whereas
CD4T and CD8T were more similar to each other. Application
of the different deconvolution algorithms and CpG selection
strategies on the 48 cfDNA samples in BenchmarkData2 using
the extended EPIC reference library indicated that most of the
algorithms and CpG selection strategies achieved high accuracy.
The details were provided in Supplementary Appendix S3 (see
Supplementary Data available online at https://academic.oup.
com/bib).

Next, in scenarios where the DNA methylation profiles were
obtained from non-cancer samples, we extended the reference
library by only adding the epithelial cells. The t-SNE and heatmap
visualization showed that the different cell types remained well
separated (Supplementary Figures S5-S7, see Supplementary
Data available online at https://academic.oup.com/bib).

Notably, in BenchmarkDatal which consisted of only immune
cell type mixtures, the extended reference library (Figure5)
remained robust and showed comparable performance to the
EPIC reference library (Figure 1). Next, we evaluated whether
extending the reference library significantly improved the
estimation of immune cell proportions when the mixture profiles
contained non-immune components. Results showed that as the
proportions of non-immune cells increased, the deconvolution
based on only immune cells reference library yielded inaccurate
estimated proportions of immune cells. On the other hand,
the reference-based deconvolution algorithms using extended
reference library yielded accurate estimated proportions for the
six immune cell types, epithelial and cfDNAs across all ranges
of non-immune proportions (Supplementary Figures S8-S13, see
Supplementary Data available online at https://academic.oup.
com/bib). Among the reference-based deconvolution algorithms,
MethylResolver showed the best performance when the propor-
tion of non-immune cells were high, which is consistent with
prior results that MethylResolver was robust to unknown content
of cell mixtures [27]. On the other hand, RPC was computa-
tionally more efficient and showed comparable deconvolution
performance to MethylResolver, whereas Houseman’s algorithm
had lower average correlation coefficient in Gaussian mixture
simulations compared with other reference-based methods
(Supplementary Figure S11, see Supplementary Data available
online at https://academic.oup.com/bib). The two reference-
free algorithms (i.e. RefFreeEWAS and TOAST-csDeconv) had
poorer performance than the reference-based methods. Similar
conclusions were obtained when we evaluated the effect of
extended reference library on the six matched 450 k and
EPIC blood, as well as saliva samples of Braun et al. [45], i.e.
expanding the reference library by adding the epithelial cells
was important for accurate deconvolution of cell types in non-
blood tissues or tissues with high non-immune cell proportions.
In terms of estimating rare cell type proportion, our simulation
results showed that the reference-based methods were able to
estimate the proportion of epithelial accurately in beta mixture
simulation. However, in very rare epithelial Gaussian mixture
simulation setting, Houseman and ARIC had lower correlation
(Supplementary Figure S21, see Supplementary Data available
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Figure 4. (A) Average Spearman correlation coefficients. (B) Average RMSE. (C) Average sMAPE, along with the standard deviation error bars
between estimated and true proportions within each of the 12 samples in BenchmarkDatal for oneVsAllttest and glmnetpreselect across different
deconvolutional algorithms using the FlowSorted.Blood.EPIC reference library (six immune cell types, left panel) and FlowSorted.Blood.450 k reference

library (right panel).

online at https://academic.oup.com/bib). Details were provided in
Supplementary Appendix S4 (see Supplementary Data available
online at https://academic.oup.com/bib).

Additional results including sensitivity analysis to eval-
uate the consistency of selected CpGs and performance of
alternative cell proportion estimation strategies were provided
in Supplementary Appendices S5 and S1 (see Supplementary
Data available online at https://academic.oup.com/bib), respec-
tively. We also studied the utility of a dual-net architecture
of operator and selector [48], a deep learning algorithm for
CpG selection in Supplementary Appendix S6 (see Supplemen-
tary Data available online at https://academic.oup.com/bib).
Our results indicated that the reference-based deconvolution
methods applied on the CpGs selected by the deep learning
algorithm achieved comparable performance to the CpGs
selected by oneVsAllttest with average Spearman correlation
coefficients >0.9 (Supplementary Figure S24, see Supplementary
Data available online at https://academic.oup.com/bib). However,
the dual-net deep network algorithm incurred a much longer
computational time.

Case studies

Based on the deconvolution results using extended reference
library, within sample and within cell type comparisons were both
robust and reliable to the varying degree of non-immune propor-
tions. RPC algorithm and CpG selection based on oneVsAllttest
were advantageous over other combinations of deconvolution
algorithms and CpG selection methods because of the faster com-
putational time while maintaining a high accuracy. For the case
studies, we performed the deconvolution using the RPC algorithm
and CpGs selected from oneVsAllttest.

Early-stage breast cancer DNA methylation study
Our first case study involved an early-stage breast cancer DNA
methylation study from Sehl et al. [49] (GEO accession number
GSE140038). This study consisted of paired peripheral blood sam-
ples of 72 breast cancer patients collected at pre-treatment and
post-treatment. Among these patients, 37 patients received radi-
ation therapy-only, whereas 35 patients received radiation plus
chemotherapy. We applied the deconvolution to estimate the cell
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type proportions. Among the patient samples who received radi-
ation therapy-only treatment, we observed a significant decrease
in the proportions of B-cells, CD4T and CD8T, and increase in neu-
trophils in post-treatment compared with the pre-treatment (Bon-
ferroni adjusted P <0.05 from paired sample t-tests) (Figure 6A).
On the other hand, among the patients who received radiation
plus chemotherapy, the proportion of monocyte was significantly
higherin post-treatment samples (Figure 6B). For each patient and
cell type, we computed the change in cell type proportion as the
difference between post-treatment and pre-treatment. A linear
regression was fitted to the change in cell type proportion as out-
come and the therapy group as independent variable, adjusting
for age at pre-treatment. Significant differences in the change of
CD8T and monocytes cell proportions were observed between the
radiation therapy versus radiation plus chemotherapy (Figure 6C).
The observed changes in proportion of monocytes suggested that
the combination of radiation and chemotherapy could indicate a
compensatory mechanism to immunosuppression in post-treated
breast cancer.

To illustrate the confounding effect of cellular composition,
we performed an EWAS to identify DMCs between pre- and
post-treatment among patients who received radiation plus

chemotherapy. The beta values were transformed to M-values
(M) using logit function. Due to the pairing structure, i.e.
pre- and post-treatment methylation profiles per patient, we
performed the EWAS on the difference, Mpost — Mpre, adjusting
for Prpost — Drpre, Where P, was the estimated proportion of
cell k. To avoid multicollinearity, i.e. the proportions summed
to one, we excluded neutrophils from the adjustment. Without
adjustment for the proportion of immune cells, 25 203 DMCs were
identified at FDR < 0.05, whereas after adjustment the number of
DMCs reduced to 7081, of which 3327 were in common. This
suggested that an EWAS analysis without accounting for cellular
composition could result in identification of a large number of
false-positive DMCs.

To understand the biological mechanisms underlying the
changes in DNA methylation associated with combination of
radiation plus chemotherapy, we performed gene set analysis
on the ranked list of CpGs from the model which adjusted
for cellular composition using the methylglm function from
methylGSA [44]. Both the GO [50] and KEGG canonical pathway
[51] gene sets were tested. The minimum and maximum gene
set sizes were 15 and 500. Three KEGG gene sets and 78 GO
terms (71 in biological process [BP], 4 in cellular component [CC]
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Figure 6. (A-C) Comparison of the estimated proportions of cell types from the breast cancer DNA methylation case study, raw P-values from paired
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GOA [66] database, whereas the line width indicates the degree of similarity.

and 3 in molecular function [MF]) were significantly enriched
at FDR < 0.05 (Supplementary Table S5, see Supplementary Data
available online at https://academic.oup.com/bib). The three
KEGG gene sets were cytokine-cytokine receptor interaction,
JAK-STAT signaling pathway and chemokine signaling pathway,
respectively. The top GO terms included several immune response
terms such as leukocyte proliferation and activation. We further
clustered the significant BP-GO terms using REVIGO [52] to reduce
functional redundancies by identifying representative terms.
The interaction between the representative BP terms is shown
in Figure 6D. Overall, the results showed that radiation and
chemotherapy had significant impact on the immune system
and circulating lymphocytes.

Melanoma DNA methylation study

Our second case study involved a study profiling 15 samples of
desmoplastic melanoma and 15 samples of superficial malignant
peripheral nerve tumor (MPNST) from Jour et al. [53] (GEO
accession number GSE112308). All samples had high proportions
of epithelial cells. MPNST had higher proportions of epithelial
cells but lower proportions of CD4T, CD8T, monocytes and NK
cells compared with desmoplastic melanoma, although they
were not statistically significant after Bonferroni adjustment
(Figure 7A).

We further performed EWAS to identify DMCs between
desmoplastic melanoma and MPNST, and compared the results
from models with and without cell proportion adjustment. A

total of 46 579 and 131 550 DMCs were identified at FDR <0.05
from the models with and without cell proportion adjustment,
respectively. Similar to the first case study, the results showed
that the confounding effect of cellular proportions needed to be
accounted for appropriately to reduce detection of false-positive
DMCs. Among the 46 579 DMCs from the model with cellular
composition adjustment, 83.5% of them were hypermethylated in
desmoplastic melanoma (Figure 7B).

To further illustrate the utility of the estimated cell propor-
tions, we performed the cell-specific differential methylation
analysis via CellDMC [21] to identify cell-specific DMCs. The num-
ber of hypermethylated and hypomethylated DMCs in MPNST at
FDR < 0.05 within each cell type is given in Table 3. Specifically,
among the cell-specific DMCs, a higher proportion of CpGs were
hypermethylated in MPNST relative to desmoplastic melanoma
within B cell and NK, whereas the opposite pattern was observed
in epithelial and monocytes. Gene set analysis on the ranked list
of CpGs within each cell type identified 94, 12, 1, 75 and 1 GO
terms at FDR < 0.05 in Bcell, CD8T, epithelial, neutrophils and NK
cells, respectively (Supplementary Table S6, see Supplementary
Data available online at https://academic.oup.com/bib). On the
other hand, 2, 1, 1 and 3 KEGG gene sets were identified at
FDR < 0.05 within Bcell, CD8T, epithelial, neutrophils and NK cells,
respectively (Supplementary Table S6, see Supplementary Data
available online at https://academic.oup.com/bib). Of particular
interest, the three KEGG gene sets significant within neutrophils
were regulation of actin cytoskeleton, pathways in cancer and
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Table 3. Number of hypermethylated and hypomethylated
DMCs in MPNST within each cell type

Cell type Number of Number of
hypomethylated CpGs hypermethylated CpGs

Bcell 1166 4141

CD4T 28 2

CD8T 0 0

Epithelial 979 324

Monocytes 507 29

Neutrophils 7 2

NK 391 4693

WNT signaling pathway. Previous study showed that infiltrating
neutrophils were prognostic in melanoma [54], whereas WNT
signaling played an important role in melanoma progression [55],
suggesting that the differences between MPNST and desmoplastic
melanoma could be attributed to the regulation of the WNT
signaling pathways in neutrophils.

Since the DNA methylation was profiled in tumor which was
a heterogeneous mixture of different cell types such as cancer,
stromal and infiltrating immune cells, we also computed the
tumor purity score using InfiniumPurify [56]. The estimated
tumor purity score was positively correlated to the proportions

of CD4T, CD8T, monocytes and NK cells (Figure 7C). EWAS with
adjustment for tumor purity identified 49 275 DMCs at FDR < 0.05,
of which 87% were hypermethylated in desmoplastic melanoma
and 26 974 were in common with the earlier model that adjusted
for immune and epithelial cell proportions. All 26 974 DMCs have
consistent estimated effect size direction regardless of the types
of adjustment. Among these DMCs, 88% were hypermethylated
in desmoplastic melanoma. We performed gene set analysis
on these 26 974 DMCs using the over-representation analysis
approach via methylgometh [57] function implemented in
methylGSA. None of the KEGG gene sets was identified, whereas
101 GO terms (79 in BP, 12 in CC and 10 in MF) were significantly
enriched at FDR < 0.05 (Supplementary Table S7, see Supplemen-
tary Data available online at https://academic.oup.com/bib). The
representative terms among these 79 BP were extracellular matrix
organization, modulation of chemical synaptic transmission
and homophilic cell adhesion via plasma membrane adhesion
molecules (Figure 7D).

Discussion

In this paper, we compared several reference-based and reference-
free deconvolution algorithms and CpG selection methods
through extensive simulations and benchmark datasets with
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varying proportions of non-immune components. Among the
different deconvolution algorithms and cell-type-specific CpG
selection methods, we found that the RPC algorithm applied
on CpGs selected by oneVsAllttest method yielded robust
results and fast computational time. Our results also showed
that the reference-based deconvolution algorithms using the
extended reference library (i.e. adding epithelial and/or cfDNAs)
is important in to obtain accurate estimates of cell proportions
including rare cell types in non-blood samples. We anticipate
that over time, additional methylation data on purified cell types
(e.g. obtained via LCM or FACS) will become available to extend
the reference library. In scenarios where one expects a high
proportion of unknown cell mixtures (e.g. >0.8), we recommend
using MethylResolver to obtain the estimated proportion of other
known cell types.

Alternative CpG selection strategies that can be considered for
future work include statistical methods for inferring DMRs [58]
and deep learning algorithms [48]. Statistical methods for DMRs
capitalize on the fact that nearby CpGs are correlated. Once a
DMR is identified, one can either use the average methylation
or the area of the bump or peak as a candidate feature. On the
other hand, deep learning, a subfield of machine learning based
on artificial neural networks, is gaining popularity in scientific
computing for accurate prediction and classification of large data
sets in recent years [59]. In our current study which included fewer
than 10 cell types, conventional differential testing method such
as oneVsAllttest was able to select cell-specific CpGs that yielded
accurate estimation of cell proportions. Thus, the deep learning
algorithm did not offer significant improvement despite incur-
ring a much longer computational time. However, we envisioned
that as more purified cell types become available to extend the
reference library, as well as the availability for higher resolution
methylation platform, deep learning will potentially become a
powerful class of algorithm for CpG selection.

A closely related issue in bulk DNA methylation data analysis
of solid tumor samples is the heterogeneity within each tumor.
That is, a solid tumor usually consists of a mixture of cancer
cells, stromal, adjacent normal cells and infiltrating lymphocytes.
Several classes of methods for estimating tumor purity, i.e. the
proportion of cancer cells in a tumor have been proposed. The
most straightforward approach is based on matching somatic
copy number alterations (CNAs) or single nucleotide variants
(SNVs) [60-62]; however, this requires the availability of matching
CNAs or SNVs. Another class of methods estimates the tumor
purity as a function of stromal and immune cells infiltration
scores [63, 64]; however, this approach is suboptimal because it
ignores other cell types in tumor. In theory, if the purified cancer
cell types are available, e.g. obtained via LCM, methylDeConv can
be used to address the tumor heterogeneity issue by extending the
reference library. However, due to the vast differences across mul-
tiple cancers, it is challenging to find a common purified cancer
cell reference library for estimating the cancer cell proportions.
The third class of approaches for estimating the tumor purity is by
using normal samples [56, 62, 65]. Asillustrated by Zhenget al. [56],
one can utilize the normal samples from the large consortium as
universal normal to estimate the tumor purity of different cancer
types, rendering this approach versatile and cost-effective. As the
estimated tumor purity usually has already accounted for the
immune cell proportions implicitly, tumor purity and immune cell
proportions tend to be correlated. Thus, we recommend to either
adjust for tumor purity or immune cell proportions, but not both
in the EWAS analysis. A sensitivity analysis should be carried out
to compare the consistency of the identified DMCs.

A systematic assessment of deconvolution algorithms | 11

Our computational framework methylDeConv is a unified
analysis pipeline for the integrated deconvolution on methylation
data which can be updated easily to incorporate additional
purified cell types to further extend the reference library as they
become available.

Data availability

The data underlying this article are available in the Gene Expres-
sion Omnibus (GEO) at https://www.ncbi.nlm.nih.gov/geo/, and
can be accessed with accession numbers GSE122126, GSE40699,
GSE111165, GSE140038 and GSE112308.

Key Points

e Accurate estimation of cellular composition is an impor-
tant step in EWAS analysis using the Illumina DNA
Methylation BeadArrays.

¢ In this work, we conducted a systematic assessment of
various computational techniques for cellular deconvo-
lution.

¢ Results from simulations and real benchmark datasets
indicated that using an appropriate extended reference
library is critical for accurate estimation of cellular com-
position.

e We provided a software methylDeConv which offered
a unified framework by integrating several deconvo-
lution algorithms and different cell-type-specific CpG
selection methods to construct the extended reference
library.

Supplementary data

Supplementary data are available online at https://academic.oup.
com/bib.
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