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Supplementary Text

Gene expression data processing

1. Download matched RNA-seq data from the TCGA legacy archive using the TCGAbiolinks [1] R package as
normalized results.

library (TCGAbiolinks)

query <- GDCquery(project = "TCGA-LUAD",
data.category = "Gene expression",
data.type = "Gene expression quantification",
platform = "Illumina HiSeq",
experimental.strategy = "RNA-Seq",
file.type = "normalized_results",
legacy = TRUE)
GDCdownload (query, method = "api", files.per.chunk = 10)

data <- GDCprepare(query,summarizedExperiment=F)

2. Use edgeR [2] to further process the data to obtain counts per million (CPM) values per gene and sample
and then use the marker genes EPCAM, CLDN5, COL1A2, and PTPRC to correlate sample-specific marker
gene expression values to LMC proportions across the samples.

obj <- DGEList(data)

row.names (obj$samples) <- unlist(lapply(strsplit(row.names(obj$samples),"_"),
function(x)x[3]))
colnames (obj$counts) <- unlist(lapply(strsplit(colnames(obj$counts),"_"),

function(x)x[3]1))
row.names (obj$samples) <- substr(row.names(obj$samples),1,16)
colnames (obj$counts) <- substr(colnames(obj$counts),1,16)
cpm.obj <- cpm(obj)

3. Plot each marker gene expression values per gene versus the LMC proportions.

load("FactorViz_outputs/medecom_set.RData")
props <- getProportions(medecom.set,K=7,lambda=0.001)
load ("FactorViz_outputs/ann_S.RData")
colnames (props) <- substr(ann.S$Comment..TCGA.Barcode.,1,16)
marker.genes <- c("EPCAM","CLDN5","COL1A2","PTPRC")
in.exp <- colnames(cpm.obj) %in% colnames (props)
in.props <- colnames(props) %in% colnames (cpm.obj)
props <- propsl[,in.props]
cpm.obj <- cpm.obj[,in.exp]
cpm.obj <- cpm.obj[,colnames (props)]
row.names (cpm.obj) <- unlist(lapply(strsplit(row.names(cpm.obj),"[[:punct:1]1"),
function(x)x[1]))
cors.all <- sapply(marker.genes,function(marker){
if (!marker %in% row.names(cpm.obj)){
cors.gene <- NA



Yelseq
sel.exp <- cpm.obj[marker,]
cors.gene <- apply(props,1,function(prop){
cor(unlist(sel.exp),unlist (prop))
b
}
cors.gene

b

cors.p.vals <- sapply(marker.genes,function(marker){
if (!marker %in% row.names(cpm.obj)){
cors.gene <- NA
Yelseq
sel.exp <- cpm.obj[marker,]
cors.gene <- apply(props,1,function(prop){
cor.test(unlist(sel.exp),unlist(prop))$p.value
b
}
cors.gene
19)
library(corrplot)
corrplot(cors.all,"ellipse")

plot.path <- "analysis/gene_expression/"
cors.all <- sapply(marker.genes,function(marker){
if (!marker %in% row.names (cpm.obj)){
cors.gene <- NA
Yelseq
sel.exp <- cpm.obj[marker,]
for(j in 1:nrow(props)){
prop <- propsl[j,]
lmc <- pasteO("LMC",j)
to.plot <- data.frame (CPM=sel.exp,Proportion=prop)
plot <- ggplot(to.plot,aes(x=Proportion,y=CPM))+geom_point(size=.1)+
geom_smooth(method="1m",size=.5)+theme_bw()+
theme (panel.grid=element_blank() ,text=element_text(color="black",size=20),
axis.ticks=element_line(size=0.5,color="black"),axis.ticks.length=unit(2,"mnn"),
axis.title=element_blank() ,axis.text=element_blank())
ggsave(file.path(plot.path,paste0(lmc,"_",marker,"_new.pdf")),
plot ,width=35,height=35,unit="mm"

b
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Supplementary Table 1: Overview of published DNA methylation based deconvolution tools. The methods are
stratified according to the type and then ordered chronologically according to their date of publication.

Tool Type Short description Reference
Houseman reference-based  The method employs constrained projection to infer Houseman et al. [3],
proportions of reference profiles and was particularly 2012
developed for deconvolution of whole blood samples.
EpiDISH reference-based  EpiDISH is a reference-based method using robust  Teschendorff et al. [4],
partial correlations to compute proportions of refer- 2017
ence profiles. The authors propose a method based
on DNase hypersensitive sites to determine appropri-
ate reference profiles.
hEpiDISH reference-base hEpiDISH is an extension of EpiDISH that hierarchi-  Zheng et al. [5], 2018
cally performs deconvolution, and along with a new
reference database, improves devonvolution results
Methyl- reference-based  An extension of the CIBERSORT (Newman et al. Chakravarthy et al. [7],
CIBERSORT [6], 2015) algorithm created for RNA-seq data that 2018
employs support vector regression (SVR) to estimate
the proportions of given reference profiles across the
samples.
methylCC reference-based  methylCC uses latent components and a region- Hicks & lIrizarry [§],
based, rather than an individual CpG-based, model 2019
to compute the proportions of given reference pro-
files independent of the technology (RRBS, WGBS,
or BeadArray) used.
IDOL selection of cell /DOL presents an improved strategy to determine Salas et al. [9], 2018
type markers cell-type specific marker CpGs, which improves de-
convolution results
FaST-LMM- confounding The EWASher approach is based on factored spec- Zou et al. [10], 2014
EWASher factor in EWAS  trally transformed linear mixed models to account for
differences in cellular compositions in EWAS.
ReFACTor confounding ReFACTor is based on Principal Component Analysis Rahmani et al. [11],
factor in EWAS  based on sites that are differentially methylated be- 2016
tween cell types. The first few principal components
are then used to adjust for cell type composition dif-
ferences in EWAS.
RefFreeCellMix | reference-free RefFreeCellMix from the RefFreeEWAS R-package Houseman et al. [12],
uses non-negative matrix factorization (NMF) of the 2014
input DNA methylation matrix to compute a matrix
of proportions and estimated reference profiles.
EDec reference-free EDec is a two-step approach that combines Onuchic et al. [13],
reference-based and reference-free estimations using 2016
constrained matrix factorization.
MeDeCom reference-free MeDeCom uses regularized non-negative matrix fac-  Lutsik et al. [14], 2017
torization (NMF) of the input DNA methylation data
matrix to create a matrix of proportions and of latent
methylation components (LMCs).
TCA reference-free TCA uses tensor composition analysis to obtain Rahmani et al. [15],
sample-specific cell type profile estimates. In con- 2019
trast to classical NMF, the method does not produce
a single LMC matrix, but sample-specific LMCs us-
ing the same proportions matrix.
CONFINED reference-free CONFINED uses two matrices as input and employs  Thompson et al. [16],
canonical correlation analysis (CCA) to obtain purely 2019
biological sources of variations.
BayesCCE semi-reference-  BayesCCE is a semi-supervised method to estimate Rahmani et al. [17],

free

proportions of different cell types that requires some
prior knowledge on the cell-type composition of the
studied tissue.

2018



Supplementary Table 2: Computational configurations in which software installation and the protocol have been
tested. In case of an unexpected installation error, use the docker image available from https://hub.docker.com/
r/mscherer/medecom.

Type Distribution Version R- Installation Protocol Comments
version  successful tested
R-35.2  Yes Yes
Wheezy (7) R-3.6.0  Yes Yes
Debian R-3.5.3  Yes Yes (reduced')
Jessie (8) R-3.6.1  Yes No
R-4.0 Yes No
Linux Buster (10) R-35.2  Yes Yes (reduced)
28 R-35.3  Yes No
Fedora 31 R-3.6.1 No Yes (reduced)  ‘igraph’ dependency fails to
install
R-3.5.2  Yes Yes (reduced
CentOS 8.0 R-3.6.1  Yes Yes Ereduced;
Ubuntu 19 R-3.6.1  Yes Yes (reduced)
MacOS Mojave R-3.5.1  Yes Yes (reduced)  binary release used
Catalina R-3.6.0  Yes Yes (reduced)
10 Pro R-3.6.1 No Yes (reduced)  Use docker image
7 Pro R-3.6.1 No No Docker is not available for
Windows Windows 7

Lin the reduced protocol, we executed preprocessing and a single MeDeCom run on a reduced dataset.


https://hub.docker.com/r/mscherer/medecom
https://hub.docker.com/r/mscherer/medecom
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Supplementary Figures

a Step I: Start FactorViz

FactorViz2.0  Home
Files in the directory

OR [1] "ann_C.RData" "ann_s.RData" "medecom_set.RData"

[4] "meth_data.RData"
Path

Note:

oth path (as

ext input) and direc

n via the file manager) is p

the path will be consdiered

Non DeComp-Pipeline Input

Load Datasets

b Step II: Load MeDeCom/DecompPipeline output
FactorViz 2.0 Home election Lambda selection LMCs Proportions Meta Analysis
Files in the directory
Choose Directory
OR [1] "ann_C.RData" "ann_s.RData" "medecom_set.RData"
[4] "meth_data.RData"
Path
Unnamed analysis
Note:

If both path (as text input) and dir

n via the file ma

r) is p:

Parameter Value
the path will b nsdiere
Tested values of k 2,3,4,5,6,7,8,9,10,11, 12,13, 14, 15
Non DeComp-Pipeline Input
Number of random initializations 100
Load Datasets Number of cross-validation folds 10
Maximal numer of iterations 1000
Genome Assembly hg19



FactorViz 2.0

Home

Step llI: Select number of components (K)
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FactorViz 2.0 Home

Step V: Visualize proportions matrix (A)

K selection Lambda selection Proportions Meta Analysis

Technical CpG subset:

var

Number of LMCs (k)

7

Lambda value

0.001

Plot type

heatmap

v/ Cluster columns:
Cluster rows:

Color samples by:

gender

FactorViz2.0  Home  Kselection

‘-rrr'

bl

Step VI: Associate proportions with phenotypes

Lambda selection LMCs Proportions Meta Analysis
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FactorViz 2.0 Home

Step VII: Visualize LMC matrix (T)

K selection Lambda selection LMCs Proportions Meta Analysis

Technical CpG subset:

var

Number of LMCs (k)

7

v/ Use Reference

Lambda value

0.001

Plot type

mds plot

Distance:

euclidean

Home K selection
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0 « LMC1
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Coordinate 1

Step VIII: Determine differential CpGs

Proportions

Technical CpG subset:

var

Lambda value

0.001

Number of LMCs (k)

7

Analysis:

differential methylation

Direction:

hypomethylated

Threshold
o @

Select LMCs:

3

Select LMCs to compare:
124567

Frequency

(mean) methylation difference

PDF

Show| 10 Vv |entries Search:

D Diff Chromosome Start End Strand CGl Relation
cg16620382 -0.527009515207154  chr6 43211213 43211214 - Island
cg01893212 -0.536221871756043  chr7 49813088 49813089 - Island
¢g03306374 -0.60514671921412  chr16 23847325 23847326 - Island
¢g02467990 -0.519118211458425  chr7 49813102 49813103 - Island
cg07302069 -0.580581089843048  chr7 27196286 27196287 + Island
cg08862890 -0.551149973800485  chr5 169064451 169064452 - Island
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Lambda selection

Step IX: LMC GO enrichment analysis

roportions

Technical CpG subset:

var

Lambda value

0.001

Number of LMCs (k)
7

Analysis:

Enrichments

Output type:

GO Enrichments

Direction:
hypomethylated
Threshold

0 @

FactorViz

OddsRatio

GO Plot PDF
show| 10 v |entries search:

GOBPID Pvalue OddsRatio ExpCount Count Size  Term p.val.adj.fdr
G0:0019219 0 393 3338 65 476 regulation of nucleobase-containing compound metabolic process 0
60:2001141 0 3.81 3051 61 435 regulation of RNA biosynthetic process 0
GO:0006351 0 377 30.72 61 438 transcription, DNA-templated 0

Step X: LMC LOLA enrichment analysis

Proport

Technical CpG subset:

var

Lambda value

0.001

Number of LMCs (k)

7

Analysis:

Enrichments
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Supplementary Fig. 1:
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Show| 10 v |entries Search:
dbSet  collection pValueLog ~ oddsRatio  description cellType qValue
1 912 encode_tfbs 9.24 2.56 ChIPHUVEC c-Jun HUVEC 0
2 2609  sheffield_dnase 8.56 2.48  sheffield_dnase 0
s 6 coder Tos 445 Adultchronic myeloid leukaemia (atblastcisi)cell line carrying .
t(9,22) tra
Adult chronic myeloid leukaemia (at blast crisis) cell line carrying X
4 317  codex 179 2.35 Leukaemia cell 0
+(9,22) tra
H t tic Ste d
5 237 codex 7.55 232 Mobilised CD34+ cells isolated from the healthly peripheral blood. S Ay 0
Progenitor Cells
6 1047  encode_tfbs 7.37 2.39  ChIPK562 eGFP-JunB K562 0
7 417 encode_segmentation T 3.44 Transcribed Segments GM12878 0

Macrophages were derived from peripheral blood monocytes by
8 346 codex 7.35 2.29 Macrophage 0
incubation with huma

9 961 encode_tfbs 7.28 2.3 ChIPK562 JunD K562 0
10 1048 encode_tfbs 6.92 222 ChIPK562 eGFP-JunD K562 0
Showing 1 to 10 of 3,012 entries Previous 1 2 3 4 5 302 Next

Interpreting MeDeCom's results with FactorViz. For each of the steps, a screenshot of the

FactorViz User Interface is shown for the TCGA LUAD dataset, and the ten performed steps are briefly described.
a, b Specify the input, c, d Select the best parameters for the deconvolution, e, f Visualize proportion matrix and
associate it with phenotypic traits, g, h Visualize LMCs matrix and determine differential CpGs, and i, j GO and LOLA
enrichment analysis of differential CpGs.
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Supplementary Fig. 2: Quality control of TCGA data. a Boxplot for hybridization control probes for the green and
the red channel, respectively. b Sex prediction based on the intensities of the probes on the sex chromosomes. A
logistic regression classifier was employed to differentiate between female and male samples. ¢ Outline of the CpG
filtering procedure. The sites on the 450k array are filtered according to quality scores (coverage, overall intensity),
genomic sequence context (SNPs, sex chromosomes), and cross-reactive sites are discarded.
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Supplementary Fig. 3: Selecting the number of components and the regularization parameter for MeDeCom. a Cross-
validation error plotted against the number of latent components K for different values of the regularization parameter
A. b Objective value and cross-validation error for different values of A after fixing the number of components to 7. ¢
Multidimensional scaling of the LMC data matrix after fixing the number of components to 7 and the regularization
parameter to 0.001. Shown are the first two multidimensional components. d Violin plots of the LMC methylation
matrix for the selected parameters.
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Supplementary Fig. 4: Comparing LMCs with independent components (ICs). a Correlation heatmap between the
detected LMCs and the 100 detected independent components using ICA. Higher correlation is indicated by red and
lower by blue colors. b GO enrichment analysis of the CpGs that contributed either positively or negatively (depicted
in parentheses) to a particular independent component for I1C9, 1C21, 1C36 and 1C72.
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Supplementary Fig. 5: LMC (K=7, A=0.001) contributions for different copy number states of different chromosomal
parts in the TCGA LUAD dataset. The contributions have been stratified for each sample according to overall gain
or loss of chromosomal parts. The copy number states were obtained from https://www.cbioportal.org/study/
summary?id=luad_tcga_pan_can_atlas_2018 [18, 19].
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Supplementary Fig. 6: Pearson correlation between the different cancer stemness indices (SI) computed in Malta
et al. [20] and the LMC proportions. The ellipses are directed towards the upper right for positive and to the lower right
for negative correlations, respectively, while statistical significance is indicated by bold borders. DMP=differentially
methylated probes

a
Cistrome Encode TFBS
ERG-RWPE - I | c-Fos-McF10A - NN
w c-Fos-MCF10A - I
8 c-Fos-MCF10A - I
= , Codex ¢ Fos-MCF10A - I
> FOSB-Leukemia - [ ] c-Jun-Huvec - NGB
£ FOS-Leukemia - NN c-Myc-MCF10A - [
E RUNX1-Leukemia - NN c-Jun-HeLa - I
E FosL2-A549 - [N
bS] Encode segmentation c-Fos-Huvec - [N
c ) STAT3-MCF10A - I
5 Transcribed-GM12878 - [ I STAT3-MCF10A - [N
% Transcribed-Huvec - .-.. . JunD-HeLa - [N
© 0 5 10 15 c-Myc-MCF10A - I
£ -logyo(p-value)  STAT3-MCF10A - [N
= STAT3-MCF10A - I
3 eGFP-Fos-K562 - [N
2 ) ) FOSL2-HepG2 - IR
differentially methylated ZBTB33-HCT116 - _
(absolute difference >0.75) JunD-k562 -
hypomethylated in LMC 4 MafK-IMR9O - -

(difference < -0.5)

o -

5 10 15

0.0 05 10 -log1o(p-value)

LMC4 methylation

Supplementary Fig. 7: Differential analysis for LMC4. a Scatterplot between the methylation values of LMC4
(x-axis) and the median methylation values of the remaining six LMCs. Each point represents a CpG and points in
red indicate the LMC-specific hypomethylated sites (difference less than 0.5), while the bold points represent those
with an absolute difference larger than 0.75 (listed in Supplementary Table 3). b LOLA enrichment analysis of the
LMC4-specific hypomethylated sites (the red points). Shown is the negative logarithm of the enrichment p-value.
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Supplementary Fig. 8: Survival analysis comparing different levels of LMC proportions. Shown are Kaplan-Meier
curves, while samples were stratified according to the LMC proportions into two groups according to the median (high
vs. low proportions). P-values were computed using the Cox proportional hazards model with the LMC proportions
as input, and age, sex, and tumor stage as covariates [21].
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