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Introduction

In epigenome-wide association studies (EWAS), as samples are measured at the bulk level
rather than at the single-cell level, the obtained methylome for each sample shows the signals
aggregated from distinct cell types [1, 2, 3]. The cellular heterogeneity leads to two main
challenges for analyzing EWAS data.

On the one hand, the cell type compositions differ between samples and can be associated
with phenotypes [1, 3]. Both binary phenotypes, such as the diseased or normal status [1], and
continuous phenotypes, for example, age [3], have been found to affect the cell type composi-
tions. As a result, ignoring the cellular heterogeneity in EWAS can lead to a large number of
spurious associations [3, 4, 5, 6]. On the other hand, the phenotype may change the methy-
lation level of a CpG site in some but not all of the cell types. |dentifying the exact cell types
that carry the risk-CpG sites can deepen our understandings of disease mechanisms. Neverthe-
less, such identification is challenging because we can only observe the aggregated-level signals.

However, to the best of our knowledge, no existing statistical method for EWAS can detect
cell-type-specific associations despite the active research on accounting for cell-type hetero-
geneity. The existing approaches can be categorized into two schools [7]: “reference-based”
and “reference-free” methods. As the method names indicate, the reference-based methods
[2, 8] require the reference methylation profiles for each cell type to be known a priori, while
the reference-free methods do not depend on any known methylation reference by employing
matrix decomposition techniques [9] or extracting surrogate variables including principle com-
ponents as a special case [10, 11, 6, 4].

Although all of the existing methods aim to address the cellular heterogeneity problem in
EWAS and claim whether a CpG site is associated with phenotypes at the aggregated level,
none of them can identify the risk-CpG sites for each individual cell type, thus missing the
opportunity to obtain finer-grained results in EWAS.

We propose a hierarchical model HIRE [?] to identify the association in EWAS at an un-
precedented Hlgh REsolution: detecting whether a CpG site has any associations with the
phenotypes in each cell type. HIRE not only substantially improves the power of association
detection at the aggregated level as compared to the existing methods but also enables the
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detection of risk-CpG sites for individual cell types. HIRE is applicable to EWAS with binary
phenotypes, continuous phenotypes, or both.

The user's guide provides step-by-step instructions for the HIREewas R package. We believe
that, by helping biology researchers understand in which cell types the CpG sites are affected
by a disease using HIREewas, HIRE can ultimately facilitate the development of epigenetic
therapies by targeting the specifically affected cell types.

2 Data Preparation

We first introduce the input data format. The input data consists of the methylation values
and the covariates. The methylation values should be organized into a matrix Ometh, where
each row represents a CpG site and each column corresponds to a sample. In other words,
the (7, j) element of Ometh is the methylation value for sample j in CpG site j. The covariate
data are also arranged in a matrix X. Each row of X denotes one covariate, so the row number
is equal to the number of covariate types. Columns of X represent samples. Therefore, the
(¢,7) element of X is the covariate ¢ information of sample j.

For demonstration, we then generate a dataset following the simulation steps in [?].

HHHHH AR AR H BRI
#Generate the EWAS data
B e e L B

set.seed(123)
###define a function to draw samples from a Dirichlet distribution
rDirichlet <- function(alpha_vec){
num <- length(alpha_vec)
temp <- rgamma(num, shape = alpha_vec, rate = 1)
return(temp / sum(temp))

n <- 180 #number of samples
nl <- 60 #number of controls
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n2 <- 120 #number of cases

m <- 2000  #number of CpG sites
K<-3 #underlying cell type number

###simulate methylation baseline profiles

#assume cell type 1 and cell type 2 are from the same lineage
#cell type 1

methyl <- rbeta(m,3,6)

#cell type 2

methy2 <- methyl + rnorm(m, sd=0.01)

ind <- sample(l:m, m/5)

methy2[ind] <- rbeta(length(ind),3,6)

#cell type 3
methy3 <- rbeta(m,3,6)
mu <- chind(methyl, methy2, methy3)

#number of covariates
p <- 2

###simulate covariates / phenotype (disease status and age)
X <- rbind(c(rep(0, nl),rep(l, n2)), runif(n, min=20, max=50))

###simulate phenotype effects
beta <- array(0, dim=c(m,K,p))

#control vs case
m_common <- 10
max_signal <- 0.15
min_signal <- 0.07

#we allow different signs and magnitudes
signs <- sample(c(-1,1), m_commonxK, replace=TRUE)
beta[l:m_common,1:K,1] <- signs * runif(m_commonx*K, min=min_signal, max=max_signal)

m_seperate <- 10
signs <- sample(c(-1,1), m_seperatex2, replace=TRUE)
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beta[m_common+(1:m_seperate),1:2,1] <- signs x
runif(m_seperatex2, min=min_signal, max=max_signal)

signs <- sample(c(-1,1), m_seperate, replace=TRUE)
beta[m_common+m_seperate+(1l:m_seperate),K,1l] <- signs *
runif(m_seperate, min=min_signal, max=max_signal)

#age
base <- 20
m_common <- 10
max_signal <- 0.015
min_signal <- 0.007
signs <- sample(c(-1,1), m_commonxK, replace=TRUE)
beta[base+1l:m_common,1:K,2] <- signs *
runif(m_commonxK, min=min_signal, max=max_signal)

m_seperate <- 10
signs <- sample(c(-1,1), m_seperatex2, replace=TRUE)
beta[base+m_common+(l:m_seperate),1:2,2] <- signs *

runif(m_seperatex2, min=min_signal, max=max_signal)

signs <- sample(c(-1,1), m_seperate, replace=TRUE)
beta[base+m_common+m_seperate+(1l:m_seperate),K,2] <- signs =*
runif(m_seperate, min=min_signal, max=max_signal)

###generate the cellular compositions
P <- sapply(1l:n, function(i){
if(X[1,1i]==0){ #if control
rDirichlet(c(4,4, 2+X[2,1]1/10))
}else{
rDirichlet(c(4,4, 5+X[2,i]/10))

})

###generate the observed methylation profiles
Ometh <- NULL
for(i in 1:n){

utmp <- t(sapply(l:m, function(j){
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1)

tmpl <- colSums (X[
rnorm(K, mean=mul[j,

tmp2 <- colSums(P[ ,i] * t(utmp))
Ometh <- cbind(Ometh, tmp2 + rnorm(m, sd = 0.01))

#constrain methylation values between 0 and 1
Ometh[Ometh > 1] <- 1

Ometh[Ometh < 0] <- 0

,i] = t(betalj,
]+tmpl,sd=0.01)

’

1)

Here we simulated a methylation matrix Ometh with 2,000 CpG sites and 180 samples as well
as a covariate matrix X with one binary covariate (case/control) in the first row and one con-
tinuous variable (age) in the second row. We can further look into the details.

#the class of the methylation matrix
class(Ometh)

## [1] "matrix"

#the values in the methylation matrix
head (Ometh[,1:61)

##

## [1,]
## [2,]
## [3,]
## [4,]
## [5,]
## [0, ]

© O O 0 o o

[,1]

.3202140
.2839342
.5767125
.3597017
.3632531
.3645631

#the class of the

class(X)

## [1] "matrix"

[,2]
.3440603
.3131437
.5339113
.2931941
.3303706
.3281156

© O O 0 o o

covariate

[,3]
.3619823
.3168782
.5143695
.3259443
.3678126
.3308156

(ool oo o o]

matrix

#the values in the covariate matrix

X[ ,1:06]

##

[,1]

[,2]

[,3]

[,4]

.2854539
.3031998
.6126050
.3294055
.3569870
.4126270

[,4]

[,5]

[,5]

.3861594
.3207638
.5041764
.3200657
.3607428
.3089588

(ol ol ool o o]

[,6]
.3808383
.3062112
.5092417
.2760185
.3345626
.3112898

[,6]
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## [1,] 0.00000 0.00000 0.00000 0.00000 0.0000 0.00000
## [2,] 30.46081 44.20032 40.51409 25.41305 27.6765 41.67172

Model Application

Once we have prepared the data Ometh and X described before, we can use the R function
HIRE to carry out the HIRE model in a convenient way.

library(HIREewas)
ret_list <- HIRE(Ometh, X, num_celltype=K, tol=10"(-5), num_iter=1000, alpha=0.01)

## Initialization Done.

##

##
##
##
##
H#it
##
##
##
##
#it
##
##
##
##
#it
##
##
##
##
##
##

Implementing EM algorithm. ..

Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:

O© 0 N O Ul B WN =

NN B R B P2 B 2 B 2 3 2
H © © 00 N O U WNRH O

observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data

log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log

likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:

likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:

787021.
845620.
890636 .
928582.
961106.015634
988768.790893
1011842.739076
1030589.632339
1045368.934053

971245
157782
767463
710843

1056660.
1065031.
1071074.
1075344.
1078326.
1080404.
1081867.
1082921.
1083706.
1084316.
1084812.
1085232.

608917
368501
134652
988754
629918
465185
352338
273194
561479
934498
969109
947819
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##
##
##
##
#it
##
##
##
##
#it
##
##
##
##
##
##
##
##
##
##
it
##
##
##
##
it
##
##
##
##
#it
##
##
##
##
##
##
##

Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
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Iteration:
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Iteration:
Iteration:
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Iteration:
Iteration:
Iteration:
Iteration:
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43
44
45
46
47
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49
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51
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53
54
55
56
57
58
59

observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data

log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log

likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:

1085600.
1085932.
1086235.
1086518.
1086784.
1087035.
1087274.
1087502.
1087721.
1087931.
1088132.
1088327.
1088514.
1088695.
1088870.
1089040.
1089204.
1089363.
1089517.
1089667 .
1089813.
1089954.
1090092.
1090226.
1090356.
1090482.
1090605.
1090725.
1090841.
1090955.
1091065.
1091173.
1091277.
1091379.
1091478.
1091575.
1091669.
1091761.

944644
078622
921400
630670
272342
614861
645563
841586
342027
060204
749454
044661
489227
554222
650995
141040
343679
542277
989419
911287
511412
973889
466143
141293
140163
593008
620972
337328
848540
255158
652583
131714
779500
679396
911755
554147
681631
366967



HIREewas: Detection of Cell-Type-Specific Risk-CpG Sites in EWAS
User’s Guide

##
##
##
##
#it
##
##
##
##
#it
##
##
##
##
##
##
##
##
##
##
it
##
##
##
##
it
##
##
##
##
#it
##
##
##
##
##
##
##

Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:

60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97

observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data

log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log

likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:

1091850.
1091937.
1092022.
1092105.
1092185.
1092264.
1092340.
1092415.
1092487.
1092558.
1092627.
1092695.
1092760.
1092824.
1092887.
1092948.
1093008.
1093066.
1093123.
1093178.
1093232.
1093285.
1093337.
1093387.
1093437.
1093485.
1093532.
1093578.
1093624.
1093668.
1093711.
1093753.
1093795.
1093835.
1093875.
1093914.
1093952.
1093989.

680803
691819
466841
070940
567504
018300
483518
019257
682547
531467
620386
002185
728306
848780
412260
466049
056124
227167
022584
484534
653952
570575
272961
798520
183532
463169
671524
841629
005476
194047
437331
764350
203183
780991
524039
457723
606594
994385
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##
##
##
##
#it
##
##
##
##
#it
##
##
##
##
##
##
##
##
##
##
it
##
##
##
##
it
##
##
##
##
#it
##
##
##
##
##
##
##

Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:

98

99
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104
105
106
107
108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135

observed-data log likelihood: 1094026.644031
observed-data log likelihood: 1094062.577700
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observed-data
observed-data
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observed-data
observed-data
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observed-data
observed-data
observed-data
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observed-data
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observed-data
observed-data
observed-data
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observed-data
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log
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log
log
log
log
log
log
log
log
log
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log
log
log
log
log
log
log
log
log

likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:

1094097.
1094132.
1094166.
1094199.
1094232.
1094264.
1094295.
1094326.
1094357.
1094386.
1094416.
1094445.
1094473.
1094501.
1094528.
1094555,
1094582.
1094608.
1094633.
1094659.
1094683.
1094708.
1094732.
1094756.
1094779.
1094802.
1094825.
1094847.
1094869.
1094891.
1094912.
1094933.
1094954.
1094975.
1094995.
1095015.

816808
382051
293419
570221
231104
294070
776495
695142
066180
905196
227208
046685
377556
233228
626605
570102
075668
154806
818592
077703
942432
422720
528168
268065
650491
683283
374870
733488
767174
483775
890942
996138
806639
329538
571744
539993
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##
##
##
##
#it
##
##
##
##
#it
##
##
##
##
##
##
##
##
##
##
it
##
##
##
##
it
##
##
##
##
#it
##
##
##
##
##
##
##

Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
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144
145
146
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160
161
162
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167
168
169
170
171
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observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data
observed-data

log
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log
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log
log
log
log
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log
log
log
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log
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log
log
log
log
log
log
log
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likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
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likelihood:
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likelihood:
likelihood:
likelihood:
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likelihood:
likelihood:

1095035.
1095054.
1095073.
1095092.
1095111.
1095129.
1095148.
1095165.
1095183.
1095201.
1095218.
1095235.
1095252.
1095269.
1095285.
1095302.
1095318.
1095334.
1095350.
1095365.
1095381.
1095396.
1095411.
1095426.
1095441.
1095455.
1095470.
1095484.
1095498.
1095513.
1095526.
1095540.
1095554,
1095567.
1095581.
1095594.
1095607.
1095620.

240843
664158
826050
737120
403912
832450
028413
997244
744195
274364
592706
704037
613042
324276
842163
171000
314959
278086
064309
677435
121157
399053
514593
470888
269962
916317
413046
763128
969439
034761
961792
753146
411359
938887
338114
611352
760843
788761
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##
##
##
##
#it
##
##
##
##
#it
##
##
##
##
##
##
##
##
##
##
it

##

##

##

Among the arguments of the HIRE, num_celltype is the number of cell types specified by
the user, which can be decided by prior knowledge or the penalized BIC criterion [12]. tol
is the relative tolerance to determine when HIRE stops. Specifically, when the ratio of the
log observed-data likelihood difference to the log observed-data likelihood at last iteration in
the absolute value is smaller than tol, then the HIRE functions stops. The default is 10e-5.
num_iter is the maximum number that HIRE iterates with default 1000. alpha is a threshold
parameter used in the Bonferroni correction to claim a significant cell-type-specific CpG site

Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:
Iteration:

Done!
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187
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Calculating p-values...

Done!
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log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
log
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likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:
likelihood:

1095633.
1095646.
1095659.
1095671.
1095684.
1095696.
1095708.
1095720.
1095732.
1095744.
1095756.
1095768.
1095779.
1095791.
1095802.
1095814.
1095825.
1095836.
1095847.
1095858.
1095869.

and to calculate the penalized BIC, and its default is 0.01.

The return value ret_list is an R list that consists of all parameter estimates of our interest.

697217
488256
163864
725970
176444
517103
749711
875982
897581
816126
633190
350303
968953
490588
916615
247197
483949
628520
682197
646223
521810
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# the class of ret_list
class(ret_1list)

## [1] "list"

#the estimated cellular compositions
ret_lTist$P_t[ ,1:6]

## [,1] [,2] [,3] [,4] [,5] [,6]
## [1,] 0.1899892 0.03837651 0.2353352 0.00000000 0.2948627 0.09683902
## [2,] 0.6427639 0.57370203 0.3283630 0.94792668 0.2241342 0.32117516
## [3,] 0.1672470 0.38792146 0.4363018 0.05207332 0.4810030 0.58198582

#the estimated cell-type-specific methylation baseline profiles
head(ret_list$mu_t)

## [,1] [,2] [,3]
## [1,] 0.3756605 0.2225235 0.4658983
## [2,] 0.3241320 0.2788035 0.3275474
## [3,] 0.5034216 0.6630837 0.4279952
## [4,] 0.4162527 0.3685158 0.2394254
## [5,] 0.3914664 0.4044266 0.2587501
## [6,] 0.3654852 0.4190217 0.2260295

#the estimated phenotype effects
head(ret_list$beta_t)

## [1] 0.14193261 -0.08683037 -0.10986833 -0.13624797 -0.18047419 0.01044522

#the penalized BIC value
ret_list$pBIC

## [1] -2116540

#the estimated p-values to claim whether a CpG site is at risk
#in some cell type for a covariate

#p value matrix for case/control
head(ret_list$pvalues[ ,1:3])

## x_matrl Xx_matr2 Xx_matr3
## [1,] 1.561037e-27 1.334174e-11 4.267994e-36
## [2,] 3.728633e-09 3.892139e-26 1.789687e-29
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## [3,] 1.640187e-15 5.022365e-22 4.674321e-20
## [4,] 1.944565e-18 3.210727e-18 6.113714e-32
## [5,] 5.529659e-34 3.828667e-16 1.992694e-35
## [6,] 5.732744e-01 9.362747e-14 5.267996e-36

#p value matrix for age
head(ret_list$pvalues[ ,4:6])

## x_matr4 x_matr> X_matr6
## [1,] 0.9320758 0.8554332 0.4032539
## [2,] 0.7981650 0.9282461 0.4593984
## [3,] 0.9585863 0.7143011 0.8637749
## [4,] 0.1195919 0.3679931 0.7873877
## [5,] 0.6739985 0.9405997 0.9165791
## [6,] 0.8250955 0.8964902 0.1930794

ret_list$P_t is the estimated cell proportion matrix with its rows denoting cell types and
columns representing samples. We can also compare the estimates with the underlying
truth (see the following code). Since the deconvolution technique is unsupervised, the label-
switching problem exists. Therefore, we use (2,1,3) to index ret_list$P_t instead of (1,2,3).
ret_list$mu_t is the estimated cell-type-specific methylation baselines in a matrix form, where
CpG sites in rows and cell types in cloumn. ret list$beta t is a three dimensional array
where ret list$beta t[i,k,ell] is the estimated phenotype ell effect on CpG site i in cell
type k. The penalized BIC score can be obtained by ret list$pBIC.

The approximate p values are stored in the matrix ret_list$pvalues. Its dimension is m (the
CpG site number) by Kq (the cell type number K times the phenotype number q). In the
p-value matrix, one row is a CpG site. The first K columns correspond to the p-value matrix
of the phenotype 1, the second K columns corresponds to the p-value matrix of the phenotype
2, and so forth.

#estimated cell compositions vs the truth
par(mfrow=c(1,3))

plot(ret_list$P_t[2, 1, P[1, ], xlim=c(0,1), ylim=c(0,1))
abline(a=0, b=1, col="red")

plot(ret_list$P_t[1, 1, P[2, ], xlim=c(0,1), ylim=c(0,1))
abline(a=0, b=1, col="red")
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plot(ret_list$P_t[3, 1, P[3, ], xlim=c(0,1), ylim=c(0,1))
abline(a=0, b=1, col="red")
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4  Visualization

We can visualize the detected association in a cell-type-specifc way using riskCpGpattern as
follows.

riskCpGpattern(ret_list$pvalues[1:100, K+c(2,1,3)],
main_title="Detected association pattern\n with age", hc_row_ind = FALSE)
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colorrey Detected association pattern
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100 CpG sites
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Cell types

Here, for a good visualization, only the p-values for the first 100 CpG sites were demonstrated.
main_title is used to specify the title of the association figure.hc_row_ind is an argument
indicating whether the rows should be hierarchically clustered.
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