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Abstract 

Background  It is generally accepted that methylation status of CpG sites spaced up to 50 bp apart is correlated, 
and accumulation of locally disordered methylation at adjacent CpG sites is involved in neoplastic transformation, act‑
ing in similar way as stochastic accumulation of mutations.

Results  We used EPIC microarray data from 596 samples, representing 12 healthy tissue and cell types, as well 
as 572 blood cancer specimens to analyze methylation status of adjacent CpG sites across human genome, 
and subsequently validated our findings with NGS and Sanger sequencing. Our analysis showed that there is a sub‑
set of the adjacent CpG sites in human genome, with cytosine at one CpG site methylated and the other devoid 
of methyl group. These loci map to enhancers that are targeted by families of transcription factors involved in cell dif‑
ferentiation. Moreover, our results suggest that the methylation at these loci differ between alleles within a cell, what 
allows for remarkable level of heterogeneity of methylation patterns. However, different types of specialized cells 
acquire only one specific and stable pattern of methylation at each of these loci and that pattern is to a large extent 
lost during neoplastic transformation.

Conclusions  We identified a substantial number of adjacent CpG loci in human genome that display remarkably 
stable and cell type specific methylation pattern. The methylation pattern at these loci appears to reflect different 
methylation of alleles in cells. Furthermore, we showed that changes of methylation status at those loci are likely to be 
involved in regulation of the activity of enhancers and contribute to neoplastic transformation.
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Background
The covalent addition of a methyl group to cytosine, 
referred to as DNA methylation, plays a key role in the 
regulation of gene expression [1]. In humans, DNA meth-
ylation occurs almost exclusively at CpG dinucleotides, 
which are non-randomly distributed in the genome, 
with the regions of the higher-than-expected density of 
CpGs referred to as CpG islands (CGIs) [2]. It is generally 

accepted that the methylation of two consecutive CpG 
sites is correlated [3–8] and the same methylation sta-
tus of adjacent CpG sites, referred to as co-methylation, 
is  considered to be essential for regulatory function of 
CGIs (as reviewed e.g., in [9]). Consequently, follow-
ing the principle of co-methylation of the adjacent CpG 
sites, methylation pattern differences between healthy 
and pathologically changed cells and tissues have pre-
dominantly been studied as; average methylation lev-
els at single CpG sites displaying different variability of 
methylation between tissues [10], haploblocks consisting 
minimum of three highly coregulated CpG sites [5] or 
regions containing a number of CpG sites with corelated 
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methylation levels referred to as Differentially Methyl-
ated Regions (DMRs) [11–14].

The adjacent CpG sites that do not follow principle of 
co-methylation have been observed in neoplastic cells, 
but discordant methylation status of these CpG sites was 
attributed to “stochastically disordered methylation in 
malignant cells” [15], which similarly to genetic instabil-
ity, provides random ability of cancer cells to search for 
superior evolutionary trajectories [15–19].

In our study, we identified a subset of adjacent CpG 
sites in methylomes of healthy human cells, that do not 
follow the principle of co-methylation and display cell 
type specific discordant methylation patterns. We further 
show that the intercellular heterogeneity of methylation 
patterns at these loci may result from different meth-
ylation of adjacent CpG site at specific alleles in the cell. 
That, can potentially allow for regulation of binding of 
proteins targeting these loci such as Methyl-CpG-Bind-
ing Domain proteins. Moreover, our results indicate that 
these CpG sites do not map to the borders of deferen-
tially methylated regions but predominantly to enhanc-
ers which are targeted by families of transcription factors 
involved in cell differentiation. Finally, we show that cell 
type specific fingerprints of methylation at these loci are 
lost during malignant transformation.

Methods
Data collection
Our study utilized 112 EPIC microarray methylation 
profiles from four independent studies: GSE123914 (this 
data set included arrays for 35 individual blood samples, 
34 with DNA methylation measurements at two time-
points approximately one year apart) [20], GSE153211 
(n = 8 arrays) [21], GSE112618 (n = 6 arrays) [22] and 
GSE166844 (n = 29 arrays; from 29 individuals, with 14 
pairs being monozygotic twins) [10].

The analysis of cell type specific discordant meth-
ylation pattern was performed using EPIC microarrays 
obtained for purified white blood cell fractions, includ-
ing: GSE110554 (neutrophils (n = 6), monocytes (n = 6), 
B cells (n = 6), CD4 + T cells (n = 7, six individual arrays 
and one technical replicate), CD8 + T cells (n = 6), NK 
cells (n = 6)) [22], and GSE166844 (granulocytes (n = 29), 
monocytes (n = 28), B cells (n = 28), CD4 + T cells 
(n = 28), CD8 + T cells (n = 28) [10].

Changes of discordant methylation during neoplas-
tic transformation were investigated using EPIC meth-
ylation profiles of blood samples from patients with 
acute myeloid leukemia (AML; n = 458) from dataset 
GSE124413 [23] and with chronic lymphocytic leukemia 
(CLL; n = 114) previously described in [24]. The discord-
ant methylation in healthy tissues was assessed using: 
GSE121377 (n = 7) dataset for thyroid [25], GSE124413 

(n = 41) for bone marrow [23], GSE142141 (n = 47) for 
skeletal muscle, GSE100850 (n = 5) for breast tissue [26], 
and GSE132804 (n = 206) for colon tissue [27].

Data pre‑processing
Raw Illumina MethylationEPIC array data (.idat) were 
processed, QC (Quality Control) checked, and normal-
ized using Beta Mixture Quantile (BMIQ) method [28] 
in the ChAMP Package (R/Bioconductor) [29]. All the 
single nucleotide polymorphisms (SNPs) shown to influ-
ence methylation analysis results were filtered out using 
ChAMP pipeline [30].

Identification of discordantly methylated adjacent CpG loci
We used a linear regression model based on ordinary 
least square method to analyze methylation status of 
adjacent CpG loci (across panels of samples), defined 
as two CpG sites targeted by EPIC microarray, spaced 
less than 50 bp apart and with no additional CpG sites, 
not assayed by the microarray, in between. We named 
CpG sites within adjacent CpG loci as base and con-
secutive CpG site. For each of these loci, we estimated 
linear model defined as follows: methylation level ~ Inter-
cept + CpG position, where CpG position is equal to 0 if 
CpG is base and 1 if CpG is consecutive in the genomic 
context. A locus was considered discordantly methylated, 
if |slope| coefficient (reflecting difference between meth-
ylation levels of base and consecutive CpGs, within adja-
cent CpG loci) in the model, was more than 0.3 and FDR 
corrected p-value (t-test) for this coefficient was ≤ 0.05, 
while the loci with |slope| less than 0.05 or FDR cor-
rected p-value > 0.05 CpG was considered co-methylated. 
Importantly, all adjacent CpG sites with an additional 
CpG site between consecutive and base CpG, not assayed 
by EPIC microarray, were removed from the analysis. The 
Methrix R package was used to extract annotations of all 
CpGs in hg19 reference genome.

High‑dimensional data visualization
To visualize methylation differences at the adjacent CpG 
loci, we calculated delta-beta values, which are the dif-
ference between beta-values of the base and consecu-
tive CpG site within locus. The delta-beta values are in 
the range from − 1 to 1, where values close to 0 indicate 
co-methylation, and values close to 1 and −  1 indicate 
discordant methylation between base and consecutive 
CpG site within a locus, depending on the direction of 
the analysis. Data with more than three dimensions were 
visualized in the form of heatmaps, clustered using unsu-
pervised Ward’s algorithm and standardized Euclidean 
distance.



Page 3 of 14Taryma‑Leśniak et al. Epigenetics & Chromatin           (2024) 17:30 	

Enrichment analysis for genomic regions
Genomic context enrichment analysis was performed 
using Genomic Locus Overlap Enrichment Analysis 
(LOLA) package [31] and two custom databases, gener-
ated as described in package documentation. The first 
database was generated using “Relation_to_UCSC_CpG_
Island” and “UCSC_RefGene_Group” annotations from 
Infinium Methylation EPIC BeadChip manifest (Illu-
mina). The second database was generated using 15 types 
of genomic segments predicted based on five histone 
marks (H3K4me3, H3K4me1, H3K36me3, H3K27me3, 
H3K9me3) for white blood cells (samples id: E034, E062, 
E044, E043, E047, E048, E029, E035, E032, E046, E030), 
downloaded from the [32]. To test the statistical sig-
nificance of enrichment, we used the default one-sided 
Fisher exact test. Analysis of transcription factor (TF) 
motif enrichment was performed using the findMotif-
sGenome.pl script from HOMER [33], with the follow-
ing HOMER specific parameters: hg19 reference genome, 
mask repeats/lower case sequence, CpG normalization, 
and with all assessed EPIC adjacent CpG sites as a back-
ground. The motif enrichment was determined using 
hypergeometric test.

Validation of discordant methylation patterns
We validated the methylation patterns identified at adja-
cent CpG sites in blood cell types using deep WGBS 
data, generated for: granulocytes (n = 3), monocytes 
(n = 3), B cells (n = 3), CD4T cells (n = 3), CD8T (n = 3), 
NK cells (n = 3) (GSE186458) [14]. We also used Sanger 
sequencing analysis to validate methylation patterns at 
representative adjacent CpG loci in blood. Here, periph-
eral blood samples were collected from 24 healthy indi-
viduals, under individuals’ informed consent. The study 
was approved by Ethics Committee of the Pomera-
nian Medical University in Szczecin (within the nr 
KB-0012/56/2021). Genomic DNA was extracted from 
peripheral blood samples of 24 patients, using salting 
out method, as described previously in: [34]. The quan-
tity and quality of obtained DNA were assessed using the 
Qubit™ dsDNA BR Assay and Qubit® 2.0 Fluorometer 
(Thermo Fisher Scientific, Waltham, MA, USA). Bisulfite 
conversion of DNA (500 ng) was carried out using the EZ 
DNA Methylation-Gold Kit (Zymo Research, Irvine, CA, 
USA), according to the manufacturer’s protocol. Bisulfite 
treated DNA (v = 3   μl) were amplified in 25  μl reac-
tion volume containing: PCR Master Mix (2×) (Thermo 
Fisher Scientific, Waltham, MA, USA), 4uM forward and 
reverse primers, and with the following protocol: 94  °C 
for 5 min, 38 × [94 °C for 30 s, 55–60 °C for 30 s, 72 °C 
for 1 min], 72 °C for 8 min. The length of the PCR prod-
uct was tested on 2% agarose gel, and sent for Sanger 
sequencing to Genomed S.A. (Warsaw, Poland).

Quantification and statistical analysis
Python version 3.9.7 and R version 4.1.2 were used for 
statistical analyses. All statistical analyses were corrected 
for multiple comparison, using the Benjamini–Hochberg 
method. The statistical significance level assumed in this 
study was equal to 0.05.

Results
A subset of adjacent CpG sites in the human genome does 
not follow the principle of co‑methylation
Identical methylation status of adjacent CpG sites (meth-
ylated or not methylated), referred to as co-methylation, 
is considered essential for the regulatory function of 
CGIs [9]. We analyzed genome-wide methylation dynam-
ics between adjacent CpG sites at 87 258 CpG site pairs 
present on the EPIC microarray, spaced less than 50 bp 
apart and with no additional CpG sites not assayed by the 
microarray in between. We named these CpG pairs “adja-
cent CpG loci” and calculated methylation level differ-
ence (delta beta-value, see Methods for details) between 
base and the consecutive CpG site, constituting adjacent 
CpG loci.

As expected, initial analysis of methylation at adja-
cent CpG loci in 112 EPIC microarrays from four differ-
ent studies obtained for peripheral blood samples [10, 
20–22], showed, that vast majority of CpG sites within 
adjacent CpG loci are co-methylated and display identical 
methylation status (delta beta-value close to 0; Fig. 1a—
white color in the heatmap).

Interestingly, however, we also identified a subset of 
adjacent CpG loci, within which base and consecutive 
CpG site had different statuses of methylation in all ana-
lyzed samples and named these, discordantly methylated 
(Fig. 1a, red or blue color in the heatmap). We then per-
formed identical analysis using methylation profiling data 
from 306 microarrays from five different types of healthy 
tissues: bone marrow, thyroid, breast, colon and skeletal 
muscle [23, 25–27]. Similarly, to the previous analysis, a 
subset of adjacent CpG sites was discordantly methylated 
in each of the tissue types (Fig. 1b), but more importantly 
some of these adjacent CpG loci were co-methylated in 
one tissue type and discordantly methylated in others, 
suggesting tissue specificity of methylation patterns at 
the adjacent CpG loci.

Developmentally close cells and tissues display 
similar discordant methylation patterns at a subset 
of adjacent CpG sites
Measurement of methylation levels with microarray tech-
nology always represents average methylation level of all 
cells in the sample, and this limits analyses of cell specific 
methylation patterns (as reviewed in: [35]). Therefore, to 
elaborate the significance of changes of methylation at 
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adjacent CpG loci of specific cell type, we analyzed EPIC 
microarrays data obtained for six fractions of sorted 
white blood cells, including granulocytes, monocytes, B 
cells, CD4 + T cells, CD8 + T cells, and natural killer (NK) 
[10, 22].

We measured the methylation difference between base 
and consecutive dinucleotide within adjacent CpG loci 
using regression model and considered an adjacent CpG 
loci as discordantly methylated when that difference was 
more than 30 percentage points  (pp) (|slope|≥ 0.3 and 
FDR-corrected p value ≤ 0.05, t-test). With technical 
limitations of the BeadChip array technology in mind, 
that methylation difference is likely to reflect presence of 
methylation at one of the alleles of the adjacent CpG loci 
in the cell.

This analysis identified different numbers of discor-
dantly methylated adjacent CpG loci in each of the 
cell types, specifically 2049 in granulocytes, 1905 in 
monocytes, 1909 in B cells, 2066 in CD4 + T cells, 1986 
in CD8 + T-cells, and 1927 in NK cells (results of the 
analysis for each cell type are shown in Supplemen-
tary Tables  1–6). Unsupervised clustering, based on 
delta beta-values of all identified adjacent loci showed 
a very specific clustering of the samples by cell type, 
with the majority of the loci displaying changes of 
methylation status between discordantly methylated 

and co-methylated in different cell types (Fig. 2a). Only 
CD4 + T cells and CD8 + T cells mixed together, but 
those cells are developmentally very close.

We then performed pairwise comparison of adjacent 
CpG loci displaying discordant methylation status, 
between types of blood cells included in our analysis. 
The results (Fig.  2b) showed, that CD4 + T cells and 
CD8 + T cells, together with granulocytes and mono-
cytes, which are the most developmentally close cell 
lines in our analysis, had the largest number of com-
mon discordantly methylated adjacent CpG loci, 0.81 
and 0.71, respectively. Whereas, for example, granulo-
cytes and CD8 + T cells, together with monocytes and 
CD8 + T, which represent the most developmentally 
distant cells in our analysis, had the lowest number of 
common adjacent CpG loci with discordant methyla-
tion status, 0.40 and 0.41, respectively (Fig.  2b). These 
results suggested the function of discordant methyla-
tion at adjacent CpG loci in cell specialization.

We also compared the number of adjacent CpG loci 
with discordant methylation status between thyroid, 
bone marrow, colon, breast, skeletal muscle and whole 
blood (Supplementary Fig.  1). Again, the number of 
common adjacent CpG loci was the highest for devel-
opmentally close tissues, such as blood and bone mar-
row (0.71) and the lowest for developmentally distant 
tissues such as breast and bone marrow (0.21).

Fig. 1  Methylation patterns at adjacent CpG loci in different types of healthy tissues. Unsupervised hierarchical clustering of samples based 
on methylation differences (delta beta-value) between base and consecutive CpG site of adjacent CpG loci, a in healthy blood samples from four 
independent studies and b in different types of healthy tissues, including thyroid, bone marrow, colon, breast, skeletal muscle, and whole blood
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A subset of adjacent CpG loci displays highly 
heterogeneous methylation patterns
Next, we went on to analyze methylation patterns of base 
and consecutive CpG sites within adjacent CpG loci. Not 
surprisingly and in line with the definition of CpG island, 
the base and the consecutive CpG site at co-methylated 
adjacent CpG loci (n = 40 404) (|slope|≤ 0.05 and FDR-
corrected p value ≤ 0.05, t-test test) were predominantly 
either methylated or not methylated in all analyzed cell 
types (Fig. 3a, b). Several of the co-methylated CpG loci 
in this analysis (n = 81; 0.2%), displayed about 50% (beta-
value ≤ 0.6 and ≥ 0.4) methylation levels in both CpG sites 
(Fig. 3c). It is important to mention here that, this level of 
methylation recorded with BeadChip array can be attrib-
uted to the uniform (50–50) mixture of cells sub-popula-
tions, with both alleles methylated and not methylated in 
those cells, or one allele methylated and other non-meth-
ylated within one cell (Fig.  3c, right panel). However, 
because in our analysis, we used data from relatively pure 
cell populations, and moreover, we did not observe high 
levels of methylation measurement variance at analyzed 
adjacent CpG loci, it is most likely that these methylation 
patterns are attributed to methylation of both CpG sites, 
on only one of the alleles, possibly consequence of the 
phenomenon similar to genomic imprinting [36]. Also, a 

subset of 308 of the co-methylated loci in this analysis, 
displayed more than 30 percentage points (pp) of meth-
ylation level difference in at least one of the analyzed 
cell types (Fig. 3d). These loci may mark genes monoal-
lelically expressed in different cell types [37] and poten-
tially regulate allele specific binding of proteins such as 
Methyl-CpG-Binding Domain proteins [38].

Then, we analyzed methylation patterns within adja-
cent CpG loci with discordantly methylated base and 
consecutive CpG sites (n = 1890; |slope|≥ 0.3 and FDR-
corrected p value ≤ 0.05, t-test) in at least one of the 
analyzed cells. About half of those loci (n = 850) dis-
played identical methylation difference between base and 
consecutive CpG site in all analyzed cell types, and the 
remaining loci (n = 1040) were discordantly methylated in 
at least one of the analyzed cells. Again, considering that 
in general, the methylation level measurements in our 
analysis displayed a very low level of variance between 
different cell types, the methylation levels observed at 
this subset of adjacent CpG loci, may reflect one of the 
eight variants of simultaneous co-methylation of one and 
discordant methylation of the other allele illustrated in 
(Fig. 4a). Interestingly, in this subset of adjacent CpG loci, 
there were a few loci with almost 100 pp methylation dif-
ference between base and consecutive CpG site (five in 

Fig. 2  Methylation patterns at adjacent CpG loci with discordant methylation status in six types of sorted white blood cells. a Unsupervised 
hierarchical clustering of white blood cells (WBC) based on delta beta-values of CpG pairs identified in different cell types. b Pairwise comparison 
of identified loci between each two types of WBC. Boxes represent the Jaccard similarity index between the cell types
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B cell, five in CD4, five in CD8, 13 in Gran, 13 in Mono, 
and nine in NK; with |slope|≥ 0.80, FDR < 0.05) (Fig. 4b). 
This confirms that base and consecutive CpG site at adja-
cent CpG loci can acquire a different methylation status 
at each of the alleles in a cell because observed at those 

loci methylation levels are unlikely to be explained by the 
mixture of cell subpopulations. Also, a number of dis-
cordantly methylated loci had different methylation pat-
terns in specific cell types (Fig. 4c). Overall, these results 
illustrate the vast heterogeneity of methylation patterns 
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at adjacent CpG sites and remarkable stability of one of 
those patterns in the specific cell type.

Different patterns of methylation at adjacent CpG loci 
mark specific regulatory regions of the genome
To understand if discordant methylation patterns are 
associated with particular biological functions, we 

subdivided analyzed adjacent CpG loci into four subsets: 
“common co-methylated loci” (n = 40,404) (Fig.  5a), dis-
playing similar patterns of co-methylation in all cell types 
included in our analysis; “co-methylated cell specific loci” 
(n = 308) (Fig.  5b), displaying different co-methylation 
patterns between the cell types (these loci are in princi-
ple differentially methylated regions—DMRs, if we define 
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Fig. 4  Types of methylation patterns within adjacent CpG loci with discordantly methylated base and consecutive CpG site. a–c Plots (left 
panels) illustrate the association of methylation levels between base and consecutive CpG site, with the solid line indicating no methylation level 
difference and dashed lines ± 0.15 confidence interval, as well as graphical illustration (right) of those methylation levels at single cell level, in a 
loci with about 50 pp methylation level difference between base and consecutive CpG site in all analyzed cell types, b loci with almost 100 pp 
methylation level difference between base and consecutive CpG site in all analyzed cell types, and c loci with discordant methylation patterns 
specific for the cell type
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that region as a region with two consecutive CpG sites 
with the identical methylation status); “common dis-
cordantly methylated loci” (n = 850) (Fig.  5c), displaying 
significant difference in methylation level between base 
and consecutive CpG site in all analyzed cell types; and 
“discordantly methylated cell specific loci” (n = 1040) 
(Fig.  5d), displaying more than 0.3 difference in delta 

beta-value between at least two types of blood cell types 
included in our analysis.

Each type of methylation patterns that we identi-
fied   could potentially play different role in cell physi-
ology. Therefore, we analyzed association of different   
subsets of adjacent CpG loci with specific histone 
marks and regulatory regions of the genome, as well 

Fig. 5  Types of adjacent CpG loci in six types of sorted white blood cells. Results of unsupervised hierarchical clustering of six types of sorted 
white blood cells, based on delta beta-values at four subsets of discordantly methylated adjacent loci, including, a “common co-methylated”, b 
“co-methylated cell specific”, c “common discordantly methylated”, and d “discordantly methylated cell specific” adjacent CpG loci
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as performed gene set enrichment analysis (GSEA) of 
genes annotated to each of the categories of the loci. We 
also  assessed  enrichment of each type of adjacent  CpG 
sites within transcription factors (TFs) binding sites.

The association of adjacent CpG loci displaying dif-
ferent patterns of methylation with histone marks in 11 
types of cells including hematopoietic stem cells, from 
Roadmap Epigenomics Core 15-state Model [32], was 
analysed  using Locus Overlap Analysis (LOLA) [31] 
(Fig.  6a–d). All CpG spaced in up to 50  bp targeted by 
EPIC microarray were used as background in these anal-
yses. The results showed significant enrichment (FDR 
corrected p-value ≤ 0.05, Fisher exact test; odds ratio 
(OR) > 2) of “common co-methylated” loci in most of 
the  analyzed cell types in regions marked with histones 
containing modifications associated with active tran-
scription states (TssA) and bivalent regulatory states 
(TssBiv) (Fig.  6a), not surprisingly indicating that iden-
tical methylation status of the adjacent CpG sites within 
CGI is essential for the regulatory function of those 
genomic regions. The “co-methylated cell specific” adja-
cent CpG loci, were associated with histone marks, char-
acteristic for transcribed state at the 5′ and 3′ end of 
genes that show both promoter and enhancer signatures 
(TxFlnk), and two of the enhancer related histone marks: 
enhancers (Enh), and genic enhancers (EnhG) (Fig.  6b). 
The “common discordantly methylated” loci were associ-
ated with histones occupying three repressive chromatin 
states including constitutive heterochromatin (Het) and 
repressed Polycomb states (ReprPC, ReprPCWk), as well 
as one of the enhancers related states (Enh) (Fig. 6c). The 
“discordantly methylated cell specific” loci, which dis-
played most heterogeneous methylation between the cell 
types showed significant enrichment in the same regions 
as “co-methylated cell specific” loci (Fig. 6d).

Also using LOLA platform, we analyzed distribution of 
adjacent CpG loci in relation to CGI. As expected, “com-
mon co-methylated” adjacent CpG loci were significantly 
enriched in CGIs (OR = 4.85). The “co-methylated cell 
specific” in S-Shelf (OR = 2.65) and OpenSea (OR = 3.67). 
The “common discordantly methylated” adjacent CpG 
loci were enriched in N-Shore (OR = 2.19), and S-Shore 
(OR = 2.17). The “discordantly methylated cell spe-
cific” loci were enriched in N-Shelf (OR = 2.46), S-Shelf 
(OR = 2.14) and OpenSea (OR = 3.82) (Fig. 6e). This indi-
cates  that discordantly methylated adjacent CpG sites are 
not only an attribute of bordering regions of CGIs. Over-
all, these results show  that adjacent CpG sites with most 
dynamic changes of DNA methylation levels in blood 
cells mark gene enhancers, and are located in OpenSea 
compartment of the chromatin.

The GSEA were based on genes annotated to each 
subset  of the  adjacent CpG loci according to relevant 

microarray  manifest and performed using GENE2FUNC 
function of FUMA GWAS (Functional Mapping and 
Annotation of Genome-Wide Association Studies) [39] 
with Molecular Signatures Database (MSigDB) [40, 41] 
used as reference. This analysis showed, that genes anno-
tated to “common co-methylated cell specific” and “dis-
cordantly methylated cell specific” adjacent CpG loci 
displaying cell type specific methylation, were enriched 
in GO biological categories related to specialized func-
tions of blood cells, such as cell activation, defense 
response, T-cell activation or adaptive immune system 
(Supplementary Table  7, 8). At the same time, we did 
not observe significant enrichment of genes annotated 
to “common co-methylated” and “common discordantly 
methylated” loci in any of the interrogated gene set cat-
egories. However, this is not surprising because those 
loci predominantly constitute CGIs and majority of 
human genes contains CGIs in promoters. Overall, these 
results suggests that adjacent CpG loci displaying het-
erogenous methylation between specialized cells, mark 
genes involved in specific cellular function, and patterns 
of methylation of those loci may reflect regulation state 
of those genes in specific cells. Contrary to the genes 
marked by “common co-methylated” and “common dis-
cordantly methylated” loci, which appear to mark genes 
involved in general cell physiology, expression of which is 
similar in all analyzed cells.

Finally, we used HOMER platform to assess enrichment 
of specific categories of adjacent CpG loci within tran-
scription factors binding sites [33]. This analysis showed 
that “common co-methylated” loci are significantly 
enriched (q-value ≤ 0.05, hypergeometric test) in regions 
with 113 TF binding motifs (Supplementary Table  9), 
what is consistent with the results showing that those loci 
constitute CGIs that annotate to genes involved in gen-
eral cell physiology. None of the specific TF binding site 
motifs was found to be enriched in regions with “com-
mon discordantly methylated” loci, but chromatin state 
association analysis showed that this type of adjacent 
CpG loci, are unlike any of the other analyzed loci, associ-
ated with repressed regions of chromatin. The TF binding 
motifs enriched in regions harboring “co-methylated cell 
specific” (n = 10, Supplementary Table  10) and “discor-
dantly methylated cell specific” (n = 48, Supplementary 
Table  11) adjacent CpG loci were very similar and pre-
dominantly different from TF binding motifs annotated 
to “common co-methylated” adjacent CpG loci (Fig.  6f 
and Supplementary Table  12). The analysis of function 
of TFs binding motifs annotated to “co-methylated cell 
specific” and “discordantly methylated cell specific” loci, 
showed that these TFs are involved hematopoietic cells 
development and differentiation. This analysis has a lim-
ited power but suggests that adjacent CpG loci displaying 
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cell type specific methylation patterns mark TF bind-
ing motifs that bind transcription factors involved in 

specialized cell functions. That   corroborates the results 

Fig. 6  Illustration of the genomic distribution of “common co-methylated”, “co-methylated cell specific”, “common discordantly methylated”, 
and “discordantly methylated cell specific” loci. a–d LOLA-based, region set enrichment analysis of the regions with a “common co-methylated”, b 
“co-methylated cell specific”, c “common discordantly methylated”, and d “discordantly methylated cell specific” adjacent loci analyzed loci in specific 
WBC types, using Core 15-state model. e Results of enrichment analysis of each type of adjacent CpG loci  in relation to CpG island elements . f Venn 
diagram illustrating the overlap between transcription factor binding motifs identified for different subsets of adjacent CpG loci.  
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indicating that those loci also annotate to genes involved 
in cell function specialization.

Methylation at adjacent CpG loci changes 
during neoplastic transformation
So far, locally disordered methylation at CpG sites has 
been reported and considered a stochastic event in can-
cer development [15]. We lastly analyzed whether this 
phenomenon affects methylation patterns at the adja-
cent CpG loci that display stable discordant methylation 
in all WBC types (Fig. 5c) during carcinogenesis of acute 
myeloid leukemia (AML) [23] and chronic lymphocytic 
leukemia (CLL) [24]. We found that the methylation 
patterns at those loci undergo general deregulation that 
appears to be stochastic and involves majority of those 
loci (Fig.  7a and b). Interestingly however, we did iden-
tify loci that appeared to maintained methylation pattern 
observed in healthy cells throughout malignant transfor-
mation (Fig. 7c), as well as loci that changed methylation 
status specifically in one neoplasia (Fig. 7d).

We also compared overall standard deviation (SD) 
of the beta-values at discordantly methylated CpG sites 
between CLL, AML and healthy blood. The violin plots in 
Fig. 7e show that the SD of the delta beta-values in both 
CLL (0.215 (95% CI 0.211–0.220)), and AML (0.150 (95% 
CI 0.147–0.153)) is significantly increased as opposed 
to the rather stable SD in healthy blood (0.058 (95% CI 
0.057–0.060). Moreover, the average level of the standard 
variation was statistically significantly different (FDR cor-
rected p-value ≤ 0.05, Mann–Whitney U test) between all 
compared groups.

Validation of discordant methylation phenomenon using 
NGS and Sanger sequencing
We validated our findings using currently avail-
able whole-genome bisulfite sequencing (WGBS) data 
obtained for the pools of FACS sorted cells [14] and 
Sanger sequencing. Identical to analysis based on EPIC 
microarray data, using NGS data we were able to unam-
biguously classify each type of blood type cells (Supple-
mentary Fig. 2).

Sanger sequencing of representative adjacent CpG loci 
that we found to be discordantly methylated in whole 
blood using EPIC data (Fig.  1a) also unambiguously 
confirmed the discordant methylation patterns of those 
loci in each of the 24 whole blood samples that we used 
in the validation experiment. The representative Sanger 
sequencing chromatograms from this analysis are shown 
in Supplementary Fig. 3a–c, where for example first chro-
matogram (Supplementary Fig.  3a) depicts the adjacent 
CpG loci (marked as 1 and 2), in which thymine originat-
ing from not methylated cytosine is present at cytosine 
within base CpG site, while cytosine that must have been 

methylated before bisulfite modification is present within 
consecutive CpG site.

Discussion
Recent ultra-deep NGS sequencing experiments again 
confirmed [3] a strong correlation of the methylation 
status of CpG sites spaced less than 50  bp [4], and it is 
generally accepted that the maintenance of co-methyla-
tion status of the adjacent CpG sites is essential for the 
regulatory function of CGIs. We analyzed the dynamics 
of the methylation changes at adjacent CpG sites across 
human genome in six different tissues and six blood cell 
types. The results of our analysis confirm, that methyla-
tion at the vast majority of adjacent CpG loci follows the 
principle of co-methylation. However, we also identified 
a subset of the adjacent CpG loci that display discordant 
and highly heterogeneous between specialized cell types 
methylation patterns. These CpG sites are not attribute 
of the bordering regions of CGIs or DMRs but are most 
significantly enriched in regions of the genome referred 
to as open sea.

Our results furthermore, suggest that discordantly 
methylated CpG sites display a high level of heterogene-
ity of methylation patterns between specialized cells are 
associated with genes providing specific cell functions. 
Contrary, to the CpG sites which in our analysis did not 
change methylation status between cells (predominantly 
constituting CGIs) that mapped to genes involved in gen-
eral cells physiology. In the support of that observation, 
we also found that developmentally close cells to large 
extent share the methylation patterns at the adjacent 
CpG sites which is not surprising as the function of those 
cells is very similar.

The majority of loci with adjacent  CpG sites dis-
playing highest level of heterogeneity between spe-
cialized blood cells in our analyses, mapped to gene 
enhancers that harbor motifs which are bound by TFs 
with bZIP and ETS binding domains. TFs with those 
domains have been shown to be essential regulators of 
the hematopoiesis [42, 43] e.g., NFIL3 (bZIP TF fam-
ily), which was shown to control regulatory function 
of T cells [44], or PU.1 (ETS TF family) which is well-
known lineage-specific transcription factor, shown to 
be indispensable for generation of all known hemat-
opoietic precursors with lymphoid developmental 
potential [45]. The binding of these and other TFs can 
potentially depend on methylation pattern within loci 
harboring adjacent CpG sites in specific cell type. And 
changes of methylation patterns at these loci could pro-
vide a mechanism for cell specific regulation function 
of enhancers harboring discordantly methylated loci. 
Especially that increasing number of research reports, 
show that enhancers display much greater than other 
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Fig. 7  Comparison of methylation patterns at adjacent CpG loci between healthy blood, acute myeloid leukemia (AML), and chronic lymphocytic 
leukemia (CLL). a Unsupervised hierarchical clustering of healthy blood, AML and CLL based on delta beta-values of CpG sites within “common 
discordantly methylated” loci (Supplementary Table 13). b–d Association of methylation levels at base and consecutive CpG site, with the solid line 
indicating no methylation level difference and dashed lines - ± 0.15 confidence interval, in b loci non co-methylated in whole blood, but displaying 
stochastic changes of the pattern in CLL and AML samples, c loci discordantly methylated in all sample types, and d loci discordantly methylated 
in whole blood, but co-methylated (at the level of 0%) in CLL, and stochastically changed in AML samples. e Comparison of standard deviation 
of delta beta-values of CpG sites within analyzed loci, between healthy blood AML, and CLL
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regulatory regions differences in methylation level 
between specialized cell and tissue types, as well as 
developmental stages of cells [46–49]. Moreover, allele 
specific methylation of two pluripotency super-enhanc-
ers (i.e., Sox2 and the Mir290) was shown to switch in 
embryonic stem cells, resulting in cell-to-cell transcrip-
tional heterogeneity [49].

The major limitation of our study is data resolution. 
Our results suggest that methylation patterns at the 
adjacent CpG sites reflect different methylation of the 
specific alleles, but similarly to previously identified 
cell type specific methylation changes not driven by 
the genotype [14]. However, only sequencing data for 
specific alleles and at single cell resolution would allow 
to in detail research the phenomenon we described. 
This type of data is still to be generated, but the new 
technologies, that allow sequencing of methylation pat-
terns of long stretches of native DNA, with no need 
for bisulfite modification will provide this type of data. 
Also, mechanisms of interaction of DNA binding pro-
teins with methylation patterns at the adjacent CpG 
loci during development, DNA replication and after cell 
division is a subject of future functional biology studies.

Due to the obvious technological limitations, we 
based our study on blood cells and similar studies need 
to be performed for other tissues and include all cells 
types that build a specific tissue. Nevertheless, simi-
lar results as we reported here for blood cell types, are 
expected in the analysis of different tissue types, but 
these analysis will likely identify different subset of dis-
cordantly methylated loci from those we found in spe-
cific blood cells.

Conclusions
In summary, EPIC microarray was designed on the prin-
ciple of co-methylation and to target CpG sites span-
ning gene functional elements. Nevertheless, using this 
technology with all its limitations, we have been able to 
identify a substantial number of adjacent CpG loci that 
display remarkably stable blood cell type specific pattern 
of discordant methylation. The remarkable heterogene-
ity of the cell specific methylation patterns at those loci 
may provide a mechanism for altered binding of the DNA 
binding proteins and thus be involved in regulation of the 
activity of enhancers.
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