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Abstract 

DNA methylation at gene promoters is generally considered to be associated with transcriptional repression in v ertebrates. Ho w e v er, lack of a 
clear picture of where promoter methylation is most important for transcriptional regulation has hindered our understanding of this relationship 
and resulted in the use of a wide variety of arbitrary promoter definitions. We demonstrate here that the use of different promoter definitions can 
lead to contradictory results between studies of promoter methylation. In response, we have developed Methodical, a computational method 
that combines RNA-seq and whole genome bisulfite sequencing (WGBS) data to identify genomic regions where DNA methylation is highly 
correlated with transcriptional activity. We refer to these regions as transcript-proximal methylation-associated regulatory sites (TMRs). We 
applied Methodical to one normal prostate tissue dat a set, one prost ate tumour dat aset, and one prost ate met ast asis dat aset and characterized 
the identified TMRs. We show that the region just downstream of the TSS is the most common location for TMRs and that TMRs are enriched 
for particular genomic features, chromatin states, and transcription factor binding sites. Finally, we demonstrate that the methylation of TMRs is 
generally strongly correlated with transcription in diverse cancer types and that TMRs are highly subject to altered DNA methylation in cancer. 
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ntroduction 

ene promoters are broadly defined as the region in the vicin-
ty of transcription start sites (TSS) where RNA polymerase
s recruited by transcription factors to initiate transcription.
NA methylation involves the addition of methyl groups to
NA and in mammals generally occurs at the 5 

′ position
f cytosine bases that are followed by a guanine base (CpG
ites) [ 1–3 ]. It is generally accepted that DNA methylation
t gene promoters has a repressive effect on transcription
 3–5 ]. Two main models have been put forward to describe
ow DNA methylation could mediate this repression. The first
odel proposes that transcription factor binding is blocked
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indirectly via recruitment of methylated DNA-specific pro-
teins, which, in turn, recruit co-repressors that silence tran-
scription, while the second proposes that DNA methylation
directly blocks transcription factor binding [ 4 ]. 

However, genome-wide studies have reported fairly weak
correlations in general between promoter DNA methylation
and gene expression [ 6–8 ]. Additionally, exceptions to the gen-
eral paradigm of gene silencing by DNA methylation have
been reported where DNA methylation has been found to
be positively associated with the expression of certain genes
[ 9 , 10 ]. Thus, the relationship between DNA methylation
and transcriptional activity seems to be more nuanced and
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context-dependent than suggested by the conventional model.
Moreover, DNA methylation at regions downstream of the
TSS, particularly the first intron and exon, has been recog-
nized to be associated with transcriptional silencing [ 11 , 12 ].
Additionally, variably methylated regions outside promoter
regions were found to often display stronger correlations with
gene expression than promoter regions when studying single
cells [ 13 ]. 

When studying promoter DNA methylation, typically CpG
methylation values have been averaged over the extent of the
designated promoter region and linear models then fit to gene
expression values. Several recent studies have shown that this
simple approach often fails to accurately capture the relation-
ship between DNA methylation and transcription, with more
sophisticated models incorporating distal regions and consid-
ering methylation at a higher resolution providing far more
accurate predictions of transcriptional activity. In particular, a
probabilistic machine learning approach that extracted higher
order methylation features produced a very powerful predic-
tor of gene expression [ 14 ]. Alternative machine learning ap-
proaches have also provided further insight into the associa-
tion between DNA methylation and transcription, highlight-
ing the importance of the region just downstream of the TSS
as well as distal regions [ 15–17 ]. Instead of directly predict-
ing gene expression, another approach sought to predict pro-
moter activity indirectly by using the enrichment of H3K4me3
and H3K27ac around the TSS as a proxy and predicting their
levels using DNA methylation. The predicted levels of these
marks in turn were found to be relatively well correlated with
transcriptional activity as measured by RNA-seq [ 18 ]. 

Another major limitation of previous studies of promoter
DNA methylation has been the lack of agreement on the ex-
tent of promoters around TSS, resulting in the use of a wide
variety of completely arbitrary promoter definitions. These
different definitions have varied from hundreds to thousands
of base pairs in length and also differed in the proportion of
the promoter sequence located downstream of the TSS relative
to upstream [ 19–23 ]. Indeed, it is difficult to find two studies
using precisely the same promoter definition. 

Variation in choice of promoter definition could obviously
lead to inconsistent results between studies of promoter DNA
methylation, including those aiming to identify promoters af-
fected by DNA methylation change in cancer. Additionally,
alternative promoter definitions could lead to the calculation
of different correlation values between promoter methylation
and transcript expression, obscuring our understanding of this
relationship and also the recognition of which methylation
changes in cancer are associated with corresponding tran-
scriptional changes. 

Most large-scale studies of DNA methylation over the last
decade and a half have utilized the Illumina methylation mi-
croarrays due to their relative cost-effectiveness. This includes
projects studying molecular alterations in diverse cancer types
such as TCGA [ 24 ] and TARGET [ 25 ]. However, these mi-
croarrays measure DNA methylation only at a small percent-
age of the over 29.4 million CpG sites present in the human
reference genome. The Infinium HumanMethylation450 ar-
ray measures methylation at about 450 000 CpG sites, 1.5%
of the total number present in the genome, and mostly tar-
gets CpGs located in CpG islands and promoters. The most
recent generation of Illumina methylation microarray, the In-
finium MethylationEPIC v2.0 array, targets over 935 000
CpG sites and has expanded the coverage of other regions
compared to the HumanMethylation450 array, particularly of 
enhancers. It still, however, only covers about 3% of human 

CpG sites, and the targeted CpG sites are still highly enriched 

for certain genomic regions, such as CpG islands [ 26 ]. Thus,
most attempts to study the relationship between DNA methy- 
lation and transcription across the genome have been limited 

to a small proportion of CpG sites and biased towards certain 

genomic contexts [ 27 , 28 ]. 
The publication over the last few years of datasets with 

whole genome bisulfite sequencing (WGBS) and RNA-seq 

data for large numbers of human samples provide the oppor- 
tunity to search for regions where DNA methylation is highly 
correlated with transcription in an unbiased manner. Thus, we 
developed Methodical, an algorithm that systematically iden- 
tifies regions displaying such correlations. Two of the largest 
datasets to date have been for prostate cancer: one for prostate 
tumours and matching normal prostate samples [ 21 ] and an- 
other for prostate metastases [ 29 ]. We divided the prostate 
tumour and matching normal prostate dataset into two sepa- 
rate datasets for prostate tumours and normal prostate sam- 
ples in order to study the relationship between DNA methyla- 
tion and transcription in cancer and normal tissues separately.
We applied Methodical to the three different datasets and 

subsequently characterized the identified regions, revealing 
novel insights into the relationship between DNA methylation 

and transcription in both normal prostate tissue and prostate 
cancer. 

Materials and methods 

Datasets 

We used three different datasets to identify TMRs: one for nor- 
mal prostate with 126 samples, one for prostate tumours with 

126 samples, and one for prostate metastases with 99 samples.
The normal prostate and prostate tumour samples come from 

the CPGEA project [ 21 ], and the prostate metastasis samples 
come from the MCRPC project [ 29 ]. 

Location of TSS and transcript-encoding regions 

The location of TSS and the associated transcript-encoding 
regions for all protein-coding transcripts were obtained 

from Gencode ( https:// ftp.ebi.ac.uk/ pub/ databases/ gencode/ 
Gencode _ human/release _ 38/gencode.v38.annotation.gtf.gz ). 
The genomic location of the first base of each transcript was 
designated as a TSS. To identify a subset of high-confidence 
TSS from among these, we used data produced by cap anal- 
ysis of gene expression (CAGE), a technique to profile the 5 

′ 

ends of mRNA molecules [ 30 ], from the FANTOM5 project 
[ 31 , 32 ]. 

We downloaded CAGE data for human prostate 
( http:// fantom.gsc.riken.jp/ 5/ datafiles/ latest/ basic/ human. 
tissue.hCAGE/prostate%252c%2520adult%252c% 

2520pool1.CNhs10628.10022-101D4.hg19.ctss.bed.gz ) 
and filtered for TSS supported by at least 10 CAGE tags.
This gave us a set of 17 071 high-confidence TSS for 10 027 

different genes. We used this set of TSS for all analyses unless 
stated otherwise. 

Transcript expression 

Transcript sequences were downloaded from Gencode ( https: 
// ftp.ebi.ac.uk/ pub/ databases/ gencode/ Gencode _ human/ 
release _ 38/gencode.v38.transcripts.fa.gz ). The expression of 

https://ftp.ebi.ac.uk/pub/databases/gencode/Gencode_human/release_38/gencode.v38.annotation.gtf.gz
http://fantom.gsc.riken.jp/5/datafiles/latest/basic/human.tissue.hCAGE/prostate%252c%2520adult%252c%2520pool1.CNhs10628.10022-101D4.hg19.ctss.bed.gz
https://ftp.ebi.ac.uk/pub/databases/gencode/Gencode_human/release_38/gencode.v38.transcripts.fa.gz
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ranscripts was quantified from paired end RNA-Seq FASTQ
les using Kallisto (version 0.46.1) [ 33 ] with 100 bootstrap
amples. Transcript counts were then normalized using the
edian of ratios approach from DESeq2 (version 1.46.0)

 34 ]. 

NA methylation −transcription correlations and 

ethylation of genomic regions 

ll correlation values mentioned are Spearman correlation
alues. Statistical significance of correlation values was cal-
ulated by using the pt() function in R with the t-statistics de-
ived from the correlation values. When calculating the methy-
ation values of genomic regions, the mean of the methylation
alues of all CpG sites overlapping them was used. Differ-
ntial methylation for genomic regions was tested using the
iff_methylsig() function from the methylSig R package [ 35 ]
version 1.18.0) using the number of methylated reads and
otal number of WGBS reads overlapping each region. 

ene set overrepresentation analysis 

SigDB Hallmark pathways and KEGG pathways were ob-
ained from MSigDB [ 36 , 37 ] version 7.5 using the msigdb R
ackage (version 1.6.0). Pathway overrepresentation among
MR-associated genes was performed by taking all genes
ssociated with a given group of TMRs and testing the
ignificance of their overlap with gene sets using the one-
ided version of Fisher’s exact test using all protein-coding
enes as the background. P -values were adjusted using the
enjamini −Hochberg procedure. 

enomic regulatory features and chromatin states 

he locations of CpG islands, CpG shores, CpG shelves, and
pen sea regions were obtained using the annotatr R package
 38 ] (version 1.32.0). Predicted promoter regions, predicted
nhancer regions, open chromatin regions and CCCTC-
inding factor (CTCF) binding sites were downloaded from
nsembl version 114 using the biomaRt R package [ 39 ] (ver-
ion 2.62.1). Chromatin states for prostate tissue were down-
oaded from https:// download.cncb.ac.cn/ OMIX/ OMIX237/
MIX237- 64- 02.zip and lifted over to hg38 using the rtrack-

ayer R package [ 40 ] (version 1.66.0). 
To test if these regions were enriched among TMRs, we ran-

omly shuffled the locations of TMRs within the search re-
ion (transcript-encoding regions with 5 kb added upstream
nd downstream) 1000 times using the regioneR package
 41 ] (version 1.38.0). We then compared the observed over-
ap between the TMRs and the genomic regions of interest
measured in base pairs) to the distribution of overlap sizes
or the random permutations to calculate relative enrichment
nd associated P -values. P -values were adjusted using the
enjamini–Hochberg procedure. 

ranscriptional regulator binding site enrichment 

he locations of binding sites for transcriptional regula-
ors were obtained from ReMap2022 [ 42 ]. The BED file
or non-redundant peaks in human for hg38 was down-
oaded from https:// remap.univ-amu.fr/ storage/ remap2022/
g38/ MACS2/ remap2022 _ nr _ macs2 _ hg38 _ v1 _ 0.bed.gz and
ltered for any binding sites identified in primary prostate tis-
ue or prostate tumours or else cell lines derived from prostate
issue or prostate cancer (22Rv1, DU145, DuCAP, LAPC-4,
LNCaP, LNCaP-95, LNCaP-abl, LNCaP-C4-2, LNCaP-C4-
2B, LNCaP-FGC, MDA-PCa-2b, PC-3, RWPE-1, RWPE-2,
VCaP, VCaP-LTAD, and WPMY-1). There were 77 different
transcriptional regulators that had binding sites in prostate
tissue, tumours, or cell lines. 

The enrichment of binding sites among TMR groups was
tested by comparing the proportion of CpG sites within TMRs
which overlap binding sites with that of all CpGs within the
search region for TMRs (transcript-encoding regions with 5
kb added upstream and downstream) using a two-sided Chi-
squared test. P -values were adjusted using the Benjamini–
Hochberg procedure. 

Methodical algorithm 

Spearman correlation values are calculated between the ex-
pression of a given transcript and the methylation values of
all CpG sites within a specified region surrounding the TSS.
We masked all CpG sites with less than 10 WGBS reads cov-
ering them and required at least 30 samples with non-missing
methylation data at a given CpG site in order to calculate a
correlation value and test its significance. We used the entire
transcript-encoding region plus 5 kb upstream of the TSS and
5 kb downstream of the transcription end site (TES) of each
transcript. The significance of these correlations is inferred
and the resulting P -values are corrected for multiple testing
using the Benjamini–Hochberg procedure. These corrected P -
values are then transformed by taking their logarithm to the
base 10 and multiplying by −1 if the correlations are posi-
tive, giving what we term the Methodical scores for the cor-
relations. Thus, positive correlations have positive Methodi-
cal scores and negative correlations have negative Methodical
scores, with the magnitude of the scores determined by the
statistical significance of the correlations. 

Smoothing of data across CpG sites has previously been em-
ployed to reduce noise in WGBS data [ 43 ], and Methodical
adapts that approach by smoothing scores using an exponen-
tial moving average. The moving average employs a window
that is centred on a given CpG site and includes an equal num-
ber of flanking CpGs upstream and downstream of this central
CpG. For example, with five flanking CpGs, there would be
a window size of 11 consisting of the central CpG, five CpGs
upstream and five CpGs downstream. Weights decay geomet-
rically and symmetrically moving away from the central CpG
across the other CpGs in the window using a specified smooth-
ing factor. 

Two symmetrical significance thresholds are used to iden-
tify negative and positive TMRs: A Methodical score of
log 10 (0.05) is used to identify negative TMRs and a Methodi-
cal score of -log 10 (0.05) to identify positive TMRs. Wherever
the smoothed Methodical scores exceeds one of these thresh-
olds, we group all CpGs within that region as a TMR of the
corresponding direction. 

We assessed different combinations of the smoothing fac-
tor for the exponential moving average and the number of
flanking CpGs used to construct windows. We then evalu-
ated the TMRs identified in the metastasis samples by cal-
culating the correlations between methylation of the identi-
fied TMRs and expression of their associated transcript in
prostate tumour samples. This approach allowed us to gauge
the reproducibility of TMRs across different datasets. We
found that a smoothing factor of 0.75 and windows con-
structed using 10 flanking CpGs resulted in a good trade-

https://download.cncb.ac.cn/OMIX/OMIX237/OMIX237-64-02.zip
https://remap.univ-amu.fr/storage/remap2022/hg38/MACS2/remap2022_nr_macs2_hg38_v1_0.bed.gz
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off between the number of TMRs identified and their repro-
ducibility ( Supplementary Fig. S1 A and B). 

Refinement of Methodical 

We investigated if the number of CpGs contained by TMRs
was associated with the correlation between their methylation
level and transcription of their associated transcript, which we
will henceforth refer to just as the TMR correlation values. We
discovered that there was a significant correlation between the
number of CpGs TMRs contained and the strength of their
correlation values ( Supplementary Fig. S2 ). We thus decided
to filter TMRs for those containing at least 5 CpG sites. 

We discovered a huge number of positive TMRs in the
prostate tumour and metastasis samples, particularly beyond
a few kb from the TSS where they became far more common
than negative TMRs ( Supplementary Fig. S3 ). Attempts to cor-
rect for tumour purity did not change this. We suspected in-
stead that this may be related to mappability, the varying abil-
ity to uniquely map reads across the genome. The conversion
of unmethylated cytosines to thymines during WGBS reduces
the overall mappability of the genome [ 44 ]. We thus hypoth-
esized that the huge number of positive TMRs in cancer sam-
ples were possibly related to difficulty mapping WGBS reads
to regions with low mappability, especially repetitive regions,
leading to alignment ambiguity and inaccurate methylation
calls in these regions. Using the WGBS mappability track for
the Bismap project [ 44 ] ( https:// bismap.hoffmanlab.org/ raw/
hg38/k100.bismap.bedgraph.gz ), we took a conservative ap-
proach of defining regions with a mappability score less than
1 as poorly mappable. We subsequently examined the distri-
bution of TMRs overlapping regions with poor mappability
( Supplementary Fig. S4 A), revealing that a large proportion of
the positive TMRs overlapped these regions. 

We decided to keep only TMRs, which overlapped regions
with the highest mappability as we felt we could not be con-
fident in the validity of the rest. Afterwards, we found that
the vast majority of positive TMRs located at a large distance
from the TSS were removed, leaving a clear large peak of neg-
ative TMRs close to the TSS ( Supplementary Fig. S4 B). 

We finally evaluated how the number of TMRs identified
varies with the number of samples by counting the number of
TMRs identified when running Methodical with differently
sized subsets of normal prostate samples. We found that with
less than 60 samples, few TMRs are identified ( Supplementary 
Fig. S5 ), hinting that a minimum cohort size is required for a
useful application of Methodical. 

S oftw are en vironment 

All analyses were carried out using R version 4.4.3 on an
Ubuntu 24.04 machine. 

Results 

Variable promoter definitions lead to inconsistent 
differential methylation results 

Studies of promoter DNA methylation have employed a vari-
ety of different promoter definitions. Fig. 1 A shows five differ-
ent promoter definitions used in five different published stud-
ies of DNA methylation in cancer (A(19), B(20), C(21), D(22),
and E(23)). Use of such different promoter definitions could
obviously result in different promoter methylation levels being
calculated for the same gene or transcript, potentially having a
drastic impact on differential methylation results. To investi- 
gate this potential problem thoroughly, we decided to com- 
pare the differential promoter methylation results obtained 

using different promoter definitions with the same data set.
Thus, we evaluated differential promoter methylation testing 
in prostate tumour samples compared to matching normal 
prostate samples using each of the five promoter definitions 
from Fig. 1 A with a prostate cancer WGBS dataset [ 21 ]. 

Strikingly, we observed that different promoter definitions 
can lead to completely opposing results for the same TSS. Fig.
1 B and C show the effect of the choice of promoter defini- 
tion on differential promoter methylation for the genes FLT1 ,
which encodes the vascular endothelial growth factor receptor 
1 and which has been reported as hypermethylated in prostate 
cancer [ 45 ], and POLR2H, encoding one of the RNA poly- 
merase subunits. We found that their promoters were identi- 
fied as hypermethylated when using one set of promoter defi- 
nitions but hypomethylated when using another set. We noted 

that there can be over a thousand TSS where a given pair of 
different promoter definitions lead to such contradictory re- 
sults ( Supplementary Fig. S6 ). 

We also observed that the choice of promoter definition 

drastically impacted the number of differentially methylated 

promoters found, with the wider definitions C, D and E re- 
sulting in several times the number of differentially methy- 
lated promoters than the narrower definitions A and B (Fig.
1 D). The number of hypomethylated promoters identified was 
the most affected, likely reflecting the tendency of genomic re- 
gions further away from TSS to lose methylation in cancer.
We found that among all promoters identified as differentially 
methylated with at least one of the five promoter definitions,
only a tiny minority were common to all five definitions, with 

a large proportion exclusively identified with a single one of 
the definitions ( Supplementary Fig. S7 A and B). For example,
1292 promoters were found to be hypermethylated only when 

using promoter definition D, but not with any of the other def- 
initions, while 2079 promoters were found to be hypomethy- 
lated only with promoter definition E, but not with any of the 
others. 

Fixed promoter definitions display poor 
correlations between methylation and 

transcriptional activity 

Promoter DNA methylation is generally of interest as it is as- 
sumed that it is associated with transcription of the associ- 
ated gene. Given the substantial influence of choice of pro- 
moter definition on the calculation of promoter methylation 

levels, it seems obvious that promoter definition could also 

have a large influence on the calculation of correlation val- 
ues between promoter methylation and transcript expression.
To investigate this, we decided to examine how the correla- 
tion values between DNA methylation and transcriptional ac- 
tivity varied with distance of CpG sites from the TSS and if 
one promoter definition tended to capture the regions with 

the strongest correlations. 
We discovered that there could be substantial variation 

in these correlation values, with groups of CpG sites with 

strongly negative or positive correlations found interspersed 

among CpGs with weak correlations and that fixed promoter 
definitions often failed to capture this complexity. Fig. 2 B and 

C show the correlations values around FOXD1 and PAC- 
SIN3 in prostate metastasis samples as examples. Despite the 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf949#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf949#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf949#supplementary-data
https://bismap.hoffmanlab.org/raw/hg38/k100.bismap.bedgraph.gz
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf949#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf949#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf949#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf949#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf949#supplementary-data
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Figure 1. ( A ) The location of five different promoter definitions relative to the TSS from five different studies of DNA methylation. ( B and C ) The effect on 
the choice of promoter definition on differential promoter methylation analysis for FLT1 (using the TSS associated with the canonical transcript 
ENST0 0 0 0 0282397) and POLR2H (using the TSS associated with the canonical transcript ENST0 0 0 0 0443489). In the left-hand plots, the x -axes show 

distance of CpG sites upstream and downstream of the TSS in base pairs and the y -axes show mean change of methylation in prostate tumour samples 
compared to normal prostate samples. The right-hand plots show the promoter methylation change calculated using different promoter definitions by 
a v eraging the methylation values across CpG sites overlapping each definition. Stars indicate the level of statistical significance for methylation change 
using a beta-binomial test (*** indicates a P -value < 0.001, ** indicates a P -value < 0.01 and * indicates a P -value < 0.05). With definitions A, B, and D, 
the FLT1 promoter is h ypermeth ylated, while using definitions C and E, it is h ypometh ylated. With definition D, the POLR2H promoter is 
h ypometh ylated, while for definition E, it is hypermethylated. ( D ) The number of significantly hypermethylated and hypomethylated promoters when 
using the different promoter definitions in the same prostate cancer dataset. Figures abo v e the bars give percentages out of the total of all promoters 
tested. Promoter definition choice substantially affects the number of differentially methylated promoters discovered, with longer definitions resulting in 
greater numbers of differentially methylated promoters, especially the number of hypomethylated promoters. 
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Figure 2. ( A ) The location of five different promoter definitions relative to the TSS from the same five different studies of DNA methylation as in Fig. 1 A. 
( B and C ) The effect of the choice of promoter definition on promoter methylation–transcription correlations for FOXD1 (using the TSS associated with 
the ENST0 0 0 0 0615637 transcript) and PACSIN3 (using the TSS associated with the ENST0 0 0 0 0298838 transcript) in prost ate met ast asis samples. In 
the left-hand plots, the x -axes show distance of CpG sites upstream and downstream of the associated TSS in base pairs and the y -axes show 

Spearman correlation values between CpG methylation and transcriptional activity of the TSS. The right-hand plots show the promoter DNA 

methylation-transcription Spearman correlation values were calculated for the different promoter definitions using the a v erage meth ylation v alues across 
CpG sites o v erlapping each definition. Different promoter definitions can result in opposing promoter methylation–transcription correlation values, 
though no correlation values were statistically significant. ( D ) The distribution of promoter methylation-transcription Spearman correlation values for all 
protein-coding transcripts using each of the five different promoter definitions in normal prostate samples. Most correlation values are close to zero. ( E ) 
The proportion of statistically significant correlations in normal prostate samples for each promoter definition divided into negative and positive 
correlations. Only a small minority of correlations are significant using any promoter definition. Among the significant correlations are a small number of 
positive ones. 
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3: Smooth Methodical scores using exponential moving average
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Figure 3. Ov ervie w of the identification of TMRs b y Methodical using QSOX1 (using the TSS associated with the transcript ENS T0 0 0 0 0367602) as an 
e xample. X -ax es sho w dist ance from the QSOX1 TSS in base pairs. Y -axis of the top left panel indicates the Spearman correlation bet ween DNA 

meth ylation le v els of CpG sites and e xpression of QSOX1 , while Y -ax es f or other panel indicates Methodical scores associated with these correlations. 
(1) First Spearman correlation values are calculated between methylation of CpG sites close to a TSS and the expression of the transcript associated 
with that TSS. (2) Next, these correlation values are converted into Methodical scores by taking the logarithm base 10 of the P -values associated with 
the correlation values multiplied by −1 if the correlation is positive. (3) These methodical scores are then smoothed by using an exponential moving 
a v erage, with the smoothed scores indicated by the pink line following the points. (4) Finally, two significance thresholds are used to identify TMRs, one 
f or positiv e TMRs indicated b y the upper dashed gold line and another f or negativ e TMRs indicated b y the lo w er dashed purple line. T he location of the 
identified negative and positive TMRs are shown by the purple and gold blocks, respectively. 
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resence of CpG sites near the TSS where DNA methyla-
ion levels are relatively strongly correlated with transcription,
xed promoter definitions often resulted in poor correlations
ecause they either failed to include these CpG sites, included
any CpG sites where DNA methylation is not correlated
ith transcription or overlapped CpG sites with both nega-

ive and positive correlations with transcription. 
Nevertheless, we wanted to determine if one definition gen-

rally tended to result in the strongest correlations between
romoter DNA methylation and transcription. Thus, we cal-
ulated these correlations for protein-coding transcripts us-
ng each of the five chosen different definitions in the normal
rostate samples (Fig. 2 D and E), prostate tumour and metas-
asis samples ( Supplementary Fig. S8 ). We found that, regard-
ess of the promoter definition used, the correlation values
ere generally quite low, with over 40% of all correlation val-
es having an absolute value less than 0.15 for all definitions
cross all datasets (Fig. 2 D and Supplementary Figs S8 A and
8 B) and only a very small proportion of all correlation val-
es being statistically significant (Fig. 2 E and Supplementary 
igs S8 C and S8 D). Promoter definition D, the definition with
he greatest amount of sequence downstream of the TSS, re-
ulted in the greatest number of significant correlation val-
es in all groups of samples. This suggests that in addition
to upstream regions, the region immediately downstream of
the TSS could also be important to controlling transcriptional
regulation via DNA methylation. Additionally, we observed
that a small number of the statistically significant correlations
are actually positive, supporting previous reports of positive
association between DNA methylation and gene expression
in certain settings [ 9 , 10 ]. There were around twice as many
significant correlation values overall in the prostate tumour
and metastasis samples compared to normal prostate sam-
ples, possibly reflecting transcriptional dysregulation associ-
ated with aberrant DNA methylation in prostate cancer. 

Identification of transcript-proximal 
methylation-associated regulatory sites 

Due to the frequent failure of fixed promoter definitions to
capture the regions where DNA methylation is most strongly
correlated with transcription, we sought to develop an alterna-
tive approach that would systematically identify these regions.
Thus, we developed Methodical, a computational approach
that uses WGBS and RNA-seq to identify such regions (Fig. 3 ;
details in “Materials and Methods”). We refer to these regions
as transcript-proximal methylation-associated regulatory sites
(TMRs). TMRs are classed as either having a negative or pos-

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf949#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf949#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf949#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf949#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf949#supplementary-data
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itive direction based on the sign of the correlation values be-
tween methylation of their CpG sites and transcription. Fig.
4 A and B show TMRs identified for FO XD1 and P ACSIN3
in prostate metastasis samples. 

We first searched for TMRs within ± 5 kilobases (kb) of
TSS to gauge the typical distance of TMRs from the TSS and
noted that more TMRs were surprisingly found in the tran-
scribed region downstream of the TSS, rather than in the up-
stream promoter region ( Supplementary Fig. S9 A). We then
expanded the search region for TMRs to the whole tran-
scribed region for each transcript in addition to 5 kb upstream
of the TSS and 5 kb downstream of the TES in order to com-
prehensively identify the most common locations for TMRs.
We observed that the region immediately downstream of the
TSS had the highest density of negative TMRs, followed by
the region immediately upstream of the TSS, with the den-
sity of TMRs steadily decreasing across the transcribed re-
gion towards the TES (Fig. 4 C). In contrast, the density of
positive TMRs remained relatively constant throughout the
transcribed region. In the tumour and metastasis samples we
saw a similar pattern, though with a higher proportion of pos-
itive TMRs which become as common as negative TMRs to-
wards the TES ( Supplementary Fig. S10 ). We also observed
a similar distribution pattern when we examined the spatial
distribution of TMRs we identified in a small number of di-
verse tissue samples from the Roadmap Epigenomics project
( Supplementary Fig. S11 ), indicating that is a general pattern
for TMRs across tissues. 

The presence of several TSS in close proximity regulating
different isoforms of the same gene could potentially com-
plicate the interpretation of the spatial distribution patterns
of TMRs. To determine if we saw the same general pattern
when examining only one TSS per gene, we selected the TSS
associated with the Matched Annotation from NCBI and EBI
(MANE) transcripts, a set of ENSEMBL transcripts compris-
ing a high confidence transcript for each gene with complete
sequence identity with a Refseq transcript. When we exam-
ined the distributions of the subset of TMRs associated with
these TSS, we observed an almost identical distribution pat-
tern in normal prostate samples to those when considering
TMRs associated with all TSS ( Supplementary Fig. S12 ). 

We found 7345 TMRs in normal prostate samples, 11 075
in prostate tumour samples and 4414 in prostate metastasis
samples, with about 24% positive in the normal prostate sam-
ples and 40–50% positive in the prostate tumour and metas-
tasis samples. These were associated respectively with 2153,
3341, and 1561 transcripts and 1867, 2810, and 1411 genes
( Supplementary Fig. S9 B). 

We found that the prostate metastasis TMRs exhibited a
much higher overlap with the TMRs found in prostate tu-
mours than with those found in normal prostate samples than
normal prostate. The transcripts and genes associated with
TMRs displayed a similar pattern ( Supplementary Fig. S9 C).
This indicates that the TMRs identified in prostate tumour
and metastasis samples may be associated with transcriptional
networks important to the development and progression of
prostate cancer. Indeed, when we tested if the genes associ-
ated with TMRs in prostate tumour or metastases but not in
normal samples were overrepresented for any MSigDB Hall-
mark pathways, we found that several cancer-associated sig-
naling pathways were enriched, including ‘TNFA signaling via
NFKB’, ‘Hedgehog signaling’, ‘P53 Pathway’, and ‘IL2-ST A T5
signaling’ as well as other terms relevant to cancer develop- 
ment including ‘epithelial-mesenchymal transition’, ‘hypoxia’,
and ‘inflammatory response’, strongly supporting a role for 
these genes in cancer development (one-sided Fisher’s exact 
test FDR corrected P -value < 0.05). 

We also noted that negative TMRs from one dataset gen- 
erally had a higher overlap with the negative TMRs than 

with the positive TMRs from the other two datasets and 

vice versa for positive TMRs, supporting a consistent asso- 
ciation between TMR methylation and transcription across 
datasets. To further investigate this, we then evaluated the 
TMR methylation–transcription correlations across the three 
datasets, comparing the correlations for TMRs identified 

within a particular dataset, which we refer to as internal 
TMRs for that dataset, with those identified in another 
dataset, which we refer to as external TMRs for that dataset.
For example, the TMRs identified in normal prostate sam- 
ples are internal to normal prostate samples and external to 

prostate tumours and metastases. 
Unsurprisingly, the correlation values for internal TMRs 

were very strong and almost all statistically significant 
( Supplementary Fig. S9 D and E). However, we also saw that 
a large proportion of correlation values involving external 
TMRs were strong with 45% statistically significant overall,
a far higher proportion than with any fixed promoter defini- 
tion (Fig. 2 E). This proportion increased to 52% when con- 
sidering the TMRs identified in prostate tumour samples in 

prostate metastasis samples or vice versa, further supporting 
that the TMRs identified in prostate tumours and metastases 
are regions important to prostate tumorigenesis. 

Overlap with TMRs with regulatory features, 
chromatin states and transcriptional regulator 
binding sites 

It has been reported that the relationship between DNA 

methylation and transcription varies with genomic context [ 5 ,
46 ] and also has opposing effects on the binding of different 
transcription factors [ 47 ]. We thus decided to investigate if 
TMRs were associated with certain regulatory elements, chro- 
matin states and transcriptional regulator binding sites. 

We calculated the enrichment of different classes of ge- 
nomic regulatory elements among TMRs. We found that CpG 

islands, CpG shelves, and CpG shores as well as predicted 

promoter and enhancer regions all displayed significant en- 
richment for negative TMRs, with CTCF binding sites en- 
riched among negative TMRs in prostate tumour and metasta- 
sis samples. Positive TMRs in normal prostate were enriched 

for predicted enhancer regions (Fig. 5 A). 
Following on from this, we evaluated in a similar manner 

the enrichment of TMRs for 18 chromatin states identified 

in healthy prostate tissue [ 48 ]. The most enriched chromatin 

states among TMRs were the TSS and enhancer-associated 

chromatin states. Interestingly, the bivalent / poised TSS state 
was enriched among negative TMRs identified in prostate tu- 
mour and metastasis samples (Fig. 5 B). 

We made similar observations when we examined the over- 
lap of TMRs we identified in the samples from the Roadmap 

Epigenomics project with regulatory features and chromatin 

states, with TMRs again enriched for CpG islands, predicted 

promoter and enhancer regions and bivalent chromatin states 
( Supplementary Fig. S13 A and B). 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf949#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf949#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf949#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf949#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf949#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf949#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf949#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf949#supplementary-data
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Figure 4. ( A and B ) The location of TMRs for FOXD1 (associated with the ENST0 0 0 0 0615637 transcript) and PACSIN3 (using the ENST0 0 0 0 0298838 
transcript) found in prostate metastasis samples. X -axes in left-hand plots show distance of CpG sites from TSS in base pairs while Y -axes show 

Spearman correlation values between CpG methylation levels and transcription. The right-hand plots show the TMR DNA methylation-transcription 
Spearman correlation values calculated by averaging the methylation values across CpG sites overlapping each TMR. Stars indicate the le v el of statistical 
significance of correlations using a t-distribution. FOXD1 has one negative and one positive TMR and PACSIN3 has two negative and one positive TMR, 
all of which are significantly correlated with transcriptional activity. ( C ) Metagene plot showing the location of TMRs identified in normal prostate 
samples within transcribed regions or within 5 kb upstream of the TSS or 5 kb downstream of the TES for all transcripts. Each transcribed region was 
divided into 100 equally sized sections, while upstream and downstream regions were divided into 500 bp bins. 
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Figure 5. ( A ) The enrichment of different classes of genomic regulatory elements among TMRs. CTCF BS stands for CTCF binding site. ( B ) The 
enrichment of different chromatin states among TMRs, calculated similarly as with the genomic regulatory elements abo v e. ( C ) Enrichment of binding 
sites for transcriptional regulators among different groups of TMRs. The top 20 most enriched regulators for each TMR group is shown. 
Supplementary Table S1 lists all transcriptional regulators with significantly enriched binding sites. 
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Next we evaluated the overlaps of TMRs with binding sites
n prostate tissue for 77 transcriptional regulators, including
arious transcription factors. MEN1, a known tumour sup-
ressor gene associated with endocrine tumours [ 49 ], was one
f the transcriptional regulators most strongly associated with
egative TMRs, being the most enriched regulator for negative
MRs identified in both prostate tumour and prostate metas-

asis samples. Forkhead box (FOX) transcription factor fam-
ly members FOXA2 and FOXP1 were also among the pro-
eins with binding sites most strongly associated with negative
MRs and have both previously been implicated in prostate
ancer [ 50 , 51 ]. Notably, binding sites for several chromatin
emodellers were enriched for different TMR groups, includ-
ng HD AC1, HD AC2, HD AC3, ARID1A, EZH2, SUZ12, and
ET2 (Fig. 5 C; See Supplementary Table S1 for full results). 

ethylation change at TMRs in tumorigenesis 

NA Methylation change affects much of the genome in can-
er, with increases of methylation at specific loci, particularly
pG islands, contrasting with a general loss of methylation
cross the rest of the genome [ 52–54 ]. Given the vast num-
er of regions affected by DNA methylation change, it has
een difficult to determine which changes are playing an ac-
ive role in tumour development and progression [ 55 ]. Con-
idering this, we reasoned that examination of methylation
hange at TMRs in cancer could help identify regions where
ltered methylation is associated with transcriptional changes
n cancer and thus more likely to be clinically relevant. 

We thus tested differential methylation of TMRs between
he prostate tumour and matching normal prostate samples
nd discovered that TMRs are very frequently affected by al-
ered methylation in prostate cancer (Fig. 6 A). While nega-
ive TMRs displayed an almost equal tendency to become ei-
her hypermethylated or hypomethylated overall in prostate
umours, positive TMRs exhibited a pronounced tendency to
ose methylation, being the class of region with the greatest
oss of methylation. 

Differentially methylated regions (DMRs) were previously
eported in the prostate metastasis samples [ 29 ] and so we
ere interested in the overlap between these regions and

he TMRs we identified in those samples. The vast major-
ty (96%) of the DMRs were hypomethylated, in contrast to
he subset of DMRs which overlapped negative TMRs iden-
ified in prostate metastasis samples, where 22% were hyper-
ethylated. We hypothesized that the increased methylation

t TMRs is possibly more likely to be functionally relevant
han the loss of methylation at the majority of hypomethy-
ated DMRs. Supporting this, when we performed gene set
verrepresentation analysis for the nearest genes to all DMRs
ithin our TMR search space (transcribed regions ± 5 kb), we

ound no significantly enriched MSigDB Hallmark pathways.
owever, when we tested the genes associated with subset

f DMRs that overlapped TMRs, we found several enriched
allmark pathways, including ‘p53 pathway’, ‘androgen re-
ponse’, ‘epithelial mesenchymal transition’, ‘KRAS signaling
p’, and ‘Notch signaling’ (one-sided Fisher’s exact test, FDR-
orrected P -value < 0.05). 

We also wondered how often DMRs discovered near the
icinity of transcribed regions are associated with transcrip-
ional activity. Thus, we selected for all DMRs which over-
apped the regions in which we searched for TMRs (tran-
cribed regions plus 5 kb upstream and downstream) and
calculated the correlation between the methylation of these
DMRs and expression of the associated transcript. We found
that less than 10% of this subset of DMRs were significantly
associated with expression. Thus, standard differential methy-
lation testing can lead to the identification of a vast number of
regions which are generally not correlated with the expression
of nearby genes. Consequently, methylation change at TMRs
may be more functionally relevant than at DMRs in general,
supported by the overrepresentation of genes in cancer-related
KEGG and Hallmark pathways among TMRs overlapping
DMRs. 

We subsequently performed pathway overrepresentation
analysis for the genes associated with differentially methy-
lated TMRs using KEGG pathways. Strongly supporting a
role for altered TMR methylation in tumorigenesis, we found
that the term “pathways in cancer” was enriched among
the genes associated with negative TMRs identified in nor-
mal prostate samples and prostate tumours which were hy-
permethylated in prostate cancer, with several other cancer-
related terms also enriched, including ‘prostate cancer’, ‘pan-
creatic cancer’, ‘melanoma’, ‘glioma’, and ‘small cell lung can-
cer’ ( Supplementary Fig. S14 A). 

Accordingly, we found several examples of TMRs associ-
ated with prostate cancer-related genes displaying methylation
changes in prostate tumours. This included hypermethylation
of negative TMRs associated with tumour suppressor genes,
such as TGFBR2 and SMAD3 , as well as loss of methylation
at negative TMRs for the oncogenes ERBB3 and SND1 and
for PTPN13, which is described as having both oncogenic and
tumour suppressor roles [ 56 ]. Additionally, GSTP1, one of the
most frequently hypermethylated genes in prostate cancer and
a proposed caretaker gene [ 57 ], displayed pronounced hyper-
methylation of a TMR located just downstream of its TSS.
Intriguingly, all these TMRs were located downstream of the
TSS ( Supplementary Fig. S15 ). 

Several other KEGG pathways related to the extracellular
matrix, such as ‘focal adhesion’, ‘regulation of actin cytoskele-
ton’, and ‘ECM receptor interaction’ were also enriched, sug-
gesting that differential methylation of TMRs could be asso-
ciated with tumour invasiveness. 

Conversely, genes associated with hypomethylated nega-
tive TMRs were enriched for the androgen response path-
way and related pathways such as cholesterol homeostasis
and estrogen response, indicating that loss of methylation at
these TMRs is associated with increased androgen signalling
( Supplementary Fig. S14 B). Only a few pathways were signif-
icantly enriched among genes associated with positive TMRs,
probably related to the identification of much fewer positive
TMRs than negative TMRs, but included terms related to an-
giogenesis, KRAS signalling and also EMT. 

To investigate if methylation change at TMRs may be a
common occurrence across different cancers, we evaluated
methylation change at the TMRs identified in the prostate
metastasis samples in tumour and matching normal samples
with WGBS data from eight different patients with different
cancer types from TCGA [ 58 ]. We found that the negative
TMRs once again often gained methylation, while the posi-
tive TMRs were generally the class of region most affected by
methylation loss (Fig. 6 C). 

Finally, we wanted to confirm if the methylation of the
TMRs we identified in prostate may display the expected
associations with gene expression in different cancer types
and so we used methylation and RNA-seq data from TCGA.

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf949#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf949#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf949#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf949#supplementary-data
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Figure 6. ( A ) The number of differentially methylated negative and positive TMRs in prostate cancer. The x -axis shows the source of TMRs, the y -axis 
the number of TMRs and colour indicates the direction of methylation change. Percentages above bars indicate the percentage of all TMRs in the 
rele v ant group affected by the indicated methylation change. ( B ) Methylation change at TMRs in prostate tumours compared to different regulatory 
regions. B o xplots sho w the distributions of the mean meth ylation change of regions belonging to the indicated class. T he mean meth ylation change of 
250 random regions belonging to each class are plotted as points on top of the bo xplots. ( C ) Meth ylation change at various classes of genomic regions in 
eight cases of different cancer types with WGBS data from TCGA. TMRs are those identified in prostate metastasis samples and are indicated by 
diamonds with other classes of regions represented by circles. ( D ) Distribution of Spearman correlation v alues betw een meth ylation of TMRs associated 
with MANE transcripts identified in prostate tumour samples and expression of the relevant gene across different cancer types from TCGA. Direction of 
correlation values are generally as would be expected, with negative correlations for negative TMRs and positive correlations for positive TMRs, though 
the strongest correlations were generally observed in prostate cancer samples from TCGA. PCPG stands for pheochromocytoma and paraganglioma. 
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Figure 7. ( A ) The mean number of CpG sites in 500 bp bins around TSS. The bin overlapping the TSS is the most common location for CpG sites, with 
the bin just downstream the second most common. ( B ) The mean number of CpG sites targeted by the Illumina HumanMethylation450 and EPIC 

meth ylation microarra y s in 50 0 bp bins around TSS. Most CpGs t argeted are in the bin o v erlapping the TSS or the bin 500 bp upstream, with much 
fe w er CpGs targeted elsewhere, including the region just downstream of the TSS with a high concentration of CpG sites. (C and D) The proportion of 
CpG sites where DNA methylation was significantly correlated with transcript expression in normal samples ( C ) and tumour samples ( D ) from TCGA, 
testing significance separately in each tissue / cancer type. Significant was defined as a corrected P -value less than 0.05 for the Spearman correlation 
v alues. T he greatest proportion of significant correlation is f ound do wnstream of the TSS. 
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owever, only gene-level expression data, but not transcript-
evel, is available publicly from TCGA, though TMRs are
pecifically associated with the expression of individual tran-
cripts. Thus, we decided to evaluate only TMRs associated
ith MANE transcripts. The MANE transcripts are gener-
lly the most expressed transcripts for each gene, and so we
easoned that the the methylation of TMRs associated with

ANE transcripts should generally also be strongly associ-
ted with the overall expression for the corresponding gene. 

Additionally, the vast majority of the DNA methylation
ata for TCGA samples was produced using the Illumina
50K methylation array which covers only a minority of
pG sites in the genome. Thus, we evaluated the correla-

ion values between the methylation of TMRs associated with
ANE transcripts identified in prostate metastasis samples
hich also overlapped CpG sites covered by the Illumina
50K methylation array and expression of the relevant gene
n 29 different cancer types from TCGA. Only 1315 TMRs
974 negative and 341 positive) were associated with MANE
ranscripts and were targeted by one or more probes from the
rray . Additionally , methylation data was generally only avail-
ble for a proportion of the CpG sites in each of these TMRs.
egardless, we observed that the majority of calculated corre-

ation values were significant (62%) and that the signs of the
orrelation values generally matched those expected given the
irection of the TMRs (Fig. 6 D). Thus, many of the TMRs
e identified in prostate cancer are regions where methyla-

ion is associated with gene expression in a pan-cancer man-
er. We did observe that the strongest and greatest propor-
ion of significant correlations (92%) were in the prostate can-
er samples from TCGA, indicating that there is some tissue-
pecificity to the associations. Therefore, applying Methodical
to datasets with WGBS and RNA-seq for other tissues could
lead to the identification of TMRs which are more relevant to
different tissue or cancer types. 

Methylation microarrays often miss regions where 

DNA methylation is most strongly associated with 

transcription 

Several previous studies of the association between DNA
methylation and transcription have used methylation data
produced by Illumina arrays [ 10 , 27 , 28 ] and so we wanted
to evaluate if analysis of the CpG sites targeted by these ar-
rays could adequately capture the general correlation patterns
between DNA methylation and transcription around TSS. We
first noted that the CpG sites covered by Illumina arrays were
biased towards those within about 1 kb upstream of the TSS,
with relatively low coverage of CpGs downstream of the TSS
where we identified the greatest number of TMRs (Fig. 7 A
and B). 

When we then examined the distribution of CpGs where
DNA methylation was significantly correlated with transcrip-
tion in both normal and tumour samples from TCGA, we
found that the region with the greatest proportion of CpGs
with significant correlations was the region downstream of the
TSS (Fig. 7 C and D), fitting with our discovery of a high num-
ber of TMRs in this region. We noted similar patterns with
normal and tumour samples when we looked at individual tis-
sue types from TCGA ( Supplementary Fig. S16 ), demonstrat-
ing this is a general pattern across tissue and cancer types. 

Thus, the bias of methylation arrays to the region imme-
diately surrounding the TSS and just upstream has likely re-
sulted in an underappreciation of the association of DNA

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf949#supplementary-data
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methylation further from the TSS with transcription, partic-
ularly downstream methylation. Indeed, we found that, de-
pending on the dataset, 65–75% of TMRs we identified did
not contain a single CpG site that was targeted by the Illumina
HumanMethylation450 array. 

Discussion 

Here, we have demonstrated firstly how the use of different
arbitrary promoter definitions in studies of DNA methylation
can lead to profoundly discordant results. These different pro-
moter definitions can result in vastly different numbers of dif-
ferentially methylated promoters being identified and perhaps
even more strikingly, can lead to completely opposing results
even at the same TSS. We found that these contradictory re-
sults with different promoter definitions can affect thousands
of different TSS. In light of this, the wide variation in how pro-
moters are defined between different studies of DNA methy-
lation is concerning. 

Unsurprisingly given the effect of promoter definition
choice on the calculation of promoter methylation levels,
we also found that the correlation values between promoter
methylation levels and transcript expression are hugely influ-
enced by the choice of promoter definition. The vast major-
ity of these correlation values are very weak and statistically
insignificant, consistent with other studies modelling gene ex-
pression using DNA methylation [ 7 , 59–62 ], and we have re-
vealed that this is in part because fixed-size promoter defini-
tions often miss the complex relationship between methyla-
tion of CpG sites, distance from TSS and transcriptional ac-
tivity. Regions where DNA methylation is negatively corre-
lated, positively correlated or uncorrelated with transcription
can all occur in the region immediately upstream and down-
stream of the TSS, with different TSS displaying completely
different patterns. 

This is in line with previous work extracting higher order
features from methylation data, which enabled the identifi-
cation of five major spatially correlated promoter methyla-
tion patterns [ 14 ]. Unsurprisingly, a uniformly hypermethy-
lated pattern was associated with transcriptional repression.
However, a uniformly lowly-methylated pattern was also un-
expectedly associated with repression. Conversely, a U-shaped
pattern characterized by a central hypomethylated region
flanked by hypermethylated regions on either side was asso-
ciated with high expression and interestingly this pattern was
largely found at CpG islands and often associated with house-
keeping genes. A forward S-shaped pattern characterized by
lowly methylated region which gradually transitions into a
highly methylated region and the reverse S-shaped pattern
were associated with an intermediate level of gene expression.
Taken together, these patterns underscore that the effect of
DNA methylation on transcriptional activity is highly context
dependent. 

Approaches using more sophisticated machine learning al-
gorithms, such as support vector machines or deep learning
approaches, with higher resolution methylation features have
proven to predict transcriptional activity much more accu-
rately than simpler linear approaches [ 14 , 17 , 18 ]. The supe-
riority of these complex models likely reflects the intricate re-
lationship between methylation at different CpG sites in both
promoter-proximal and distal enhancer regions and transcrip-
tional activity. However, difficulty in interpreting such models
makes determining the precise regions where DNA methyla-
tion is the most important for predicting transcriptional ac- 
tivity challenging. In contrast, our study specifically focuses 
on identifying and characterizing regions with the strongest 
correlations between DNA methylation and transcription. 

In response to the above issues, we believed that WGBS and 

RNA-seq data could be combined to enable the systematic 
identification of precise regions where DNA methylation is 
associated with transcription, providing an alternative to the 
use of arbitrary fixed-size promoter definitions. Hence we de- 
veloped Methodical, a novel algorithm that integrates WGBS 
and RNA-seq data to identify regions where CpG methylation 

displays consistent correlation with transcriptional activity 
of associated TSS. We call these regions transcript-proximal 
methylation-associated regulatory sites sites (TMRs), with 

TMRs having either a negative or positive direction depending 
on the correlation between DNA methylation and transcrip- 
tion. We applied Methodical to three datasets, one for normal 
prostate, one for prostate tumours and another for prostate 
metastases, with a large number of samples with both WGBS 
and RNA-seq data to identify a set of TMRs for each dataset.

As should be expected, the methylation of TMRs displays 
a much stronger correlation with transcriptional activity than 

the methylation of fixed promoter definitions when evaluating 
the correlations within the dataset in which the TMRs were 
identified. However, the association of TMR methylation with 

transcriptional expression could often be validated in other 
datasets, including those for other tissue types. We did note 
that the TMRs we identified in prostate tumours displayed 

stronger correlations when evaluated in prostate cancer than 

in other cancer types from TCGA, indicating that TMRs are 
partially tissue specific. 

We discovered that the most common location for TMRs 
was the region immediately downstream of the TSS. Support- 
ing this, we also found that the region within the first 2 KB 

downstream of the TSS was generally the region with the 
greatest proportion of CpG sites where DNA methylation was 
significantly correlated with transcription. We observed this 
pattern in diverse tissue and cancer types using both WGBS 
and methylation array data. This is in line with other re- 
cent studies modelling transcription using DNA methylation 

which found that methylation of the region downstream of 
the TSS was the most important for predicting gene expression 

[ 15 , 16 ]. 
Around ∼25–50% of TMRs were positive, with more pos- 

itive TMRs found in prostate tumour and metastasis sam- 
ples, demonstrating that the conventional wisdom that DNA 

methylation is negatively associated with transcription does 
not always hold true and supporting previous reports of posi- 
tive associations between DNA methylation and transcription 

[ 9 , 10 ]. Several possible mechanisms for transcriptional acti- 
vation by DNA methylation have been proposed, including 
blocking the binding of transcriptional repressors and activa- 
tion of alternative promoters [ 9 ]. 

We found that TMRs are enriched for certain genomic el- 
ements and chromatin states inferred from healthy prostate 
samples. Notably, negative TMRs from prostate tumours and 

metastases were highly enriched for a bivalent / poised TSS 
chromatin state. This bivalent state is characterized by the co- 
occurrence of both activating and repressive histone modifi- 
cations, such as H3K4me3 and H3K27me3, respectively, and 

was first identified at the promoters of developmentally reg- 
ulated genes in embryonic stem cells (ESCs). This led to the 
hypothesis that bivalency poises these developmental genes 
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or rapid activation during development while maintaining a
ranscriptionally inactive state in the absence of activating sig-
als [ 63 , 64 ]. 
However this hypothesis has been challenged by the work

f Kumar et al. [ 65 ]. They demonstrated that bivalency does
ot seem to poise genes for rapid activation as the activation
f bivalent genes was neither stronger nor more rapid than
hat of transcriptionally silenced genes lacking H3K4me3 at
heir promoters. Instead, they proposed that H3K4m3e may
epresent a general mechanism to maintain the unmethylated
tate of CGIs, even those associated with transcriptionally in-
ctive genes. 

While bivalent promoters generally display low methyla-
ion levels in normal cells [ 66 , 67 ], it has been repeatedly ob-
erved that most genes that become hypermethylated in can-
er have CGI promoters which are bivalently marked in ESCs
 68–71 ]. This suggests that bivalency predisposes these genes
or methylation gain in cancer. Additionally, bivalent regions
ften display the strongest hypermethylation of all chromatin
tates [ 71 , 72 ]. However, as loss of bivalent chromatin seems
o be a general feature of cancer, it may be that it is actually the
oss of of bivalency, and H3K4me3 in particular, that leads to
ncreased methylation, rather than the presence of bivalency
er se [ 65 , 71 ]. This was supported by the finding that regions
hat lost bivalency in cancer cell lines displayed greater hyper-
ethylation than regions which remained bivalent [ 71 ]. Thus,

he prevalence of TMRs in bivalent regions may indicates that
he gain in methylation in these regions is often associated
ith transcriptional repression of the associated genes. 
Given the vast numbers of regions affected by DNA methy-

ation change in cancer, we thought that focusing on methyla-
ion change at TMRs in cancer could improve our understand-
ng of how DNA methylation alterations lead to transcrip-
ional misregulation during tumorigenesis. We discovered that
MRs displayed a pronounced tendency to become differen-

ially methylated in prostate cancer. Positive TMRs were af-
ected by greater methylation loss on average than all other
lasses of genomic elements studied. TMRs also displayed al-
ered methylation in other tumour types. This is fitting with a
rior study reporting that regions displaying variable methyla-
ion between different tissue types and during reprogramming
f induced pluripotent stem cells, and thus presumably associ-
ted with developmental gene expression networks, are often
ifferentially methylated in a variety of cancer types [ 59 ]. 
Pathway overrepresentation analysis for genes associated

ith hypermethylated negative TMRs in prostate cancer re-
ealed many pathways related to cancer, invasiveness or onco-
enic signalling pathways, supporting a role for TMR hy-
ermethylation in tumorigenesis. Conversely, hypomethylated
egative TMRs were enriched for genes involved in the an-
rogen response, fitting with previous observations of hy-
omethylation at genes involved in the androgen-response in
rostate cancer [ 21 , 29 ]. 
To our knowledge, this is one of the most detailed studies

o date of the relationship between DNA methylation around
SS and transcriptional activity. Several other studies of the
ssociation between DNA methylation and transcription have
sed methylation data coming from Illumina methylation mi-
roarrays [ 10 , 27 , 28 ]. These microarrays profile only a small
raction of CpG sites in the human genome and are highly bi-
sed towards certain genomic contexts, particularly upstream
f the TSS. We have shown that regions downstream of the
SS actually have the greatest proportion of CpG sites where
DNA methylation is significantly correlated with transcrip-
tion. Thus, studies based on these arrays have missed many
regions where DNA methylation is associated with transcrip-
tion and likely have led to an underappreciation of the as-
sociation of DNA methylation downstream of TSS with tran-
scriptional activity. Future studies of DNA methylation should
therefore aim for greater coverage of regions downstream
of TSS. 

Application of Methodical to other datasets with large
numbers of samples with base-resolution methylation data
and RNA-seq data for different tissue or tumour types when
they become available would enable the identification of
TMRs which may be more relevant for different tissue and
cancer types. Here we only examined regions proximal to TSS,
however Methodical could also be used to identify distal re-
gions, such as enhancers, where DNA methylation is associ-
ated with transcription. In that case, care should be taken to
account for correlations arising from gene co-expression, such
as through a permutation-based approach [ 73 ]. Furthermore,
as Methodical can only identify correlative relationships, ex-
perimental studies would be needed to demonstrate that TMR
methylation is causally involved in influencing transcription.
For example, investigating if treatment with a demethylat-
ing agent such as 5-azacytidine or experimental alteration of
TMR methylation using CRISPR-Cas9 technology leads to the
expected expression changes could confirm if TMR methyla-
tion is causally involved in gene regulation. 

In summary, Methodical enables the identification of re-
gions where DNA methylation is correlated with transcrip-
tional activity, enabling insights into the fundamental relation-
ship between DNA methylation and gene expression. Better
understanding of this relationship will in turn improve our
understanding of how altered DNA methylation in cancer is
associated with perturbation of the transcriptome during tu-
mour development. 
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Data availiability 

Processed WGBS data for normal prostate and prostate
tumour samples from the CPGEA project 12 was down-
loaded from download.big.ac.cn:/gsa-human/HRA000099/
processed/all _ processed _ files.tar.gz while processed WGBS
data for prostate metastasis samples from the MCRPC
project [ 29 ] was provided by the authors. Metastasis sample
bedGraph files for WGBS analysis of 39 tumours and 8
matching normal samples from TCGA were downloaded
from https:// zwdzwd.s3.amazonaws.com/ directory _ listing/
trackHubs _ TCGA _ WGBS _ hg38.html?prefix=trackHubs/ 
TCGA _ WGBS/ hg38/ bed/ . Illumina HumanMethylation450
files with probe beta values for tumour and normal samples
for cancer types from TCGA were downloaded from the Ge-
nomic Data Commons (GDC) ( https:// portal.gdc.cancer.gov/ )
using the GDC-client tool. Genomic locations of probes for
Illumina methylation microarrays were downloaded from the
Illumina website. BED files for WGBS data for 38 different
non-cancer human tissue samples belonging to 19 different
tissue types from the Roadmap Epigenomics project [ 65 ]
were downloaded from the ENCODE data portal [ 73 ]. See
Supplementary Table S2 for files and tissue types. 

CpG methylation values and RNA-seq transcript
counts for the CPGEA and MCRPC projects are avail-
able as a Bioconductor ExperimentHub package at
https:// bioconductor.org/ packages/ release/ data/ experiment/ 
html/TumourMethData.html . 

FASTQ files for RNA-Seq data from the CPGEA were
downloaded from the Genome Sequence Archive for Hu-
man ( http:// bigd.big.ac.cn/ gsa-human/ ). BAM files for RNA-
seq data for the MCRPC project were downloaded from GDC
using GDC-client ( https:// portal.gdc.cancer.gov/ ) and FASTQ
files were generated from them using Samtools (version 1.11).
STAR count files with gene expression counts for TCGA were
downloaded from GDC using GDC-client for each cancer
type. RNA-seq gene counts for Roadmap Epigenomics project
samples were downloaded from the ENCODE data portal. See
Supplementary Table S2 for files and tissue types. 

Methodical is available as an R / Bioconductor package at
https:// bioconductor.org/ packages/ methodical 

Supplementary Table S1 lists all significantly enriched tran-
scriptional regulators for TMR groups. Supplementary Table 
S2 gives the tissue types and file accession ID for all samples
from the Roadmap Epigenomics project used in the study. 

BED files with coordinates of TMRs for the hg38
genome build are available to download from https:
// github.com/ richardheery/ heery _ 2025 _ scripts/ tree/ master/ 
finding _ tmrs/tmr _ bed _ files 

Scripts to reproduce analyses and figures are available at
https:// github.com/ richardheery/ heery _ 2025 _ scripts 

R scripts have also been deposited to Zenodo at the DOI:
10.5281 / zenodo.16964547 and the data repository DOI:
10.5281 / zenodo.16964637. 
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