Downloaded from genome.cshlip.org on June 15, 2026 . Published by Cold Spring Harbor Laboratory Press

ENOME
ESEARCH

Uncovering methylation-dependent genetic effects on regulatory
element function in diverse genomes

Rachel M. Petersen, Christopher M. Vockley and Amanda J. Lea

Genome Res. 2025 35: 1781-1793 originally published online July 14, 2025
Access the most recent version at doi:10.1101/gr.279957.124

References This article cites 76 articles, 15 of which can be accessed free at:
http://genome.cshlp.org/content/35/8/1781.full.html#ref-list-1

Open Access  Freely available online through the Genome Research Open Access option.

Creative This article, published in Genome Research, is available under a Creative
Commons Commons License (Attribution-NonCommercial 4.0 International), as described at
License http://creativecommons.org/licenses/by-nc/4.0/.

Email Alerting  Receive free email alerts when new articles cite this article - sign up in the box at the
Service top right corner of the article or click here.

™
B The NEW Vortex Mixer scimitec

To subscribe to Genome Research go to:
https://genome.cshlp.org/subscriptions

© 2025 Petersen et al.; Published by Cold Spring Harbor Laboratory Press


http://genome.cshlp.org/lookup/doi/10.1101/gr.279957.124
http://genome.cshlp.org/content/35/8/1781.full.html#ref-list-1
http://creativecommons.org/licenses/by-nc/4.0/
http://genome.cshlp.org/cgi/alerts/ctalert?alertType=citedby&addAlert=cited_by&saveAlert=no&cited_by_criteria_resid=protocols;10.1101/gr.279957.124&return_type=article&return_url=http://genome.cshlp.org/content/10.1101/gr.279957.124.full.pdf
http://genome.cshlp.org/cgi/adclick/?ad=57163&adclick=true&url=https%3A%2F%2Fwww.usascientific.com%2Fvortex_mixer%3Futm_source%3DCSHL%26utm_medium%3DeTOC_VMX%26utm_campaign%3DVMX
https://genome.cshlp.org/subscriptions
http://genome.cshlp.org/
http://www.cshlpress.com
http://genome.cshlp.org/
http://www.cshlpress.com

Downloaded from genome.cship.org on June 15, 2026 . Published by Cold Spring Harbor Laboratory Press

Method

Uncovering methylation-dependent genetic effects
on regulatory element function in diverse genomes

Rachel M. Petersen,'? Christopher M. Vockley,®> and Amanda ). Lea

1,2,4

7Department of Biological Sciences, Vanderbilt University, Nashville, Tennessee 37232, USA; 2 Evolutionary Studies Initiative,
Vanderbilt University, Nashville, Tennessee 37232, USA; 3The Broad Institute of MIT and Harvard, Cambridge, Massachusetts
02142, USA; *Vanderbilt Genetics Institute, Vanderbilt University Medical Center, Nashville, Tennessee 37232, USA

A major goal in evolutionary biology and biomedicine is to understand the complex interactions between genetic variants,
the epigenome, and gene expression. However, the causal relationships between these factors remain poorly understood.
mSTARR-seq, a methylation-sensitive massively parallel reporter assay, is capable of identifying methylation-dependent
regulatory activity at many thousands of genomic regions simultaneously and allows for the testing of causal relationships
between DNA methylation and gene expression on a region-by-region basis. Here, we develop a multiplexed mSTARR-seq
protocol to assay naturally occurring human genetic variation from 25 individuals from 10 localities in Europe and Africa.
We identify 6957 regulatory elements in either the unmethylated or methylated state, and this set was enriched for enhanc-
er and promoter chromatin annotations, as expected. The expression of 58% of these regulatory elements is modulated by
methylation, which is generally associated with decreased transcription. Within our set of regulatory elements, we use allele-
specific expression analyses to identify 8020 sites with genetic effects on gene regulation; further, we find that 42.3% of
these genetic effects vary in direction or magnitude between methylated and unmethylated states. Sites exhibiting methyl-
ation-dependent genetic effects are enriched for GWAS and EWAS annotations, implicating them in human disease.
Compared with data sets that assay DNA from a single European ancestry individual, our multiplexed assay is able to un-
cover more genetic effects and methylation-dependent genetic effects, highlighting the importance of including diverse ge-

nomes in assays that aim to understand gene regulatory processes.

[Supplemental material is available for this article.]

A major goal in evolutionary biology, human genomics, and bio-
medicine is to understand how the genome generates complex
traits, which at the molecular level often involves complex interac-
tions between genetic variants, the epigenome, and gene expres-
sion. DNA methylation (DNAm) refers to the addition of methyl
groups to cytosine bases, usually within CpG dinucleotide con-
texts (the most commonly methylated motif in mammals).
DNAm is an epigenetic gene regulatory mechanism that controls
gene expression programs and plays important roles in the devel-
opment and differentiation of tissues (Luo et al. 2018; Greenberg
and Bourc’his 2019; Loyfer et al. 2023), phenotypic and deve-
lopmental plasticity in response to environmental exposures
(Waterland and Jirtle 2003; Weaver et al. 2004; Garg et al. 2018;
Perera et al. 2020; Anderson et al. 2024), and aging-related physio-
logical decline and disease (Jin and Liu 2018; Salameh et al. 2020;
Yim et al. 2020).

Although DNAm is canonically associated with repressed
transcription of nearby genes, for example, through alterations
in transcription factor (TF) recruitment and/or binding affinity
(Holliday and Pugh 1975; Riggs 1975; Han et al. 2011; Yin et al.
2017; Kaluscha et al. 2022), recent studies have shown that this re-
lationship varies across the genome. For example, in many regions,
DNAm is functionally negligible, having little to no effect on TF
binding or downstream mRNA production (Hu et al. 2013; Pacis
et al. 2015; Kribelbauer et al. 2020; Kreibich et al. 2023). In addi-
tion to many regions of the genome being functionally insensitive
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to methylation, others display DNAm-expression relationships
that are opposite the canonical pattern. For example, the position-
ing of methylation surrounding TF binding motifs can result in in-
creased binding affinity or altered chromatin conformation, which
can ultimately result in higher levels of DNAm correlating with in-
creased expression of nearby genes (Luo et al. 2021; Monteagudo-
Sanchez et al. 2024). Given the complexities of DNAm-expression
relationships, it is therefore essential to directly evaluate whether
and how DNAm impacts local gene transcription, rather than as-
suming a functional (typically repressive) relationship.

In addition to DNAm, it is also clear that genetic variation im-
pacts gene expression, often through similar processes such as var-
iable TF recruitment and binding (Kasowski et al. 2010; Deplancke
et al. 2016). Accordingly, expression quantitative trait loci (eQTL)
studies have documented a myriad of associations between cis ge-
netic variants and gene expression in human populations (Kim-
Hellmuth et al. 2020; The GTEx Consortium 2020; Kerimov
et al. 2021; Zeng et al. 2022), with high powered studies now re-
porting one or more cis eQTL for most genes in the genome
(Gong et al. 2018; Vosa et al. 2021). Further, recent work suggests
that genotype-expression relationships may in some cases depend
on the local DNAm context; for example, Zeng et al. (2023)
mapped 1063 “methylation-dependent eQTL” (in which the
eQTL effect depends on local DNAm levels): The vast majority of
these eQTL had not previously been reported as standard eQTL
(Zeng et al. 2023). Although studies such as these provide correla-
tional evidence that DNAm may alter genotype-expression
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relationships in important ways (Banovich et al. 2014; Singh et al.
2021), experimental studies demonstrating cause and effect rela-
tionships are much rarer.

To address these gaps, massively parallel reporter assays
(MPRAs) have become a useful tool for experimentally testing
the causal effects of cis genetic variation and DNAm on transcrip-
tional activity. The original MPRA design involved cloning a po-
tential regulatory region of interest into a plasmid backbone
upstream of a reporter gene and a unique sequence-associated bar-
code (Patwardhan et al. 2009, 2012; Kwasnieski et al. 2012;
Melnikov et al. 2012; Sharon et al. 2012). Plasmids are transfected
into a cell line and incubated, and regulatory activity of the insert
is then quantified via barcode sequencing. Building upon these
methods, self-transcribing active regulatory region sequencing
(STARR-seq) was developed as a type of MPRA; in this assay, re-
gions of interest are inserted within the 3’ UTR, such that active
regulatory elements drive expression of transcripts that include
the focal sequence itself. Within a cellular environment, regulato-
ry activity thus directly scales with plasmid-derived mRNA levels of
the focal sequence (Arnold et al. 2013). Finally, methyl-STARR-seq
(mSTARR-seq) pairs the STARR-seq approach with methylation
manipulation of query fragments to test for the effects of DNAm
on regulatory activity (Lea et al. 2018). Consistent with other tech-
niques, mSTARR-seq studies have shown that experimental ma-
nipulation of DNAm does not always impact gene expression in
the canonical direction: about one-half to three-fourths of the test-
ed regulatory elements were found to be insensitive to changes in
DNAm, and 2%-14% of regions with methylation-dependent
(MD) regulatory function actually exhibit increased transcriptional
activity following experimental methylation (Lea et al. 2018;
Johnston et al. 2024).

Although MPRA methods excel in directly testing for causal
relationships between genetic or epigenetic variation and regulato-
ry activity, studies of genetic variation have largely focused on test-
ing synthesized sequences (Tewhey et al. 2016; Ulirsch et al. 2016;
Kalita et al. 2018; Siraj et al. 2024). Although synthesized oligos are
preferred to interrogate the effects of rare genetic variants and/or to
isolate the effects of individual SNPs that occur in linkage disequi-
librium (LD), they are expensive to produce, are commonly short
(<200 bp), and may lack naturally occurring genetic patterns. In
turn, studies of epigenetic variation have exclusively focused on
DNA from a single European ancestry individual (Lea et al. 2018;
Johnston et al. 2024). The common practice of benchmarking
experimental assays on a single European ancestry genome limits
our knowledge of how genetic variation impacts functional geno-
mic mechanisms and perpetuates biases in genomic research
(Gurdasani et al. 2019; Mills and Rahal 2020). To improve upon
these shortcomings, we developed multiplexed mSTARR-seq, an
extension of mSTARR-seq that can incorporate genetically diverse
input and is thus capable of experimentally testing for interactions
between DNAm and genotype in high throughput.

In this study, we apply multiplexed mSTARR-seq to identify
allelic differences in regulatory function, in both methylated and
unmethylated contexts, for hundreds of thousands of regions
simultaneously. To do so, we create a genetically heterogeneous,
barcoded DNA input library from 25 individuals from the 1000
Genomes Project originating from 10 different populations
throughout Europe and Africa (The 1000 Genomes Project Consor-
tium 2015). Using this design, we aimed to experimentally identi-
fy genomic regions where methylation and genetic variation
interact to modify regulatory activity (i.e., MD genetic effect sites).
After identifying these sites, we then explored where they are locat-

ed throughout the genome, their proximity to TF binding motifs,
and their overlap with genome-wide association study (GWAS)
and epigenome-wide association study (EWAS) hits. Lastly, we
asked how much the multiplexing of DNA from genetically diverse
individuals can increase mSTARR-seq’s ability to identify genetic
effects as well as interactions between genetic and epigenetic ef-
fects. As the field of genomics works toward characterizing human
genetic diversity and its impacts on regulatory function, multi-
plexed assays such as this will be an important tool to maximize
the breadth of sequence variation that can be investigated and
contribute to a more comprehensive understanding of genome
regulation.

Results

Multiplexed mSTARR-seq produces a genetically diverse
input library

We extracted DNA from lymphoblastoid cell lines (LCLs) of 25 dif-
ferent 1000 Genomes individuals originating from 10 different
populations (Fig. 1A; Supplemental Table S1; The 1000 Genomes
Project Consortium 2015). Following the methods of previous
mSTARR-seq experiments (Lea et al. 2018, Johnston et al. 2024),
we generated adaptor-ligated, size-selected DNA input fragments
with a new addition of an individual-specific, CpG-free barcode
(see Supplemental Methods). We pooled barcoded DNA libraries
from different individuals to create two diverse input pools, with
many individuals (n = 16) present in both pools but harboring dif-
fering barcodes (Supplemental Fig. S1B; Supplemental Table S3).
We cloned our genetically diverse input libraries into the
mSTARR vector and confirmed the diversity of the resulting pool
(Supplemental Figs. S1C, S2, S3). We enzymatically methylated
half of the plasmids and exposed the other half to a mock/sham
control (Supplemental Fig. S1D) and transfected them into the
K562 myeloid cell line (Supplemental Fig. S1E). Following a 48 h in-
cubation, we coextracted DNA and RNA, sequenced the resulting
replicate-leve]l DNA and RNA libraries (Supplemental Table $4),
and assigned reads to individuals within each replicate through
the demultiplexing of individual-specific barcodes (Fig. 1B).

In total, the assay included 36.1 million unique DNA frag-
ments, covering 1.95 Gb of the human genome and including
23.2 million unique CpG sites. These DNA input fragments cov-
ered the majority of an in silico Mspl digest: Each replicate covered
>98% of the expected fragments (Fig. 1C), and each individual
within each replicate covered on average 91.3% of the expected
fragments; 84.9% of reads started or ended with an Mspl cut site.
As expected, DNA input fragments were enriched for functionally
important areas of the genome, with 41% located within protein
coding sequences, 18% in promoter regions, and 17% in CpG is-
lands (Fig. 1D). As observed in RRBS (Gu et al. 2011), these DNA
input fragments also covered at least one CpG in the vast majority
of genes (99.1%), promoters (99.7%), CpG islands (84.1%), and
enhancers (93.8%) in the human genome (Supplemental Fig. S4).

The input DNA fragments also contained significant genetic
diversity, including 19.6 million unique genetic variants,
737,394 of which were biallelic SNPs with a minor allele frequency
(MAF)>0.05; 92.7% of fragments contained at least one CpG site,
and 85.1% of fragments contained at least one SNP (Fig. 1E). After
restricting to genomic windows with sufficient coverage across
replicates to facilitate statistical modeling and to SNPs called with-
in our libraries (described below and in the Methods), 99.4% of
windows contained at least one CpG site, totaling 6.2 million

1782 Genome Research
www.genome.org


http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279957.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279957.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279957.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279957.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279957.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279957.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279957.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279957.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279957.124/-/DC1
http://genome.cshlp.org/
http://www.cshlpress.com

Downloaded from genome.cshlp.org on June 15, 2026 . Published by Cold Spring Harbor Laboratory Press

Genetic effects on methylation-dependent regulation

A g — C D E’
8 ¢ 100% 10 © 0 0-0 ¢ O 0-0-0 o -
b 2
f S 30%
[ o [
g 5% S, -
o I
o) 2 < 20%
Ef 2 50%- z
® o 5
- 3 3 10%{ —a
=4
2 25%- b -
8 2
o g 0%
a o
0%- 5 & & &Q’%
Tamrooroosy & &
400 50 0 5 100 ) N & g
Longitude Replicate S) S
Previous
B E Unique Analyzed F studies
CGG C Mspl-digested input fragments windows 7.5
CGG c DNA with unique Y [T r-— -
CGG—C barcode for each 100% 270 < BNQ
CGG c individual o
75% 3
cloning of\ 3 Promoter £ 65
DNA fragments B ]
Intron 50% >
) . X
into plasmid ORF € 6.0
mSTARR Input DNA| 550, o “ RNA
vector Barcode S 55
M polyA tail - RNA
o 0%
Y IO
sham M.Sss! T4 SR DNA RNA
treatment / \ treatment h ce
Q
Q o&? G |1/ DNA HIRNA
6.5
- @ 60
- E
> >3 :
K £
transfection l P55
into K562s =
()
g
Zs0
2
o
845
l l 4.0
N AN AR N A% P AB 4B o (O 4D DA o oD D A W D D oL D LD
0\00»30\’\6\%69@\@,(\’\(,;ikgs“,bé,.3\0,5\’\,br&,o\x‘b,g;‘b@%@%\\fﬁq%’g;é\qra‘*’gé’/(éfb"
O R R RN E MM RO SO S S S S Sy
B L LLLLLLLLLL T I T I I I IIY

RNA and DNA-seq Sample
Figure 1. Multiplexed mSTARR-seq assays a diverse input library. (A) Sampling locations of the 25 in-
dividuals included in the assay: (CEU) Utah residents (CEPH); (ESN) Esan in Nigeria; (FIN) Finnish in
Finland; (GBR) British in England and Scotland; (GWD) Gambian in Western Division in the Gambia;
(IBS) Iberian population in Spain; (LWK) Luhya in Webuye, Kenya; (MSL) Mende in Sierra Leone; (TSI)
Toscani in Italy; and (YRI) Yoruba in Ibadan, Nigeria. (B) Multiplexed mSTARR-seq design: Sample-specific
barcodes are added to Mspl-digested input DNA and inserted into the mSTARR vector downstream from
a promoter, intron, and open reading frame (ORF). Plasmids are exposed to a methylation treatment or
sham control and transfected into K562 cells and incubated for 48 h, and DNA and RNA are extracted
and sequenced. (C) Percentage of an in silico Mspl digest of the human genome that is represented in
the DNA input of each replicate. (D) Percentage of input DNA fragments located within promoters,
CpG islands, and gene bodies in each replicate (note these are not mutually exclusive annotations).
(E) Percentage of unique DNA fragments that contain at least one CpG site and at least one SNP (left),
and the percentage of analyzed windows (n=525,074) that contain at least one CpG site and at least
one analyzable SNP (i.e., biallelic, >0.05 MAF, and was called in our joint genotyping analysis; right).
(F) Number of unique DNA and RNA fragments observed in each replicate; the mean number of frag-
ments included in each replicate in Lea et al. (2018) (purple arrows) and Johnston et al. (2024) (blue ar-
rows) is shown for comparison. (G) Number of unique DNA and RNA fragments included in each
replicate from each of the 25 individuals included in the assay.

CpGs sites, and 53.8% of windows contained at least one analyz-
able SNP (i.e., biallelic, >0.05 MAF, and called in our joint genotyp-
ing analysis), totaling 282,403 SNPs (Fig. 1E). Detailed information
on sequencing depth can be found in Supplemental Table S4.

As observed in previous mSTARR-seq and STARR-seq work
(Arnold et al. 2013; Vockley et al. 2015; Lea et al. 2018; Johnston

et al. 2024), many input DNA fragments
do not generate plasmid RNA output, po-
tentially indicative of a lack of endoge-
nous regulatory activity. We found that
each replicate contained 736,006+
32,831 unique RNA fragments (generat-
ed from 15.9+0.95 million unique DNA
fragments). Importantly, the average
complexity of both our RNA and DNA li-
braries slightly exceeds that observed in
previous mSTARR experiments (Fig. 1F;
Lea et al. 2018; Johnston et al. 2024).
All individuals achieved comparable
representation across replicates, with a
mean of 35,047 £2707 unique RNA frag-
ments generated from 896,899 + 58,144
unique DNA fragments per individual
per replicate (Fig. 1G). The number of
windows/variants tested at each data
analysis step can be found in Supplemen-
tal Figure S5.

Multiplexed mSTARR-seq identifies MD
regulatory elements

To identify generalizable regulatory and
MD regulatory elements, we combined
uniquely mapped reads from all individ-
uals within a replicate, overlapped these
with 400 bp nonoverlapping genomic
windows to accommodate our mean in-
sert size, and filtered for windows with
adequate coverage (one or more DNA
read in half of replicates from both condi-
tions, one or more RNA read in half of
replicates in either condition) (see Lea
et al. 2018; Johnston et al. 2024).
Following filtering for DNA and RNA
coverage, we were left with 525,074 400
bp windows, of which 522,294 (99.4%)
contained at least one CpG site. Nearly
all windows (95.9%) were represented
across all replicates (Supplemental Fig.
S6). We tested for regulatory activity at
each 400 bp window in methylated and
unmethylated conditions separately by
asking whether the abundance of the re-
porter gene—derived mRNA exceeded the
amount of input DNA for that window
(Fig. 2A). We identified 6221 windows
with regulatory activity in the unmeth-
ylated replicates and 2513 windows with
regulatory activity in the methylated rep-
licates (at a 1% FDR) (Fig. 2B). We found a
strong enrichment for shared identifica-
tion of regulatory windows and a signifi-

cant correlation in effect sizes for windows tested in this study
versus previous mSTARR-seq studies (Supplemental Table S5;
Supplemental Figs. S7, S8; Supplemental Results). As expected, the
regulatory windows we identified were significantly enriched for
strong enhancer and active promoter ChromHMM annotations
in K562s (Fig. 2C; Supplemental Table S6). When comparing
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Figure 2. Multiplexed mSTARR-seq identifies regulatory and methylation-dependent (MD) regulatory activity. (A) Heuristic patterns of read pileups as-
sociated with the identification of regulatory activity and methylation dependence, with an example of the normalized read counts for a window falling into
each of these categories. (B) Density of regulatory and nonregulatory windows (area under each curve normalized to one) in relation to the difference be-
tween normalized RNA and DNA counts for that window. (C) Fisher’s exact test for enrichment in ChromHMM genomic annotations when comparing
windows with regulatory activity (combined across conditions) versus nonregulatory windows. Bars above y= 0 indicate annotations that are overenriched
in regulatory windows, and bars below y=0 indicate annotations that are under enriched in regulatory windows; purple bars indicate enhancer and pro-
moter annotations; and stars indicate significant over/underenrichment of that annotation type (for full results, see Supplemental Table $6). (D) Regulatory
activity in the methylated versus unmethylated condition for MD windows colored by the logFC between conditions: 84.8% of MD windows have greater
activity in the unmethylated condition, with the clustering of sites at x=0 representing windows whose expression is entirely repressed by methylation. (E)
Windows with MD regulatory activity have a greater number of CpG sites compared with regulatory windows that are not modulated by methylation.

regulatory windows that were found in one condition but not the
other, we found that those specific to the unmethylated condition
were particularly enriched for promoter and enhancer annotations,
whereas those that were specific to the methylated condition were
more enriched for heterochromatin and regions of weak transcrip-
tion (Supplemental Fig. S9; Supplemental Table S7).

To test for methylation dependence in regulatory activity, we
used a multivariate adaptive shrinkage approach (mashr) (Urbut
etal. 2019), which enables testing for effect size sharing versus het-
erogeneity across conditions. We defined MD regulatory elements
as those exhibiting regulatory activity in at least one condition (lo-
cal false sign rate: LFSR<0.05) and with a log fold change (1ogFC)
in regulatory activity >1.5 between conditions (Fig. 2A). Of the
6957 unique windows with regulatory activity in one condition,
4052 displayed MD activity, meaning that methylation modulated
the degree to which the fragment drove gene expression for 58.2%
of tested fragments. After rerunning previous mSTARR-seq data
sets using this pipeline, we find a similar proportion of regulatory
windows exhibiting methylation dependence (Johnston et al.
2024: 67.6%; Lea et al. 2018: 80.2%; Supplemental Table S5). As
expected, most windows (84.8%) had greater transcriptional activ-

ity in the unmethylated relative to the methylated condition (Fig.
2D). As noted in previous work, we found that windows displaying
MD regulatory activity had a greater number of CpG sites relative
to regulatory elements that were not modulated by methylation
(Student’s t-test: t=6.38, df=6352.2, P=1.9x107'%) (Fig. 2E),
and the strength of MD activity was positively associated with
the number of CpG sites in the region (linear model: estimate =
0.02, SE=0.002, P<2.2 x 107'%) (Supplemental Fig. $10). For qual-
ity control, we also confirmed that MD windows were very unlike-
ly to be CpG-free relative to the background set of all regulatory
windows tested (Fisher’s exact test: OR=0.38, P=5.76 x 1079).

To understand how often MD regions experience variation in
DNAm levels in the endogenous genome, we used a cell type-spe-
cific whole-genome bisulfite sequencing data set (Loyfer et al.
2023) to ask whether CpG sites located within MD regulatory win-
dows exhibit variable DNAm (1) between individuals in a single
blood cell type (monocytes) and (2) between blood cell types with-
in a single individual (comparing monocytes, granulocytes, NK
cells, helper T cells, and B cells). We found that 75.1% of MD reg-
ulatory windows contained one or more CpGs exhibiting interin-
dividual DNAm variation, and 78.3% contained one or more CpGs
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exhibiting intraindividual DNAm variation. These findings con-
firm that in vivo epigenetic variation is common at sites where
we implicate methylation as functionally important in a relevant
cell type.

Genetic variation impacts regulatory function

To interrogate the effect of genotype on regulatory activity, we es-
timated allele-specific RNA output versus DNA input in the meth-
ylated and unmethylated conditions separately, using standard
pipelines in GATK and quality score cutoffs (mean quality score
=358) (Supplemental Fig. S11; Van der Auwera et al. 2013). After
filtering for active regulatory windows with only one SNP or hap-
lotype, we retained 8570 and 5853 variants for the unmethylated
and methylated conditions for downstream analyses. As quality
control, we confirmed these windows generally had high coverage
across both alleles at the DNA level (mean coverage=1191+743
reads) (Supplemental Fig. S12), with the difference between refer-
ence and alternate allele DNA coverage scaling with MAF, as ex-
pected (Supplemental Fig. S13).

When we analyzed allelic bias at the transcriptional level, we
found that 3636 SNPs in the unmethylated condition and 2816
SNPs in the methylated condition were monoallelically represent-
ed, despite robust representation of both alleles at the DNA level;
these sites thus exhibited extremely strong ASE (see Methods)
(Supplemental Table S8). For sites that were not monoallelically
expressed, we used beta-binomial modeling (implemented in the
aod package in R, https://cran.r-project.org/package=aod) to test
whether the proportion of reference to alternate allele counts sig-

nificantly differed between the DNA input and the mRNA output
at each site (using a 1% FDR threshold) (Fig. 3A). With this
method, we discovered 2807 sites with ASE: 1858 sites in the
unmethylated state (37.6% of tested sites) and 1150 sites in the
methylated state (37.9% of tested sites) (Fig. 3B). Sequencing depth
did not significantly differ between ASE and non-ASE sites, sug-
gesting that the identification of ASE is not owing to variability
or noise associated with lower DNA read counts (Student’s t-test;
unmethylated replicates: t=-0.278, df=4112.2, P=0.78; meth-
ylated replicates: t=1.18, df=2732.4, P=0.24) (Supplemental
Fig. S14). Furthermore, although allele-specific mapping bias
should not impact our biological conclusions, which are based
on RNA/DNA and unmethylated/methylated condition compari-
sons in which mapping biases should be identical, we nevertheless
performed a parallel analysis implementing the WASP mappability
filtering pipeline, which retained 78% and 81% of sites from the
original pipeline in the methylated and unmethylated conditions,
respectively (Supplemental Methods; Van De Geijn et al. 2015).
Recent work has highlighted that phenotypically relevant
variants identified via GWAS are typically located in noncoding re-
gions distal to transcription start sites (TSSs) and promoter regions
(Maurano et al. 2012; Mostafavi et al. 2023). Conversely, eQTL sig-
nals commonly cluster within promoter regions near TSSs and
may be less relevant to complex traits as they often fail to colocal-
ize with GWAS hits (Chun et al. 2017; The GTEx Consortium
2020; Mostafavi et al. 2023). Thus, we aimed to explore where in
the genome variants exerting an allele-specific effect on regulatory
activity were located. Similar to GWAS sites, we found that ASE
variants were located farther from the nearest TSS (Student’s
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Figure 3. Multiplexed mSTARR-seq identifies allele-specific regulatory activity that is modulated by methylation. (A) Patterns of read pileups associated
with the identification of regulatory activity, ASE, and MD ASE. Reference alleles are indicated in blue; alternate alleles, in purple. (B) Density of tested sites
with ASE versus without ASE in the unmethylated condition, with an example plot of each showing the regulatory activity (normalized DNA and RNA
counts) and ASE (the ratio of reference allele to total counts, i.e., allelic imbalance) present in each replicate. (C) Fisher’s exact test for enrichment in
ChromHMM genomic annotations comparing ASE sites (combined across conditions) versus non-ASE sites. Bars above y=0 indicate annotations that
are overenriched in ASE sites, and bars below y=0 indicate annotations that are underenriched in ASE sites; purple bars indicate enhancer annotations;
orange bars indicate promoter annotations; and stars indicate significant (P<0.05) over/underenrichment of that annotation type (for full results, see
Supplemental Table S9). (D) The genetic effect in the methylated condition plotted against the genetic effect in unmethylated condition for ASE sites,

with the 575 MD ASE sites highlighted in pink.
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Figure 4. Insights into potential mechanisms involved in MD genetic effects. (A) One potential mechanism leading to MD genetic effects wherein TFs

distinguish between alleles in one condition but not the other with an example site showing allelic imbalance (the ratio of reference allele to total counts) in
the methylated versus unmethylated condition and a pie chart showing the percentage of MD genetic effect sites following this pattern. (B) Another po-
tential mechanism leading to MD genetic effects wherein TFs bind to different alleles in alternate conditions with an example site and a pie chart showing
the percentage of MD genetic effect sites following this pattern. (C) TF motifs that are enriched within £200 bp of MD genetic sites that display increased
ASE in the unmethylated condition (top) or methylated condition (bottom) colored by TF family. (D) Example of a MD genetic effect site that directly over-
laps with a GWAS hit and is 60 bp away from an EWAS hit, which are associated with hemoglobin concentration and MetS, respectively. Created with

bioRender (https://www.biorender.com/).

ttest: t=—4.19, df=8284.8, P=2.83x107°) (Supplemental Fig.
S15) and were less likely to be located within active promoter re-
gions (Fisher’s exact test: OR=0.81, P=0.0004) (Fig. 3C) compared
with non-ASE regulatory variants. Instead, sites with allele-specific
regulatory effects were more likely to be located in enhancer anno-
tations (although this trend does not reach statistical significance)
(Fig. 3C; Supplemental Table S9). These results are robust to the ex-
clusion of monoallelic sites in our test data set (Supplemental Fig.
S16; for full results, see Supplemental Results).

Methylation impacts allele-specific regulatory function

Tounderstand how methylation impacts ASE, we again used mashr
to compare effect size estimates from our beta-binomial model be-
tween conditions and asked whether the genetic effect on regulato-
ry activity is modified by methylation manipulation. We tested
1359 sites with ASE for methylation dependence and found 575
sites with MD genetic effects (43.2% of tested sites) (Fig. 3D). Two
hundred eight of the tested sites directly overlapped with either
the C or G of a CpG site in the hg38 reference genome, such that
methylation could only occur for one genotype. Of these 208
CpG disrupting sites, 74% exhibited MD genetic effects (n=154
sites).

Using the same publicly available whole-genome bisulfite se-
quencing data set as described above (Loyfer et al. 2023), we asked

whether MD genetic effect sites were located within 200 bp of sites
exhibiting variable in vivo DNAm. We found that 97% (n=558) of
MD genetic effect sites were near CpGs exhibiting interindividual
DNAm variation, and 99.5% (n=>572) were near CpGs exhibiting
intraindividual DNAm variation between blood cell types, provid-
ing strong evidence that in vivo epigenetic variation is pervasive
at sites where methylation may also play a functional role.
Additionally, we tested whether genetic variation impacts methyl-
ation in vivo at MD genetic effect sites by overlapping with meQTL
identified in whole blood from the Framingham Heart Study co-
hort (Huan et al. 2019). We found that the majority of our ASE var-
iants (71.6%) were meQTL in blood, suggesting that genetic
variation can generate methylation differences between individu-
als at sites where we identify this variation as functionally
meaningful.

Next, we investigated regulatory mechanisms that could gen-
erate MD genetic effects. Of the 421 sites that did not disrupt a
CpG site, the majority (n=239) had greater regulatory activity in
the unmethylated condition compared with the methylated con-
dition (as was observed in the overall data set; binomial test, P=
6.28 x107%). The most common pattern suggested a potential
mechanism of TF binding with limited regulatory activity in the
methylated condition and allele-specific binding in the unmeth-
ylated condition (29% of sites) (Fig. 4A). We also investigated
whether the direction of ASE could vary between conditions. We
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found that 95 out of the 421 MD genetic effect sites not directly
abolishing a CpG site have enhanced reference allele expression
in one condition and enhanced alternate allele expression in the
other (Fig. 4B), suggesting mechanisms that reverse the direction
of ASE depending on methylation status.

Using the genomic regions enrichment of annotations tool
(GREAT) (McLean et al. 2010), we did not find enrichment of
MD genetic effects near particular genes or biological pathways,
suggesting that these regulatory elements occur near genes in-
volved in diverse biological functions. Next, we tested for overrep-
resentation of MD genetic effects in TF binding motifs and found
significant enrichment for multiple TF motifs consistent with our
mechanistic hypotheses (Fig. 4A). Specifically, sites that displayed
greater ASE in the methylated condition were enriched for T-box
binding motifs (q=0.024) and a moderate enrichment for basic
leucine zipper (bZIP), zinc-finger protein (ZFP), and basic helix—
loop-helix (bHLH) TFs (q=0.182). Further, sites that displayed
greater ASE in the unmethylated condition were enriched for
bZIP and erythroblast transformation-specific (ETS) binding mo-
tifs (bZIP: q=0.027, ETS: q=0.026) (Fig. 4C; Supplemental Table
$10). These two TF families have both been previously shown to
preferentially bind to unmethylated sequences in mSTARR-seq
(Lea et al. 2018) and other assays (Hernandez-Corchado and
Najafabadi 2022). To assess in vivo TF binding, we used the
ChIP-Atlas database (Zou et al. 2024) and found 37 TFs that were
more likely to be bound at ASE variants in the methylated condi-
tion and nine TFs that were more likely to be bound at ASE variants
in the unmethylated condition (Supplemental Table S11;
Supplemental Methods). TFs associated with ASE in the methylat-
ed condition included 11 from the ZFP family, including CTCF,
and four from the bZIP family, similar to our motif results.

MD genetic effects are linked to diverse phenotypes

To investigate the potential phenotypic relevance of MD genetic
effect sites, we first assessed the enrichment of MD genetic effect
sites near GWAS hits identified within the Pan-UK Biobank
(Karczewski et al. 2024). We focused on 20 quantitative blood phe-
notypes relevant to the experimental cell type and did not find sig-
nificant enrichment for MD genetic effect sites within the set of
variants implicated in any of these individual complex traits
(Supplemental Table S12).

Next, we explored GWAS and EWAS trait associations more
broadly to better understand how both genetic and epigenetic
variation may contribute to diverse, non-blood-related pheno-
types. We found that 98 MD genetic effect sites (17%) were locat-
ed within 400 bp of a GWAS hit (75 of which directly overlapped
with a GWAS hit), representing 151 different site-trait associa-
tions and 114 unique GWAS hits (Supplemental Table S13). Of
these 114 GWAS hits, 52 were determined to be the leading caus-
al variant in the site-trait association using fine-mapping ap-
proaches (data accessed using the Open Targets Genetics
Resource) (Ghoussaini et al. 2021). The most common traits asso-
ciated with MD genetic effect sites included physical attributes
like height and body mass, as well as other blood-related traits
like white blood cell, red blood cell, and platelet count (although
we did not observe a statistical enrichment of these blood-related
traits in our formal enrichment tests described above). When we
asked whether MD genetic effect sites were associated with a
greater number of GWAS hits or trait associations (as each
GWAS hit can be associated with multiple traits) compared
with random variants matched for gene density, LD, and MAF
(see Supplemental Methods), we found that MD genetic effect
sites were associated with a greater number of GWAS hits (permu-
tation test: P=0.002) (Supplemental Fig. S17A) and a comparable
number of trait associations (permutation test: P=0.3) (Supple-
mental Fig. S17B) compared with our matched control SNP sets.
These results emphasize the utility of multiplexed mSTARR-seq
in identifying variants that are important for organism-level
phenotypes.

Likewise, we found that 159 MD genetic effect sites (28%) were
located within 400 bp of at least one EWAS probe, totaling 340
unique probes. Of these 340 probes, 134 were associated with one
or more phenotypes (39.4%), resulting in 278 different sitetrait as-
sociations (Supplemental Table S14). Again, some traits were associ-
ated with multiple sites in our data set, with the most common
being aging and smoking, which were associated with 18 and 16
sites, respectively. To understand whether we observe more pheno-
type associations than would be expected by chance, we again uti-
lized matched control SNP data sets and found that MD genetic
effect sites were not associated with more EWAS hits (permutation
test: P=0.12) (Supplemental Fig. S18A) but were associated with a
greater number of traits (permutation test: P=0) (Supplemental
Fig. S18B), suggesting that MD genetic effect sites contribute broad-

ly to phenotypes, through pleiotropy or
other mechanisms.
Finally, we found that 31 of our MD
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genetic effect sites were located within
400 bp of both a GWAS and an EWAS
hit (Supplemental Table S15), some of
which were associations for related phe-
notypes; for example, a MD genetic effect
site directly overlapped with a GWAS hit
associated with hemoglobin concentra-
tion that was 60 bp away from an EWAS
hit associated with metabolic syndrome
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(MetS) (Fig. 4D). Additionally, we found
one example for which the GWAS and
EWAS hits were associated with the
same trait: We identified a MD genetic ef-
fect site that directly overlapped with a
GWAS hit and was 37 bp away from an
EWAS hit, which were both associated
with smoking.
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Multiplexing increases capacity to identify allele-specific
and MD genetic effects

To gauge the potential benefits of multiplexing DNA from geneti-
cally diverse populations, we assessed both the number of SNPs lo-
cated within regulatory regions and the number of MD genetic
effect sites that could be identified in our data set by subsampling
different numbers of individuals included in the assay. We found
that, on average, approximately 15x more unique SNPs can be an-
alyzed when multiplexing 12 individuals as opposed to perform-
ing allele-specific analyses on only a single individual (as has
been done previously in STARR-seq experiments) (Johnson et al.
2018). This is augmented especially by the inclusion of African an-
cestry individuals, with a nearly 20% increase in the number of
SNPs found in regulatory regions when sampling individuals of
African origin in comparison to European origin (Fig. SA). For ex-
ample, when we limit the tested genomic regions to the 6,957 400
bp windows with significant regulatory function in either the
methylated or unmethylated condition and subsample to se-
quences from a single European ancestry individual, we find that
we can assay a mean of 65.4 (range: 19-123) variants. However,
when we include sequences from all 12 of the European individu-
als in our assay, we find that we are able to assay 910 variants; these
same numbers rise to 75.4 (range: 3-321) variants for a single
African individual and 1104.9 (range: 1017-1205) for 12 multi-
plexed African individuals, respectively.

In addition to exploring allele-specific effects on expression,
we aimed to describe MD genetic effects, and thus, we investigated
how many of the 575 identified MD genetic effect sites would have
been present and variable in our assay under different subsampling
regimes. For example, sequences from a single European individu-
al contained a maximum of 118 MD genetic effect sites; from a sin-
gle African individual, a maximum of 184 MD genetic effect sites.
Notably, multiplexing 12 samples originating from both conti-
nents resulted in the greatest representation of the MD genetic ef-
fect sites identified in our experiment (530 sites) (Fig. 5B), arguing
for inclusion of global genetic diversity whenever possible.

Discussion

Here, we present the first demonstration of multiplexed mSTARR-
seq and its capacity to jointly assay the impact of methylation and
genetic variation on regulatory activity. When identifying regula-
tory and MD regulatory regions, multiplexed mSTARR-seq per-
forms similarly to previously, nonmultiplexed iterations (Lea
et al. 2018, Johnston et al. 2024), confirming that the method is
repeatable and robust to the addition of genetic variation and mul-
tiplexing barcodes. Multiplexed mSTARR-seq measures the gene
regulatory consequences of methylation in bulk cell populations
experimentally forced to ~0% or ~100% methylation, an ap-
proach that may seem to oversimplify the complex continuum
of in vivo methylation. However, it precisely models the funda-
mental binary state observed at the single-cell level, at which
most CpG sites are either completely methylated or unmethylated.
This framework is particularly powerful because nearly all MD ge-
netic effect sites identified in our assay exhibit variable methyla-
tion in vivo, either across individuals within a single cell type or
between different cell types within an individual. New to this as-
say, we can simultaneously assess how naturally occurring genetic
variation interacts with DNAm to contribute to variation in regu-
latory activity. Through this, we identified several hundred in-
stances in which the genotype modulated expression differently

in methylated and unmethylated contexts, consistent with recent
work exploring this mechanism in vivo (Zeng et al. 2023).

eQTL studies have now identified expression-associated vari-
ants for nearly every gene in the genome (The GTEx Consortium
2020); however, it is unclear how greatly these sites contribute to
organism-level phenotypes as many GWAS hits do not colocalize
with eQTL in any tissue (Umans et al. 2021). In a recent study ex-
ploring the genomic contexts in which eQTL and GWAS hits are
found, researchers observed that eQTL were more likely to be locat-
ed within promoter regions close to TSSs, whereas phenotypically
relevant GWAS hits were more likely to be depleted in promoter re-
gions and located distally to TSSs (Mostafavi et al. 2023). Here, we
find that in a causal, experimental assay, SNPs with allele-specific
impacts on expression are found in more similar genomic contexts
to GWAS hits: They are located farther away from TSSs and are less
likely to be located within promoter regions in comparison to SNPs
with no impact on expression. Although GWAS studies are effec-
tive at linking genomic regions to traits, they often lack the ability
to pinpoint causal variants. Although fine mapping can improve
the ability to identify causal variants among linked sites, MPRAs,
including multiplexed mSTARR-seq, can be useful tools for exper-
imentally nominating causal variants (Siraj et al. 2024). In the case
of multiplexed mSTARR-seq, testing naturally occurring genetic
variation (instead of synthetic sequences) allows for the inclusion
of longer fragments that are more likely to exhibit regulatory activ-
ity (Lea et al. 2018) while also enabling the disentanglement of var-
iant effects when they are separated by more than the insert size.
Notably, previous MPRA experiments that focused on genetic ef-
fects (e.g., Tewhey et al. 2016; Ulirsch et al. 2016) were conducted
with all fragments in an entirely unmethylated state: Our work
suggests that an appreciable proportion of SNPs may have different
effects on expression when nearby CpGs are methylated.

We explore several mechanisms that may generate MD genet-
ic effects: (1) MD genetic effects may involve a SNP that changes
either the C or G base of a CpG site; (2) TFs may exhibit genotype
based binding preferences, and if the effects of methylation out-
weigh genotype preferences, these effects may only be observed
in one condition (Kribelbauer et al. 2017); and (3) TFs may prefer-
entially bind to distinct sequences in methylated versus unmeth-
ylated contexts (Hu et al. 2013). To understand which TFs may
be particularly sensitive to variation in both sequence and methyl-
ation status, we investigated which TF binding motifs were proxi-
mal to MD genetic effect sites. Among sites with greater ASE in the
unmethylated condition, we found three significantly overrepre-
sented motifs: SPI1 from the ETS family and BACH1 and NFE2,
both from the bZIP TF family. These TF families are both known
to avoid binding to methylated sequences determined both from
prior mSTARR-seq assays (Lea et al. 2018) and through joint acces-
sibility-methylation-sequence modeling (Hernandez-Corchado
and Najafabadi 2022). These results were corroborated by ChIP-
seq data, in which we find NFE2, as well as two other TFs within
the bZIP family (FOSL1 and ATF2), are more likely to be bound
at sites exhibiting ASE in the unmethylated condition compared
with matched background sites. Among sites with greater ASE in
the methylated condition, we found a significant enrichment for
TBX20 binding motifs, a TF within the Box family that is known
to play a pivotal role in heart development and preferentially
bind to methylated sequences (Hu et al. 2013). Just above our sig-
nificance threshold, both NRF1 and ZFP809 (FDR adjusted P-val-
ues=0.18) were also enriched near sites with greater ASE in
methylated condition. NRF1 is part of the bZIP TF family, which
has been demonstrated via SELEX binding assays to be particularly
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sensitive to the position of CpG methylation in the flanking re-
gions of binding motifs (Kribelbauer et al. 2017). ZFP809 is a
KRAB ZFP, a family of TFs containing a canonical methyl-binding
domain (Hashimoto et al. 2015). The ability of ZFPs to engage in
allele-specific binding in methylated contexts is further bolstered
by ChlIP-seq data, in which 30% of the TFs found to be enriched
in ASE in the methylated condition were members of the ZFP fam-
ily. Prior MPRA studies have also found an enrichment for these
same TF families near to areas of the genome containing multiple
variants in strong LD associated with eQTL and GWAS hits (Abell
et al. 2022). In the future, leveraging more empirical in vivo TF
binding data sets, with the focal cell type and potentially paired
with in vivo DNAm information, will provide a clearer picture of
how genetic and epigenetic variation disrupt TF binding.

By developing a multiplexed design, we could assay genetic
variation from 25 individuals for regulatory and MD regulatory ef-
fects in a single experiment, allowing us to test a much greater
number of variants for both ASE and MD genetic effects than pre-
viously possible (Lea et al. 2018, Johnston et al. 2024). An overrep-
resentation of European ancestry individuals is a current reality of
most “omic” data sets, with >80% of GWAS and EWAS participants
reporting European ancestry (Mills and Rahal 2020; Breeze et al.
2022). However, the inclusion of non-European individuals in as-
sociation studies not only improves our ability to identify disease-
related variants specific to underrepresented populations but also
improves statistical power to identify disease-relevant variants
across all populations (Pulit et al. 2010). Thus, the development
of new technologies that support the inclusion of diverse genetic
material into experimental assays will be necessary to develop a
more comprehensive understanding of the complex interactions
between genetic variants, the epigenome, and gene expression.
Moving forward, incorporating diverse cell types, cellular environ-
ments, and genetic backgrounds into MPRA studies will be key to
understanding the epistatic effects of cis and trans variation across
ancestries. This could involve querying DNA fragments with the
same SNPs but on ancestry-specific haplotypes or transfecting
multiplexed libraries into cell lines derived from individuals of
diverse ancestries. Expanding these studies to non-human species
(e.g., Mohammed et al. 2022; Hansen et al. 2024) will also provide
valuable insights into the role of gene regulation in shaping com-
plex traits, from both biomedical and evolutionary perspectives.

Methods

Input library generation

We generated input fragments by extracting genomic DNA from
LCLs from 25 individuals included in the 1000 Genomes Project.
We included 12 individuals of European origin and 13 individuals
of African origin, sampled from five different locations each
(Supplemental Table S1). For each sample, we performed an
Mspl digest that has a CCGG recognition motif and thus enriches
for ~5% of the genome containing a high density of CpG sites (Gu
et al. 2011). We size-selected the resultant Mspl-digested frag-
ments by gel electrophoresis, focusing on the 300-700 bp range.
We ligated an adapter to each size-selected DNA fragment pool
and performed PCR enrichment of adaptor-ligated DNA using a
reverse primer with an individual-specific, CpG-free barcode
(mSTARR_primerR2_*wbarcode). All relevant mSTARR primer se-
quences can be found in Supplemental Table S2.

We created two pools of barcoded libraries that were used as
input for our experiments and derived from independent library
preparations. Pool 1 contained 20 individuals, and pool 2 con-

tained 21 individuals (Supplemental Table S3). Sixteen individuals
are represented in both pools, and nine individuals are included in
only one of the two pools. When a sample was included in both
pools, we used different multiplexing indices in pool 1 versus
pool 2 to ensure that results were reproducible across independent
library preparations. We also included a subset of samples twice
within the same pool with two different indices (n=2 in each
pool). By sequencing most individuals twice with different indices,
our goal was to limit any potential impacts that the barcode se-
quence we included to differentiate individual libraries may have
on our results. Unlike some MPRA designs (e.g., Kwasnieski et al.
2012; Patwardhan et al. 2012; Sharon et al. 2012), multiplexed
mSTARR-seq relies on barcodes only to pool DNA from multiple in-
dividuals and does not rely upon barcodes to quantify the regulato-
ry signal. The inclusion of barcodes is therefore only to ensure
representation of all individuals within the assay; however, in fu-
ture work, one might consider including more than two barcodes
per sample.

mSTARR-seq experiments

The resulting pools of barcoded libraries were used as input into
the mSTARR-seq assay, closely following the protocol of Lea
etal. (2018). Briefly, we linearized the mSTARR plasmid and insert-
ed the multiplexed Mspl-digested libraries using a Gibson assem-
bly. To replicate the assembled plasmid libraries, we transformed
each pool into electrocompetent GT115 cells, incubated over-
night, and extracted the replicated plasmid libraries. We then ex-
posed half of each plasmid pool to water (mock/sham control)
and the other half to a CpG methyltransferase enzyme (M.Sssl)
to experimentally induce methylation. We transfected the treated
plasmids into K562 cells, performing three replicates of each con-
dition (three methylated and three unmethylated replicates) for
each of the two pools, creating 12 replicates total with 15 million
cells each. We incubated the transfected cells for 48 h before per-
forming DNA/RNA extraction. We extracted DNA from about 3
million cells and extracted RNA from the remaining approximate-
ly 12 million cells from each of the 12 replicates. We created mRNA
sequencing libraries, conducted low-level data processing, and
generated replicate-level window-based counts matrices following
the method of Lea et al. (2018) (see Supplemental Methods).

Identification of regulatory and MD regulatory elements

All modeling and data visualization were conducted in R version
4.4.3 (R Core Team 2025). We used linear mixed effects modeling
to test for regulatory activity at each 400 bp window in methylated
and unmethylated conditions separately. We normalized total
read counts for the 11 DNA and 11 RNA replicates using
“voomWithQualityWeights,” fit a linear model for each window
within each condition using “ImFit,” and calculated test statistics
using “eBayes,” all of which are functions available in the R pack-
age “limma” (Ritchie et al. 2015). We included sample type (DNA
vs. RNA) as our predictor variable, pool (1 vs. 2) as a covariate, and
normalized counts as the response variable in each linear model.
Using the P-value output for each condition, we extracted P-values
for the sample type term and performed a FDR correction using the
R function “qvalue” (implemented in the qvalue package, https://
bioconductor.org/packages/qvalue). We considered a region to
have regulatory activity in a given condition if (1) the sample
type (DNA vs. RNA) was a significant predictor of read count at
an FDR-corrected P-value<0.01, and (2) the effect size for sample
type was more than zero, meaning that the normalized counts of
mRNA were greater than the normalized counts of DNA for that
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window. This left us with 6221 and 2513 regulatory regions in the
unmethylated and methylated conditions, respectively.

To both validate our results and generate a better understand-
ing of the genetic contexts in which mSTARR-seq identifies regula-
tory activity, we ascertained which chromatin state the regulatory
windows are located in by overlapping significant windows with
chromatin state annotations generated for K562 cells, lifted over
from the hgl19 to hg38 genome build (The ENCODE Project
Consortium 2012; Hoffman et al. 2013). We ran a Fisher’s exact
test to quantify enrichment of different chromatin states within
our regulatory windows (Supplemental Table S6). We also con-
firmed our results by reprocessing two previous mSTARR-seq data
sets using the same data analysis pipeline outlined above and tested
for a correlation in effect sizes and an enrichment in shared regula-
tory activity (for more detailed description, see Supplemental
Results).

We estimated MD regulatory activity within our data set us-
ing the “mashr” package in R (Urbut et al. 2019). This package pro-
vides tools to generate more accurate effect size estimates across
multicondition data sets by exploiting correlations between condi-
tions; it also provides a framework for testing for effect size sharing
versus heterogeneity across conditions. Using the results from our
linear modeling, we followed the authors’ recommendations and
input the 6957 regions that met our regulatory activity criteria in
at least one condition as the set of “strong sites” that mashr uses
to learn the correlation structure between nonnull effects in differ-
ent conditions; we also included a random set of windows (n=
20,000) to estimate signals in the data associated with null effects
and to distinguish these from nonnull effects. After running mashr
with this pipeline, we generated a posterior mean and LFSR for
each of our set of 6957 tested regions. We subtracted the posterior
mean of the sample type effect estimated in the methylated condi-
tion from the unmethylated condition to generate a logFC esti-
mate, which represents the difference in regulatory activity
between conditions. We considered a window to have MD activity
if the LFSR was <0.1 and the logFC between conditions was >1.5.
To determine if CpG density was associated with methylation de-
pendence, we overlapped MD windows with all CpG sites in the
human genome and ran a Student’s t-test comparing the number
of CpG sites found in MD versus non-MD windows. To determine
whether CpG number increased MD in a linear manner, we ran a
linear model testing the effect of CpG number on the strength of
MD, measured as the 1ogFC in expression between the methylated
and unmethylated conditions.

Analysis of allele-specific expression patterns

To conduct ASE analyses, we performed SNP calling, joint geno-
typing, and quality filtering of variants identified from the DNA
extracted from our assay (see Supplemental Methods; Supplemen-
tal Fig. S11; Supplemental Table S5). For the 3037 sites in the meth-
ylated condition and 4931 sites in the unmethylated condition
that passed our filtering criteria, we ran beta-binomial models us-
ing the function “betabin” in the “aod” package in R to test wheth-
er the ratio of reference to alternate allele counts significantly
differed between the DNA input and the mRNA output at each
site in the methylated and unmethylated conditions separately
(implemented in the aod package in R, https://cran.r-project.org/
package=aod). We included sample type (DNA vs. RNA) as the pre-
dictor variable, pool as a covariate, and the number of reference
and alternate allele counts as the response. We explored the geno-
mic context of genetic effect sites utilizing a data set containing
both sites with ASE and monoallelic/nearly monoallelic sites (al-
though results are robust to the inclusion of only ASE sites) (see
Supplemental Results). We ascertained chromatin states for these

sites by overlapping with the same chromatin state annotations
for K562 cells as mentioned above and performed a Fisher’s exact
test to assess the enrichment of enhancer states.

To explore whether genetic effect sites identified using
mSTARR-seq are more comparable to GWAS or eQTL hits based
on their genomic location, we utilized the data set containing
both ASE and monoallelic/nearly monoallelic sites and summa-
rized the distance to the nearest TSS and promoter annotations
for each site using the “annotatePeaks” function in HOMER
v 4.11.1 (Heinz et al. 2010). We performed a Student’s t-test to
compare the distance to the nearest TSS and a Fisher’s exact test
to examine underenrichment of promoter annotations in ASE sites
compared with the matched background.

Analysis of MD genetic effects

To understand how methylation impacts allele-specific expres-
sion, we again used mashr to compare effect size estimates between
conditions. We tested the 1359 sites that had adequate coverage/
variability between replicates to be modeled in both conditions
(i.e., were not removed owing to monoallelic/nearly monoallelic
expression). We input 783 sites that had strong ASE (at a 1%
FDR) in at least one condition and a random set of 783 sites with
null effects to generate posterior mean and LFSR values. Beta-bino-
mial modeling uses raw reference and alternate allele counts that
are not normalized across libraries, so we log,-transformed the pos-
terior mean of the unmethylated and methylated conditions be-
fore calculating the logFC between conditions (unmethylated
condition divided by the methylated condition). We considered
a SNP to have MD genetic effects if the logFC between conditions
was >1.5.

To explore whether variation in methylation that impacts ex-
pression in our assay also occurs naturally in vivo, we tested
whether MD genetic effect sites were within +200 bp of variably
methylated sites in the genome, classifying variable methylation
in two ways: (1) between three individuals within a single blood
cell type (monocytes) and (2) within a single individual between
five blood cell types (monocytes, NK cells, granulocytes, helper T
cells, and B cells). To do so, we used a publicly available cell-sorted
whole-genome bisulfite sequencing data set (Loyfer et al. 2023).
We classified CpG sites as being variably methylated in vivo if
they did not show consistent hyper (>90%), hypo (<10%), or equal
methylation across all individuals or cell types. Additionally, we
tested whether genotype influences in vivo methylation at MD ge-
netic effect sites by intersecting these sites with meQTL identified
in whole blood from the participants of the Framingham Heart
Study (Huan et al. 2019).

One potential mechanism by which MD genetic effects
might arise is owing to variable binding in TFs. To better under-
stand how methylation may impact allele-specific TF binding,
we used the “findMotifsGenome” function in the program
HOMER to identify TF binding motifs enriched within a £200 bp
range centered around the variant site of interest (Heinz et al.
2010). We split our MD genetic effect sites into two sets: those
with a more pronounced genetic effect in the methylated condi-
tion (n=226) and those with a more pronounced genetic effect
in the unmethylated condition (n=195). We used sites with ASE
whose effects were not modified by methylation status as the back-
ground comparison set (methylated condition: n=776, unmeth-
ylated condition: n =780). Additionally, we assessed whether the
abundance of TF binding motifs translated to differences in TF
binding by incorporating ChIP-seq peaks curated by ChIP-Atlas
3.0 (Zou et al. 2024). Using this program, we again asked whether
there was enrichment for TF binding among sites with a more
pronounced genetic effect in the methylated condition or
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unmethylated condition compared with a background set of SNPs
that were matched for MAF, LD, and gene density (see Sup-
plemental Methods). We also required that SNPs included in our
background were ones that could have potentially been included
in our assay by filtering for SNPs within the 400 bp windows
that possessed at least one DNA read in at least half of the replicates
in both conditions of our assay, so as not to bias our results toward
TFs that bind to GC-rich regions. We set our threshold of signifi-
cance to include peaks with a Q-value of less than 1 x 107°° (gener-
ated using MACS2 peak-caller), filtered results for K-562 cells, and
report enriched TFs at a 1% FDR.

We further explored the functional significance of MD genet-
ic effect sites by testing for their enrichment near genes and pheno-
typically relevant GWAS and EWAS sites. We used GREAT (McLean
et al. 2010) to test for the enrichment of specific genes as well as
their ontology pathways, using the basal plus extension setting
and curated regulatory domains. We conducted a Fisher’s exact
test forenrichment of GWAS hits within +400 bp of our MD genetic
effect sites. Using the Pan-UK Biobank and a GWAS association P-
value cutoff of 5 x 1078, we tested for sites significantly associated
with 20 different blood-specific phenotypes relevant to our exper-
imental cell type (Karczewski et al. 2024). A list of tested traits can
be found in Supplemental Table S12. Furthermore, we intersected
our MD genetic effect sites with GWAS and EWAS hits linked to
diverse phenotypes, using the GWAS catalog v1.0.2 associations
(Sollis et al. 2023) and EWAS Atlas associations accessed through
the EWAS open platform data hub (Li et al. 2019), downloaded
in March 2024. We determined the number of MD genetic effect
sites located within +400 bp of GWAS hits and EWAS probes and
compared these results to the number of associations that would
be found using 1000 comparison data sets of SNPs that have
been matched for MAF, LD, and gene density (see Supplemental
Methods). To determine whether MD genetic effect sites are en-
riched in GWAS or EWAS hits or are associated with a greater num-
ber of traits (as each GWAS and EWAS hits can be associated with
multiple traits), we performed a permutation test and report the
P-value as the proportion of matched sets having a greater number
of associations compared to our test set (MD genetic effect sites).

Assessing the benefits of multiplexing

To determine how the multiplexing of genetically diverse input
fragments impacts our capacity to identify MD genetic effects, we
performed two analyses. First, we determined the number of
SNPs that would be identified in regulatory fragments when down-
sampling our data set to combinations of one, two, four, eight, or
12 individuals. When downsampling to a single individual, we ex-
tracted the number of heterozygous sites located within a regulato-
ry window for each of the 25 individuals. When downsampling to
two, four, eight, or 12 individuals, we created 100 unique combina-
tions of individuals (or the maximum unique combinations possi-
ble) for each multiplexing regime and counted the number of
variable sites that would have had both the reference and alternate
allele present in the assay. To better understand how geographic or-
igin may impact the amount of genetic diversity assayed, we ran
this analysis three times, using genotype information from all
European sampled individuals, all African sampled individuals,
or both.

Second, we compared the maximum number of MD genetic
effect sites identified in the current study that would have been in-
cluded in the assay within different multiplexing regimes. To do
so, we summed the number of unique MD genetic effect sites
that would have had both alleles represented in the assay when
downsampling to one, two, four, eight, or 12 individuals, creating
a distribution of the number of MD genetic effect sites present by

sampling 100 unique combinations of individuals to include in
each multiplex regime. We performed this analysis three times,
subsetting to individuals of European origin, African origin, or
all individuals.

Data access

The DNA and RNA sequencing reads generated in this study
have been submitted to the NCBI BioProject database (https://
www.ncbi.nlm.nih.gov/bioproject/) under accession number
PRJNA1137064. Count matrices, modeling results, and other
data sets used in the text are available at Zenodo (https://zenodo
.org/records/15116803) and as Supplemental Data. Code is avail-
able at GitHub (https://github.com/rachpetersen/multiplexed_
mSTARRseq) and as Supplemental Code.
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