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Summary

Transcription Factors (TFs) regulate gene expression by facilitating or disrupting the
formation of transcription initiation machinery at particular genomic loci. Since TF
occupancy is driven in part by recognition of DNA sequence, genetic variation can
influence TF-DNA associations and gene regulation. To identify variants that impact TF
binding in human brain tissues, we assessed allele specific binding (ASB) at
heterozygous variants for 94 TFs in 9 brain regions from two donors. Leveraging graph
genomes constructed from phased genomic sequence data, we compared ChIP-seq
signals between alleles at heterozygous variants within each brain region and identified
thousands of variants exhibiting ASB for at least one TF. ASB reproducibility was
measured by comparisons between independent experiments both within and between
donors. We found that rare alleles in the general population more frequently led to
reduced TF binding, whereas common alleles had an equal likelihood of increasing or
decreasing binding. Further, for ASB variants in predicted binding motifs, the favored
allele tended to be the one with the stronger expected motif match, but this
concordance was not observed within highly occupied sites. We also found that neuron-
specific cis-regulatory elements (cCRES), in contrast with oligodendrocyte-specific
cCREs, showed depletion of ASB variants. We identified 2,670 ASB variants associated
with evidence for allele-specific gene expression in the brain from GTEx data and
observed increasing eQTL effect direction concordance as ASB significance increases.
These results provide a valuable and unique resource for mechanistic analysis of cis-

regulatory variation in human brain tissue.

Introduction

Gene expression changes occur in essentially every biological process, including the
development of diseases such as neurodegenerative (Bonham et al. 2019; Zhao 2023)
and psychiatric conditions (Clifton et al. 2019; Mimmack et al. 2002; Huang et al. 2020).
Transcription factors (TFs) and their association with DNA are crucial determinants of
gene expression, so identifying elements that influence the association between TFs
and DNA is key to understanding variation in gene expression. A wide variety of tools
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have been developed to identify and catalog DNA sequence motifs to which TFs
preferentially bind (Bailey et al. 2015; Ghandi et al. 2016; Castro-Mondragon et al.
2022). While informative, these approaches are limited by the fact that a motif's
presence is neither necessary nor sufficient for TF association (Dror et al. 2015), so the

impact of DNA sequence changes on motifs is of limited predictive value.

An alternative approach is to assay TF binding behavior at sites of heterozygous
variation within an individual tissue donor so as to identify “allele-specific binding” (ASB)
as binding sites with a statistically significant excess of reads from one of the two
underlying alleles. One issue that confounds detection of ASB is that read alignment
methods tend to favor the reference allele, which can increase noise in studies of ASB
(Degner et al. 2009; Stevenson et al. 2013; Rozowsky et al. 2011; Smith et al. 2013;
Hach et al. 2014). The use of graph structures to represent personalized genomes or
pangenomes (Smith et al. 2013; Paten et al. 2017) can reduce reference allele bias
(Garrison et al. 2018; Martiniano et al. 2020; Chen et al. 2021).

A recent study probed allele-specific binding (ASB) across hundreds of cell types with
corrections for reference allele bias (Abramov et al. 2021). The majority of these
datasets were derived from cancer cell lines, limiting their applicability to non-diseased
human tissue, or in contexts relevant for specific disease states. Another recent study
highlighted the viability of a similar approach in human tissue samples by identifying
allele-specific loci in 15 assays in 4 human donors across 30 tissues, including ChlP-
seq assays of histone marks and several TFs, including CTCF (Rozowsky et al. 2011).
This study found relationships between allele-specificity of ChlIP-seq and gene
expression, including GTEx eQTLs that exhibited ASB and those that did not. This
highlights the value of identifying ASB among TFs for understanding genetic variation of

gene regulation.

Here, we greatly expand upon previous work by performing ASB analysis for 920
(Loupe et al. 2023) TF ChlIP-seq datasets, spanning 94 distinct TFs in tissue samples
from 9 anatomically defined brain regions sampled from two donors. For simplicity, in
this study we use “TFs” to refer to a broad range of DNA-associated proteins, including

transcriptional cofactors and chromatin remodelers, that span a variety of molecular
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mechanisms and modes of action (Lambert et al. 2018; Loupe et al. 2024). We
corrected reference allele bias using an approach combining personalized genomes
with WASP, a method that removes reads exhibiting allelic alignment bias (van de Geijn
et al. 2015) and found that this approach improves the calling of ASB. We explored the
effects of rare genetic variation on the degree of allele-specificity, and investigated the
relationship between ASB and the alteration of TF binding motifs. We measured the
enrichment of ASB for several neurological diseases. We determined the effects of ASB
on gene expression using RNA-seq from our donors, as well as GTEx eQTLs from the
brain, allowing a mechanistic exploration of allele-specific gene regulation. Finally, we

highlight an interesting example of ASB identified in our datasets.

Results

Graph Genomes improve read mapping and reduce reference allele bias

To study the impact of genetic variation on TF binding, we first performed linked-read
sequencing (10x Genomics) to generate phased genomes and call variants for two
donors (Figure 1A, Supplemental Table S1; see Methods). We built personalized
graph genomes, using the vg toolkit (Garrison et al. 2018), to correct for allele-biased
mapping, as it has been shown that it can be used for detection of missing signal in
histones (Groza et al. 2020) and the detection of allele-biased TF footprints (Ouyang
and Boyle 2022). To measure the effectiveness of this approach on our datasets, we
mapped a pilot set of 20 ChIP-seq datasets, 10 in each of the two donors, using both
conventional mapping to the hg38 linear reference via Bowtie 2 and personalized graph-
genome mapping via vg. For this analysis, we identified 21,207 heterozygous sites with
significant TF-allele bias at a nominal p<0.05 threshold using hg38 (binomial test),
76.9% of which favor the reference allele. This compares to 17,823 cases of significant
TF-allele bias using a graph genome, with 52.8% favoring the reference allele
(Supplemental Fig S1A). We observed an average increase in total read mapping of
1.24% when using personalized graph genomes compared to the hg38 linear reference
via Bowtie 2. (Supplemental Table S2, Supplemental Fig S1B). We found that ASB
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events identified as significant using both alignment methods largely agreed on the

direction of the effect (Supplemental Fig S1C).

We then further corrected for allelic alignment bias using WASP (van de Geijn et al.
2015), which removes reads that fail to map to the same position after the heterozygous
allele is flipped. This filter removed an average of 30,000 reads per ChlP-seq dataset,
primarily from genomic regions lacking prior evidence of regulatory function from
ENCODE (Supplemental Fig S1D-E). After these corrections, the average reference
allele frequency at all heterozygous sites was 0.5 and 50.02% of nominally significant
(p<0.05) allele-specific variants favored the reference allele (Figure 1B). At a more
stringent threshold (p<0.001), 57.5% of variants preferred the reference allele. However,
this is likely reflective of true ASB, where rare alternate alleles are more likely to exhibit
decreased binding relative to the more prevalent allele (see below).

ASB significance and reproducibility analyses

We measured the significance of ASB using a beta-binomial test, applying it to ChiP-
seq data from 94 TFs in up to nine anatomically defined regions of the brain across two
donors, across a total of 920 ChlP-seq datasets (Supplemental Fig S2A, Loupe et al.
2023). Among the more than two million heterozygous variants identified in each donor,
17% (Donorl: 505,637; Donor2: 432,723) have coverage of at least 7 reads (the
minimum needed to potentially achieve p < 0.05) for at least one TF in at least one
tissue sample. Among those, 13% (Donorl1:57,853; Donor2:58,334) exhibited nominally
significant ASB for at least one TF (p<0.05; Figure 1C). Among the variants that were
heterozygous in both donors (207,086 variants), 30% of variants with at least 7 reads
(7,494 | 25,215) exhibited ASB in both. We identified comparable numbers of ASB
variants per TF in each donor with relatively low levels of dispersion across experiments
(Supplemental Fig S2A-B). The majority of ASB variants (70.5%) only impacted the
binding of one TF (Supplemental Fig S2C).

We next assessed the reproducibility of results between different brain regions within
the same donor and from the same region between the two donors. True ASB should

enrich for the same allele when measured in two independent experiments. Further, the
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rate of discordance in allelic effect directions between experiments allows one to
measure the false discovery rate, which is equal to twice the rate of discrepancies
(since half of all false ASB discoveries will randomly show effect direction concordance).
This empirical measure of reproducibility provides a robust measure of the effects of
noise and does not require any assumptions about the underlying prevalence or effect
size distribution of genuine ASB. We note that to the extent some observed ASB effect
direction discrepancies may reflect genuine biological differences between experiments
(e.g., two different donors), this would lead to these reproducibility estimates being
conservative. First, for each p-value cutoff, we determined the proportion of significant
TF-variant pairs that exhibited a preference for the same allele across different brain
regions within each donor. We found that at a nominal p-value cutoff of 0.05,
concordance is 79.8%, and at a p-value cutoff of 0.001 concordance increases to 94.2%
(Figure 1D, Supplemental Table S3); these correspond to empirical FDRs of 40% and
12%, respectively. We also measured between-donor reproducibility for shared
heterozygous variants that were significant in at least one donor and had at least 7
reads in both donors. For each p-value threshold, we determined what proportion of
variants favored the same allele in ChiP-seq experiments from the same brain region in
each of the two donors. Reproducibility between donors was lower than that within-
donor but still substantial, being 70.6% reproducible at p<0.05 and 92.3% at p<0.001
(Figure 1E, Supplemental Table S3). These values correspond to an empirical FDR of
59% and 15%, respectively. We also generated Benjamini-Hochberg (BH) adjusted
values based on the total numbers of heterozygous variants with at least 7 reads in
each experiment (Supplemental Table S4); the BH FDR estimates are higher and
likely relatively conservative. 2,837 variants meet a BH corrected p-value of 0.05. We
confined further analyses of ASB to those variants with a nominal p-value < 0.001
(cross-donor FDR estimate of 15%, BH FDR 51%) unless noted otherwise.

Rare variation has a larger impact on the allele specificity of TF binding

We explored the genomic properties of the 6,976 variants that impact TF binding at

nominal p<0.001 by utilizing candidate cis-Regulatory Elements (cCREs) from the
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ENCODE Consortium (The ENCODE Project Consortium et al. 2020), which annotates
elements such as promoters and enhancers. Each heterozygous variant, TF ChlP-seq
peak, and ASB variant was categorized into cCRE annotations (Figure 2A,
Supplemental Fig S3A). As expected, we found that the majority of ChlP-seq peaks lie
within cCRE regions, while the majority of heterozygous variation occurs outside of
CcCRE regions. Most cases (86.3%) of ASB fall within or near cCREs. Moreover, 78.8%
of ASB variants were found within a peak called for that TF, and 87.5% within a peak for
any TF. Relative to global peak location distributions, ASB exhibited a 1.9-fold
enrichment for promoter-like signatures (PLS) (p-value<2.2 x 10*°, Chi-squared test).
Additionally, a substantial number of ASB variants were identified in distal enhancer-like
signatures (dELS) and proximal enhancer-like signatures (pELS). However, we note
that these enrichments reflect, at least in part, our ability to detect ASB given the
increased average read depth of ChIP-seq at promoters relative to enhancers (p-
value<2.2x10*°, t-test Supplemental Fig S3B).

ASB variants are found in known regulatory regions, indicating potential functional
implications for cellular and developmental phenotypes. Therefore, we investigated the
prevalence of these variants in the population. We hypothesized that any derived allele
that deleteriously altered the expression of a gene would undergo natural selection
during human evolution. Using gnomAD v3 (Chen et al. 2022) to identify current allele
frequencies in the human population and Ensembl (Cunningham et al. 2022) to identify
ancestral alleles, we categorized ASB variants by ancestral allele frequency (AAF) and
determined the proportion within each bin. We then measured the degree of specificity
for the allele by calculating the log, Fold Change (FC) in read counts for the ancestral
and derived alleles. Variants with an AAF > 0.999 (DAF < 0.001)exhibited a pronounced
preference for the ancestral allele, with <20% of variants favoring the derived allele.
Notably, we observed an increase in the specificity for the derived allele when the
ancestral allele was rare in the population (AAF<0.01). (Figure 2B). Conversely, among
common variants with a AAF between 0.1 and 0.9, there is minimal bias towards either
allele (ancestral: 54% vs derived: 46%). Similarly, the major allele (gnomAD global
frequency) was more strongly preferred, especially among very rare minor alleles (MAF

< 1x10®, Supplemental Fig S3C). Since false heterozygous calls will exhibit artifactual
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ASB, we also performed this analysis excluding all mono-allelic ASB variants (i.e.,
100% of ChIP-seq reads include only one allele) but found that the same trends in
ancestral allele preference were observed (Supplemental Fig S3D). We also looked at
the distribution of p-values in the same AAF bins (Figure 2C). Our analysis revealed
that rare variation in the population (AAF<0.01) tended to be more significant. However,
the distribution of p-values did not differ greatly between 0.01<AAF<1. This suggests
that common alleles are equally as likely to increase or decrease TF binding, whereas
rare alleles are more inclined to disrupt TF-DNA association while consequently having

a more pronounced impact on binding.

Observing these trends in allele frequency, we then investigated whether there was
enrichment or depletion of ASB variants at sites that are conserved across mammalian
species. To assess this, we used the Genomic Evolutionary Rate Profiling (GERP)
(Davydov et al. 2010) metric and identified variants at genomic sites with GERP scores
> 4, a commonly-used cutoff for selective constraint (Schubert et al. 2014; Marsden et
al. 2016). For each TF, we identified all variants with at least 11 reads mapped (the
minimum number of reads needed to potentially achieve a beta-binomial significance of
0.001), and determined the proportion of variants with GERP scores greater than and
less than 4 for both significant and non-significant ASB variants. (Supplemental Fig
S3E). Our analysis revealed that ASB variants for most TFs are not significantly
enriched or depleted for conserved positions (Chi-squared test). However, 11 TFs,
including NR2F1 and CTCF, demonstrated significant enrichment for ASB variants at
conserved sites (Figure 2D). This shows that certain TFs have a higher association
between mammalian conservation and ASB. While this may reflect the effects of
purifying selection, other confounders associated with sequence conservation, such as
mutability and GC-content, may also be relevant.

Relationships between motifs and ASB

To assess potential mechanisms driving ASB, we utilized motiforeakR and JASPAR
2022 human motifs to identify motifs affected by ASB variants (Supplemental Table
S5, Coetzee et al. 2015; Castro-Mondragon et al. 2022). For TFs with a motif (43/94),
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we determined the proportion of the ASB variants that resulted in a change for the
corresponding motif. This proportion varied across TFs, ranging from 26-79% (Figure
2E). This variability in part reflects the motif length and specificity of each TF. For
example, NFIC, which has a 17 bp consensus motif containing many informative bases,
had motif alterations at 77% of the ASB variants for that factor. In contrast, ZEB1, which
has a 6 bp motif, had a motif altered in only 26% of the ASB variants. We then
estimated a given motif's strength by taking the maximum possible motifbreakR score
for the position frequency matrix (PFM). Motif strength was significantly correlated with
the proportion of ASB variants for that TF that altered a motif (Pearson’s correlation,
R=0.48, p=0.0017).

Additionally, we examined the agreement in effect direction for motif alteration and
binding preference. Across ASB sites for all TFs with motifs, the allele with the stronger
motifbreakR score displayed preferred binding compared to the other allele (Chi-
squared test, OR=4.40, p<2.2x107°). Further, 41/43 TF (95%) with a motif showed
nominal concordance of ASB and motif direction effects across its ASB sites. However,
only 5 TFs individually showed a significant enrichment for effect direction concordance,
including CTCF (log,FE=6.47, p<2.2x10™°), NFIC (log,FE=5.38, p<2.2x10'°), NFIB
(log2FE=5.03, p=0.0005), NR2F1 (log,FE=2.35, p=0.0004), and SP1 (log.FE=1.16,
p=0.002). The other TFs likely had too few ASB variants to observe a significant
concordance (Supplemental Fig S3F).

At least some discordance between motif effect and ASB may result from ASB sites in
high occupancy target (HOT) sites (Loupe et al. 2023; Wreczycka et al. 2019). HOT
sites have a higher abundance of TFs binding,are enriched for non-specific TF binding,
and are less dependent on the effects of any one motif. ASB variants within HOT sites
are less likely than ASB variants outside HOT sites to specifically alter a motif (Chi-
squared test, OR=0.76, p-value <2.2x10°). Furthermore, for the variants that do
significantly alter a motif in a HOT site, they are less likely to have effect direction
concordance than ASB variants outside of HOT sites (Chi-squared, OR=3.77, p-
value<2.2x10°), supporting the hypothesis that motif changes at HOT sites are not
driving changes in binding (Figure 2F).
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Variation of ASB across differing brain regions

We assessed the overall correlation in ASB effects between differing brain regions. For
each pairwise comparison, we determined the correlation of both the nominal
significance (-logio(p-value)) and the effect size (percentage of reads mapping to the
reference allele) for significant ASB variants (Figure 3A). All correlations between brain
regions were significant for both metrics, ranging from 0.53-0.74 for significance and
0.49-0.72 for effect size (Spearman’s correlation coefficient). The cerebellum showed
significant but comparatively lower correlation with the other eight tissues. This is
consistent with the fact that the cerebellum has markedly different cellular makeup than
other brain regions due to the high proportion of granule cells (Andersen et al. 1992;
Loupe et al. 2023).

We further explored the difference between brain regions and TFs by performing a
principal component analysis (PCA) on the -logio(p-values) for all variants that were
nominally significant for at least one TF in at least one brain region. The first principal
component (PC) is highly correlated with the number of peaks called for any given TF
and did not provide much insight into the genome-wide differences in ASB between
brain regions (Pearson’s correlation r = 0.82, p-value<2.2x10*°; Supplemental Fig
S4A). However, PC2 clearly separates cerebellum from the other brain regions and
accounts for 8.87% of the variation in ASB across brain regions and TFs (Figure 3B).
Over 20% of ASB variants identified in CB were specific to the CB, while on average
only 3% were specific to other individual brain regions (Supplemental Fig S4B).
Additionally, we can see that PC3 separates CTCF and RAD21 from all other TFs in this
study. While RAD21 does not have its own motif, it frequently co-localizes with CTCF
(Hansen et al. 2017). As regulators of chromatin looping and domain boundaries, these
TFs have a unique binding profile relative to other TFs and are influenced by a distinct

set of variants (Loupe et al. 2023).

10


http://genome.cshlp.org/
http://www.cshlpress.com

289

290
291
292
293
294
295
296
297
298
299
300
301

302
303
304
305
306
307
308
309
310
311
312
313
314
315
316
317
318
319

Downloaded from genome.cship.org on July 16, 2026 . Published by Cold Spring Harbor Laboratory Press

TF and cell-type distribution of ASB

When we investigated which TFs were more likely to have occurrences of ASB, we
found that the number of ASB variants for a TF was strongly correlated with the number
of peaks called for that TF (Pearson’s correlation, r = 0.83, p<2.2x10*°, Supplemental
Fig S4C). Across all TFs, the proportion of peaks with an ASB variant was on average
0.26%. However, there were certain TFs that had a notably lower incidence of ASB
events, among which were key TFs involved in brain development, such as BCL11A (t-
test, 0.12%, p-value=0.0024), TBR1 (0.14%, p-value=0.013), ARID1B (0.09%, p-
value=0.0006), and MITF (0.13%, p-value=0.022, Figure 3C). To adjust for the fact that
TFs may have variable rates of overlap with heterozygous variation (e.g., due to distal
vs proximal CRE binding), we also estimated the rate of ASB as the proportion of peaks
that overlap a heterozygous variant and observed the same trend for these TFs (Supp
Fig 4D).

To further assess the neuronal impact of ASB, we investigated the prevalence of ASB
among differing cell types. We assessed the enrichment for ASB variants within
previously published cell type-specific and shared cell type sSnATAC-seq peaks
generated from DLPFC, encompassing data from 15 donors, including the two donors
analyzed in this study (Anderson et al. 2023). For this analysis, we specifically focused
on variants that showed ASB nominal p<0.001 significance in DLPFC ChiP-seq
experiments. We also only considered snATAC-seq cell type-specific peaks identified in
neurons and oligodendrocytes to increase the likelihood that they would be detected in
bulk tissue, given that these two cell types account for the majority of cells in DLPFC
(Anderson et al. 2023). Firstly, we observed an overall depletion of heterozygous
variants in ChlP-seq peaks overlapping a neuron-specific ShATAC-seq peak compared
to other cell types (Chi-squared, log,FE=-0.526, p<2.2x10™®). Furthermore, neuron-
specific peaks were significantly depleted for variants that caused ASB (log.FE=-2.36,
p-value < 1.3x10™ This cell type-specific depletion was not observed in
oligodendrocytes for either heterozygous variants (log.FE=0.12, p-value=0.09) or for
ASB variants (log,FE=0.18, p-value=0.53, Figure 3D). Oligodendrocytes are at roughly
similar, if not somewhat lower, abundances in DLPFC compared to neurons (Anderson

et al. 2023). Furthermore, there is not a significant difference in read depth at neuron-

11
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specific and oligodendrocyte-specific ASB variants (t-test, p=0.052, Supplemental Fig
4E), suggesting that lower read-depth at cell type-specific binding sites does not explain
the depletion of ASB in neuron-specific peaks. Conversely, ShATAC-seq peaks that
were identified across multiple cell types were enriched for ASB variants (logoFE=1.39,
p-value <9.0x10%%. This effect could not have been predicted by sequence
conservation alone as we see no significant difference in GERP scores between
nominally p<0.001 significant and non-significant ASB variants in neuron-specific peaks
(t-test, p-value = 0.32) or between cell types (p-value=0.61).

ASB in genome-wide association studies

We performed stratified linkage disequilibrium score regression (SLDSC, Finucane et al.
2015) to identify enrichments for variants detected in genome-wide association studies
(GWAS) of neurodegenerative ((Bellenguez et al. 2022; Nalls et al. 2019; van Rheenen
et al. 2021) and psychiatric disease (Trubetskoy et al. 2022; Grove et al. 2019; Wray et
al. 2018; Demontis et al. 2019; Mullins et al. 2021). We looked at the enrichment across
all ChiP-seq peaks, heterozygous variants with binding (>11 ChIP-seq reads), ASB
variants at p<0.05, and ASB variants at p<0.001. Notably, heterozygous variants with
binding and ASB variants at p<0.05 both exhibited significant enrichments for
schizophrenia, bipolar disorder, and neuroticism, consistent with ChiP-seq on brain
tissue enriching for regulatory elements relevant to these traits (Loupe et al. 2024).
However, ASB variants showed a higher degree of enrichment for all 3 diseases
(Figure 3E, Supplemental Table S6-7). At p<0.001, ASB variants were only
significantly enriched for schizophrenia. This is likely due to the reduced power at this
threshold, given that only 6,976 variants reach this level of significance for ASB,
resulting in a limited number of variants overlapping with GWAS hits for each disease.
Notably, enrichments for non brain-related GWASs were neither significant nor reached

a nominally high degree of enrichment for any group of variants.
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Evidence supporting ASB from other studies

We next investigated if ASB variants had evidence for impacting TF binding in other
cellular contexts. We overlapped previously identified ASB variants from ADASTRA
(Abramov et al. 2021), which is predominantly composed of ChiP-seq from cell lines.
For TFs profiled in both studies, the average overlap in ASB variants for any given TF
was 32%. However, the majority of overlap events involved different TFs, with CTCF
(59%) and E2F1 (22%) being the only TFs that exhibited moderately specific overlap
between the studies (Figure 4A). For all other TFs, the majority of ASB variants which
had previously been associated with ASB in other cell types impacted a different TF in
the brain. Additionally, we overlapped our ASB variants with allele specific open
chromatin (ASoC) variants from induced pluripotent stem cell (iPSC)-derived neurons
(Zhang et al. 2020) and found that 16% of the ASoC variants from that study that were
also heterozygous in our donors also exhibited ASB. As has been previously reported,
the overlap in epigenetic signatures between iPSC-derived neurons and post-mortem
brain tissue is limited due to iPSC reprogramming, making it difficult to estimate if this
overlap is significant (Roessler et al. 2014; Penney et al. 2020). However, of those that
overlapped, there was a highly significant enrichment for effect direction concordance
(i.e., increased binding with increased accessibility; OR=18.0, p-value<2.2x10°),

suggesting replication across these distinct studies.

We next compared the sites of ASB we identified here with results in SURE-seq data
from K562 and HepG2 cells (van Arensbergen et al. 2017). Out of the 5.9 million
variants observed in van Arensbergen et al., 48% were found to be heterozygous in at
least one of our donors. While this analysis is limited by the overlap in regulatory
regions between the brain and K562/HepG2, which predominantly share TF binding
sites at promoters (Loupe et al. 2023), 29% of ASB variants that were heterozygous in
both studies also displayed a change in regulatory activity in either K562 or HepG2
cells. Furthermore, there was a high degree of concordance in the direction of the effect
(i.e., increased binding with increased activity; K562: OR=6.29, p-value<2.2x10®
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HepG2: OR=3.35, p<2.2x10*°, Chi-squared test; Figure 4B), underscoring that

changes in TF binding correspondingly impact regulatory activity in reporter assays.

Given that TFs regulate the expression of RNA, we explored the association between
ASB and allele-specific expression using the GTEx (GTEx Consortium 2020) database
of expression quantitative trait loci (eQTLs) (Nica and Dermitzakis 2013). We found that
28.2% of all significant GTEx eQTL variants found in the brain were heterozygous in at
least one of our donors (Donorl: 139,182; Donor2: 335,379). Of these variants, 35,635
variants had sufficient read coverage to determine ASB for at least one TF in this study
with 2,670 variants displaying significant ASB at p<0.001. For ASB variants, we
assessed the agreement between the direction of gene expression change and the
direction of the ASB at increasing ASB p-value thresholds. At all thresholds, we
observed significant enrichment for concordance in effect direction (i.e., increased TF
binding with increased gene expression, Figure 4C). We also observed correlation
between eQTL slope and ASB log,FC (Supp Fig 5A), supporting the hypothesis that
larger changes in binding lead to larger changes in expression. As we increased the
ASB p-value threshold, we observed a higher enrichment for concordance of effect
directions but an over 10-fold decrease in the number of eQTLs overlapping an ASB
variant (Supplemental Fig S5B).

We next sought to identify individual TFs showing a stronger association with eQTLs.
Notably, BHLHE41, CREB1, and ARID1B were among the TFs with the highest
proportion of ASB variants overlapping an eQTL (Figure 4D). For the majority of TFs,
the proportion of ASB variants that agreed with the effect direction of the eQTLs
exceeded 0.5. However, BHLHE41 was a clear outlier, with an effect direction
agreement rate of only 32% (Figure 4D). This is consistent with its known role as a

transcriptional repressor (Pellegrino et al. 2014).

Comparison of ASB to RNA-seq

We next explored allele expression specificity by determining the number of reads
preferring each allele for each tissue in RNA-seq generated for each of the two donors.
Using a model of known protein-coding genes in the hg38 build (GENCODE v42), we
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determined which of these variants overlapped with annotated exons. 4.3% (Donorl:
109,762; Donor2: 108,445) of phased heterozygous variants occurred in known gene
models, affecting 59% of genes. We detected allele-specific expression in 1.9% of gene
bodies, consistent with estimates of the fraction of genes with allele-specific expression
in earlier studies (Gimelbrant et al. 2007; Kravitz et al. 2023). Furthermore, when we
overlaid this with ASB we found that 68% (Donorl: 197/260, Donor2: 146/242) of genes
with allele-specific expression occurred within 500kb of an ASB variant and the median
distance from the TSS to the closest ASB variant was 110kb (Figure 4E).

We highlight a case of ASB in donorl, which coincides with a GTEx eQTL identified in
the brain and demonstrates allele-specific expression in our data (Figure 5A). The
variant, Chr14:100525030:G/C, is located in the intron of WDR25 and exhibits ASB for
cohesin proteins (CTCF, RAD21, SMC3). This variant is the only case of ASB in the
locus across all TFs and overlaps an eQTL for BEGAIN (Figure 5A). More than half of
the significant eQTL variants identified for BEGAIN in GTEX are heterozygous in
donorl. All alleles that exhibited an increase in expression in GTEx were on the same
haplotype in donorl. In these data, we observe significant (p<0.05) allele specific
expression of BEGAIN across brain regions, while WDR25 expression remains
unaltered (Figure 5B, Supplemental Table S8). CTCF, RAD21, and SMC3 all exhibit a
strong preference for the alternate allele across all brain regions with over 90% of the
reads aligning to it (Figure 5C, Supplemental Table S4). When we look at the variant’s
effect on sequence recognition, we find that the alternate allele alters the CTCF-
MAO0139.1 motif and has a modest but significant increase in the motiforeakR motif
score (Allele Effect Size = 0.025, p-value = 4.5x10®, Figure 5D). Consequently, this
variant likely impacts the expression of BEGAIN through changes in 3D chromatin

structure resulting from altered cohesin binding.

Discussion

Here, we present an analysis of ASB across 94 TFs, identifying thousands of variants
that show ASB. We identified a threshold for reproducibility that provides confidence to
our calls both within a single donor and between donors, controlling for a wide variety of
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biological and technical variables. By linking to allele-specific expression of nearby
genes, we also relate variation that impacts TF binding directly to effects on gene

regulation.

We found that rare variation ( AAF > 99.9%/DAF < 0.1%) leads to stronger ASB (Figure
3B), suggesting that there exists purifying selection against such variation in general.
For common variants that do impact binding, neither the ancestral nor the derived
alleles tend to be favored (Figure 3C). In contrast, among rare variants (AAF >
99.9%/DAF < 0.1%%), there is a strong bias in favor of the ancestral allele. This
suggests that new mutations that lead to ASB more often disrupt, rather than increase,
TF binding. The observation that ASB can sometimes prefer the derived allele is
consistent with models of de novo motif formation and gene birth (Behrens and Vingron
2010; Schlotterer 2015; Carvunis et al. 2012; lyengar and Bornberg-Bauer 2023; Ruiz-
Orera et al. 2015; Papadopoulos et al. 2021).

We also found that many sites of ASB comprise multi-TF effects. Almost one-third
(29.5%) of ASB variants influenced the binding of more than one TF (Supplemental Fig
S2C). Many of these are cohesin binding sites, as we found that approximately 9.8% of
ASB variants impacted 2 or more cohesin complex members. Consequently, we note
that cohesin complex members had overall different profiles of ASB compared to other
TFs, especially those that predominantly bind at highly occupied “HOT” sites (Figure
2B). ASB variants affecting cohesin complex members also had a higher degree of
overlap with eQTLs (Figure 4B) and were significantly enriched for mammalian
sequence conservation (Figure 3E). This suggests that genetic variants which alter
three-dimensional genome interactions are a major contributor to brain gene expression
variation in the population, consistent with conclusions from previous studies of non-
brain tissues (Richer et al. 2023).

While ASB is highly consistent across anatomically different brain regions, we did
observe comparatively lower correlations to the cerebellum due to its different cellular
makeup compared to other brain regions (Figure 3A). We also found that neuron-
specific, unlike oligodendrocyte-specific, CCREs are depleted for ASB while cCREs that
are shared across brain cell types are enriched for ASB events. These results suggest
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that variation that leads to differences in binding, and consequently changes in neuronal
gene expression, are selected against. However, this effect was not predicted by
conservation alone as there were no significant differences in levels of mammalian
sequence conservation for ASB variants found in cell type-specific cCREs and those

found across cell types.

The enrichment for brain-related disease heritability in this dataset highlights the value
of studying ASB in a biologically relevant context. The increased enrichment of loci
associated with psychiatric disorders in ASB variants relative to all heterozygous
variants suggests that these regions contribute to neurological disease risk and are
candidates for future study. The disparity in enrichment observed between
schizophrenia and other psychiatric disorders in highly nominally significant ASB
variants (p<0.001) likely reflects the relatively lower number of variants detected at this
level of ASB and supports the benefit of expanding this type of study to include more

individuals so as to identify additional sites of ASB in brain tissue.

As has been previously observed (Abramov et al. 2021), we find that there is a general
preference for a given TF to favor the allele with a stronger match to its motif
(Supplemental Fig S3C). Beyond demonstrating the general nature of this
phenomenon, we identify those TFs that are most impacted by variation in their motif
and those TFs that are more tolerant to novel motif creation. Motif alterations can then
be combined with known eQTLs to facilitate fine-mapping and mechanistic hypothesis
generation. For example, we highlight a case of a variant in an eQTL that displays ASB
in our dataset and specifically disrupts a motif for that TF (Figure 5A-D). While many
variants exhibited allele-specific expression for the associated gene, only one variant
also showed ASB. Furthermore, more than half of the eQTL variants associated with
BEGAIN are heterozygous in donorl, suggesting that while eQTLs are frequently
confounded by variants in LD, ASB measurements can assist with the identification of
causal variants within a locus. We identified 2,670 GTEx eQTLs that also exhibited ASB

for at least one TF, providing a rich resource for future eQTL fine-mapping efforts.

This study has several limitations. First, our ability to detect ASB is largely dependent

on read depth. This affects our ability to identify cases of tissue- and cell type-specific
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ASB, as these enhancers specific to these contexts likely have lower read depth
compared to those found in multiple cell types. Secondly, although the ChlP-seq data
was produced and processed using ENCODE standards with as much uniformity as
possible (e.g., large chromatin batches as inputs to the ChIPs, Loupe et al. 2024),
technical factors can influence comparisons between TFs, as is the case for all ChIP-
seq analyses. Lastly, BH p-value corrections yielded larger false discovery rate (FDR)
estimates (these are provided alongside the nominal p-values in Supp Table 4). We
believe these values are overly conservative given the observed empirical
reproducibility estimates which are derived from comparing ASB across numerous pairs
of independent experiments (Figure 1D-E), but these more stringent values may be

useful in applications where higher specificity is valuable.

Overall, our study provides a resource of ASB variants that are experimentally shown to
impact TF binding in brain tissue. These results further our understanding of how
alteration in DNA sequence translates to changes in biological function, particularly in
relation to analyses of gene regulation in the human brain and its effect on neurological
disease.

Methods

Whole Genome Sequencing and variant calling

We extracted high molecular weight DNA from approximately 20 mg cortex tissue from
each donor using the MagAttract HMW DNA kit (Qiagen 67563). We prepared linked
read libraries using the Chromium Genome Reagent Kit v2 following the protocol
provided by 10x Genomics. We processed sequence reads using the longranger
software suite from 10x Genomics. We identified variants by aligning to a 10x
Genomics-provided, longranger-enabled hg38 reference (version 2.1.0) using
longranger wgs v2.2.2 (Marks et al. 2019). We called variants using GATK 3.8-1-0-
gfl5clc3ef via the —vcmode GATK option in the longranger wgs workflow (Loupe et al.
2023). Using BCFtools query , heterozygous variants were filtered to those with an
allele balance between 0.25 and 0.75 and with at least 2 reads for the ALT.
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Genome Construction

We constructed graph genomes using the vg toolkit version 1.20, available at

https://github.com/vgteam/vg (Garrison et al. 2018). The “construct” command was used

with the hg38 genome and all phased variants which passed quality metrics. We then
pruned the graph using the “prune” command with default parameters. We produced the
gbwt index using the “index” command with default parameters, and the gcsa index was

created using the parameters: -X 3 -Z 4000 -p -k 11.

RNA-seq

We performed RNA-seq for each of the nine brain regions as outlined in Loupe et al.
2023.

ChiP-seq experiments

We performed ChIP-seq experiments with 94 TFs in nine distinct brain regions. Full

methods for production of ChiP-seq reads are presented in Loupe et al. 2023.

Peak Calling

We called peaks according to the ENCODE Consortium’s standard pipeline, using
experiments from donors as replicates, as described in Loupe et al. 2023.

Read Mapping

For traditional read mapping, we used Bowtie 2 (Langmead and Salzberg 2012) with
default settings to map to the human hg38 genome.

For graph genome mapping, we used the vg map command with arguments -A -K -M 3.

The vg surject command was used to create SAM and BAM file formats for determining

19


http://genome.cshlp.org/
http://www.cshlpress.com

551
552

553
554
555
556
557
558
559
560
561
562
563
564
565

566

567

568
569
570
571
572
573
574
575
576
577

578

579

Downloaded from genome.cship.org on July 16, 2026 . Published by Cold Spring Harbor Laboratory Press

allele bias. The SAMtools package (Danecek et al. 2021) was used for sorting and

filtering by quality. Picard was used for filtering duplicates.

Once reads were mapped and filtered, we used WASP (van de Geijn et al. 2015) to
identify reads that showed a bias in mapping for either allele in the graph genome. The
WASP “snp2h5” command was used to create an index of all heterozygous sites for
each donor. Graph genome aligned GAMs were converted to BAMs in hg38 coordinates
using “vg surject”. BAM files were intersected with heterozygous variants using the
WASP “find_intersecting_snps.py” script and reads overlapping more than 2
heterozygous variants were excluded. All other reads overlapping a heterozygous
variant then had the allele flipped. For reads containing 2 variants, the alleles were
flipped by haplotype. The flipped reads were then remapped to the graph genome with
vg as previously described then converted to hg38 coordinates. A custom script
(intersect.R) was used to identify and remove reads that either no longer mapped or
mapped to a different position when the allele was flipped. Reads with a vg MAPQ=0
were also filtered.

Identification of Allele Bias

For a given ChlP-seq or RNA-seq dataset, we counted the number of reads containing
either allele for all heterozygous variants using the WASP script “bam2h5”. We then
identified those heterozygous variants with at least six total reads (the minimum number
of reads for a binomial test to be nominally significant at p<0.05 if all reads map to a
single haplotype). For each ChlP-seq dataset, we estimated the overdispersion, rho,
among variants with at least 6 reads by fitting a vector generalized linear model with a
beta-binomial distribution using VGAM (Yee 2010). We then performed a beta-binomial
test for each heterozygous variant using the corresponding estimate of rho from that
ChiP-seq dataset. We removed variants that showed significant allele specificity

(p<0.05) in the input control for any brain region. The ASB effect size was calculated as

reference allele reads+1)

l0g2 (

alternate allelereads+1
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VEP Annotations

We annotated VCF files for each donor using VEP. The config file is provided in the
Supplemental_Code.zip file as vepl08.ini. VEP engine and cache version 108
(McLaren et al. 2016) was used with a GRCh38 FASTA file. We used a merged
transcript set of Ensembl (Cunningham et al. 2022) and RefSeq (O’Leary et al. 2016).
Custom annotations were gnomAD (Chen et al. 2022) allele frequency using v3.1.1,
Bravo TOPmed allele frequency freeze 8 (Taliun et al. 2021), GRCh38 GERP scores
(as distributed with CADD v1.6), and CADD v1.6 scores (Rentzsch et al. 2019).

GTEx Data and identification of allele specific expression

We downloaded GTEx variants on June 30”‘, 2023 from
https://storage.googleapis.com/gtex analysis v8/single tissue qtl data/GTEx Analysis
v8 eQTL.tar

For determining allele specific expression in our data, we determined whether or not
there was a phased heterozygous variant within the appropriate gene body in our data,
as this was necessary for physically linking the ASB to allele specific expression. In
such cases, we determined the variant in the gene body which was on the same allele
as each of the two haplotypes of the heterozygous variant in the GTEx dataset. We
counted the reads overlapping variants as described above and summed counts across

exons and across brain regions. Significant allele specific expression was calculated

reference allele reads+1)

with a beta-binomial model. Effect size was calculated as log; (

alternate allelereads+1

Motif Scoring

We predicted the effect of ASB variants on motif affinity using the R package
motifbreakR and the catalog of JASPAR 2022 motifs for the corresponding TFs
(Coetzee et al. 2015; Castro-Mondragon et al. 2022). MotifbreakR was run using the

information content method, “ic”, and with equal background nucleotide frequencies
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(A=0.25, C=0.25, G=0.25, T=0.25). A p-value threshold of 0.0001 was used to filter
significant motif changes.

Partitioned heritability analysis
To evaluate whether ASB variants are enriched with common genetic variants that have
been associated with traits by GWAS, we performed stratified linkage disequilibrium

score regression (sLDSC v1.0.1) %77

. SLDSC estimates the proportion of genome-wide
SNP-based heritability that can be attributed to SNPs within a given genomic feature by
a regression model that combines GWAS summary statistics with estimates of linkage
disequilibrium from an ancestry-matched reference panel. GWAS summary statistics
were downloaded for brain-related and other traits. The 200bp region (-100, 100)
around each ASB variant was tested individually. Rare variants were not excluded as
these loci can still be associated with disease heritability. We used the full baseline
model (baseline-LD model v2.2.) that included 97 categories capturing a broad set of
genomic annotations. Links to GWAS summary statistics are available in Supplemental

Table S7. Additional files needed for the sSLDSC analysis were downloaded from

https://alkesgroup.broadinstitute.org/LDSCORE/ following instructions at

https://github.com/bulik/Idsc/wiki.

Data Analysis

We performed data analysis using R v4.1.0, as noted in appropriate scripts.

Downloaded Data
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We downloaded the V3 cCRE human dataset from the ENCODE Portal. ADASTRA

v5.1.3 data was downloaded from https://adastra.autosome.org/bill-cipher/downloads.

ASoC data was downloaded from Supplementary Tables 4-8.

Data Access

All  code used for these analyses is available via GitHub at
https://github.com/aanderson54/BrainTF_ASB and available in Supplemental Code. All

raw and processed sequencing data generated in this study are available through the
PsychENCODE Consortium ( https://doi.org/10.7303/syn4921369) under the accession
number syn51942384.
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Figure Legends

Figure 1. Overview of experimental design and allele-specific binding. A. Workflow
for detection of ASB. Whole Genome Sequencing and ChIP-seq of 94 TFs were
performed in post-mortem brain samples from 2 donors. ChlP-seq reads were mapped
to personalized graph genomes and tested for ASB across donors and tissues.
Abbreviations denote: dorsolateral prefrontal cortex (DLPFC), frontal pole (FP), occipital
lobe (OL), cerebellum (CB), anterior cingulate (AnCg), subgenual cingulate (SCg),
dorsomedial prefrontal cortex (DMPFC), amygdala (Amy), and hippocampus (HC). B.
Density plot showing the distribution of reference allele frequency at heterozygous
variants for different p-value thresholds. C. The number of total phased variants,
heterozygous variants, significant variants (p<0.05), and significant variants (p<0.001)
for both donors. “shared” indicates variants that are shared and pass filters in both
donors. D. Within-donor reproducibility. The fraction of ASB events which preferred the
same allele across brain regions at increasing p-value threshold . E. Between-donor
reproducibility. The fraction of ASB events that favored the same allele when comparing
the same TF-allele interaction between donors.

Figure 2. Genetic and genomic properties of ASB variants. A. Stacked bar plots
showing the fraction of regions which overlap a particular cCRE annotation for all
heterozygous variants (first), ASB variants (second), and all TF peaks (third). PLS
(promoter-like signal): red, pELS (proximal enhancer-like signal): orange, dELS (distal
enhancer-like signal): yellow, CTCF-only: blue, DNase-H3K4me3 pink, and non-cCRE
regions: gray. B. Bar plot showing the proportion of ASB variants (p<0.001) favoring
the ancestral and derived allele and the degree of the allele preference (logz(Anc.
count+1 / Der. count+1) for varying ranges of AAF. C. For varying ranges of AAF (x-
axis), we show the fraction of ASB variants found in each p-value range (y-axis). D. The
logz Fold Enrichment(FE) for variants with a GERP-score > 4. The background for each
TF are the non-significant heterozygous variants with a read depth > 11 for the
corresponding TF. Only TFs with a Chi-squared p-value < 0.01 are shown. E. For each

TF, the proportion of ASB variants which significantly alter a JASPAR motif
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(motifbreakR p-value < 0.0001) versus the maximum motif score for the PFM. Dashed
line indicates the best fit line. F. The proportion of ASB events which agree with the

direction of the motif change in HOT sites versus non-HOT sites.

Figure 3. Neural-specific effects of ASB. A. Correlation of ASB effects across brain
regions for variants with a p-value < 0.001 in at least one brain region. Top: Correlation
of significance (-logio(p-value)). Bottom: Correlation of effect size (percentage of reads
mapping to the reference allele (% REF)). B. Dot plot showing PC2 and PC3 from a
PCA of the -logio(p-values) for all variants with a p-value < 0.001 in at least one brain
region. Color denotes the brain region. Shape denotes if the TF is CTCF/RAD21 or
another TF in the dataset. C. Distribution of the percentage of peaks containing an ASB
by TF. Dashed line indicates the average percentage. Only TFs with at least 15,000
peaks are shown. D. Enrichment for ASB variants in cell type-specific sSnATAC-seq
peaks. Neuron indicates that the peak was called in Excitatory-only, Inhibitory-only, or
Excitatory and Inhibitory neurons. Shared peaks were identified in 2 or more cell types,
excluding those shared between neuronal cell types. E. Results from LDSC measuring
heritability of ASB with GWAS traits grouped by disease type. Heatmap indicates
coefficient Z score from sLDSC. Feature-trait combinations with a Z score significantly
larger than O (one-sided Z test, p < 0.01) are indicated with a numeric value reporting
the enrichment score. Abbreviations denote: Schizophrenia (SCZ), Bipolar disorder
(BIP), Major Depression Disorder (MDD), Autism Spectrum Disorder (ASD), Attention
Deficet Hyperactivity Disorder (ADHD), Amyotrophic Lacteral Schlerosis (ALS),
Parkinson’s disease (PD), Alzheimer's disease (AD), Systemic Lupus Erythematosus
(SLE), Multiple Schlerosis (MS), Rheumatoid Artheritis (RA), Inflammatory Bowel
Disease (IBD), Body Mass Index(BMI).

Figure 4. Functional characterization of ASB variants. A. Proportion of ASB variants
that overlap an ASB variant in ADASTRA for TFs profiled in both studies. Light teal:
Overlap occurs between the same TF between the studies. Dark teal: Overlap occurs
between different TFs. B. Enrichment for effect direction concordance (i.e. increase in
binding corresponds with increase in regulatory activity) with SURE-seq data in K562
and HepG2 cells. Error bars indicate the 95% CI. C. The odds ratio of effect direction

concordance for GTEx eQTLs found in the brain and overlapping a significant ASB
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variant for various ASB p-value thresholds. Error bars indicate the 95% CI. D. For each
TF, the proportion of ASB variants that overlap an eQTL versus the proportion of those
variants that agree on effect direction. E. Histogram showing the distribution of

distances from the TSS of an allele-specific gene to the closest ASB variant.

Figure 5. ASB analysis assists with fine-mapping eQTLs. A. Stacked bar plots
showing the number of RNA reads supporting haplotypel or haplotype2 for BEGAIN
(top) and WDR25 (bottom). B. Genomic tracks for the 100kb region surrounding
rs10132528. First: maximum -logio(p-value) of all TFs for heterozygous variants in
donorl. Second: GTEx eQTLs for BEGAIN colored by overlap with heterozygous
variants in donorl. Third: ENCODE cCREs. Fourth: Gene annotations from Ensembl
v86. C. The proportion of ChiP-seq reads for CTCF (left), RAD21 (middle), and SMC3
(right) supporting the reference and alternate allele for each brain region where the TF
was profiled. D. Position of the JASPAR CTCF motif on Chrl4 with the position of ASB
variant indicated in red. E. MotifbreakR score for the reference and alternate allele for
rs10132528.
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