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ARTICLE

|dentifying deleterious noncoding variation
through gain and loss of CTCF binding activity

Colby Tubbs,!-* Mary Lauren Benton,? Evonne McArthur,? John A. Capra,* and Douglas M. Ruderfer!.>*

Summary

CCCTC binding factor (CTCF) regulates gene expression through DNA binding at thousands of genomic loci. Genetic variation in these
CTCF binding sites (CBSs) is an important driver of phenotypic variation, yet extracting those that are likely to have functional conse-
quences in whole-genome sequencing remains challenging. To address this, we develop a hypothesis-driven framework to identify and
prioritize CBS variants in gnomAD. We synthesize CTCF’s binding patterns at 1,063,878 genomic loci across 214 biological contexts into
a summary of binding activity. We find that high binding activity significantly correlates with both conserved nucleotides (Pearson R =
0.35, p < 2.2 x 107'%) and sequences that contain high-quality CTCF binding motifs (Pearson R = 0.63, p = 2.9 x 10~'2). We then use
binding activity to evaluate high-confidence allelic binding predictions for 1,253,329 single-nucleotide variations (SNVs) in gnomAD
that disrupt a CBS. We find a strong, positive relationship between the mutability-adjusted proportion of singletons (MAPS) metric
and the loss of CTCF binding at loci with high in vitro activity (Pearson R = 0.74, p < 2.2 x 107'%). To contextualize these findings,
we apply MAPS to other functional classes of variation and find that a subset of 339,380 loss of CTCF binding variants is observed as
infrequently as missense variants are. This work nominates these thousands of rare, noncoding variants that disrupt CTCF binding

for further functional studies while providing a blueprint for prioritizing variation in other transcription factor binding sequences.

Introduction

CCCTC binding factor (CTCF) functions by binding its
DNA sequence motif at thousands of genomic loci.'?
These CTCF binding sites (CBSs) can facilitate or repress
gene expression by modulating the genome’s three-dimen-
sional (3D) organization.’ ® Genetic variation that disrupts
CBSs is an important contributor to phenotypic variation;
CBS variants occur frequently in cancers’"® and, in rare in-
stances, factor in pathogenic gene expression underlying
Mendelian disorders.”' Despite their clear importance,
only a small number of CBS variants have been well char-
acterized, and there is currently little consensus on the
functional impact of CBS disruption in human popula-
tions."'"'® The systematic prioritization of CBS variation
remains challenging given the complexity around identi-
fying active CTCF binding sequences and accurately pre-
dicting which genetic variants will disrupt their function.
Nonetheless, a comprehensive and large-scale character-
ization of CBS variation would provide a means to directly
evaluate the extent to which CBS variants mediate risk for
disease and thus could prove an invaluable resource for the
community.

Previous functional studies have profiled CBS variation
in both monogenic and complex diseases. Focused investi-
gations into genetic variation at the EPHA4, 1792, and
ITIH3 loci have demonstrated the disruption of CTCF
binding in risk for a spectrum of rare limb malformities,
asthma, and schizophrenia, respectively.”'??° At the

EPHA4 and 1792 loci, the alteration of one or more CBSs
drives the disorganization of topologically associated do-
mains (TADs), which, in turn, induces aberrant patterns
of gene expression underlying the disease phenotype.
Alternatively, small-scale sequencing efforts have broadly
targeted CBSs by profiling single-nucleotide variation
(SNVs) that disrupt either the CTCF motif or binding
peaks from chromatin immunoprecipitation sequencing
(ChlIP-seq). These studies have found a burden of CBS vari-
ation in complex traits, including numerous cancer sub-
types and Alzheimer disease.®?' While these studies are
constrained to specific phenotypes and small sample sizes,
together they suggest an important role for CBS variation
in disease architecture.

Several larger-scale surveys that include CBS variation
have found mixed evidence for their functional roles in dis-
ease pathology. When partitioning complex trait heritabil-
ity by functional annotation, Finucane et al.'” found no sig-
nificant enrichment of variation in CTCF ChIP footprints.
More recently, Reshef et al.'® extended this methodology
to discover significant relationships between genome-
wide association study (GWAS) SNPs disruptive of CBSs
and several complex traits, including eczema and lupus.
Furthermore, Han et al.'® observed low allele frequencies
(AFs) associated with the loss of CTCF binding through
copy-number variation in several large-scale whole-
genome sequencing (WGS) datasets. Collectively, these
data paint an intriguing but complicated picture of the
functional impact of CBS variants in human populations.
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Prioritizing CBS variants at scale is not straightforward,
given the difficulty in detecting active CBSs at base-pair
resolution and annotating variants without the guidance
of a genetic code.””** ChIP-seq directly assays CTCF bind-
ing but reports peaks that span hundreds of base pairs”*
and requires potentially thousands of biosamples to fully
map CTCF’s cell-type-specific binding preferences.* Alter-
natively, CBSs can be defined as motifs and detected
through precision weight matrices”> (PWMs). PWMs, how-
ever, detect binding based on the contribution of DNA se-
quences only and, therefore, suffer from an enormous false
positive rate (i.e., the motif futility theorem?>®). Although
these modalities can be integrated,”” there is no defined
framework to convert the binding patterns they detect
across cell types into a useful annotation for variants.
Finally, extracting which variants are likely to have func-
tional effects on transcription factor (TF) binding in vivo
remains challenging. While numerous allelic binding pre-
dictors exist,”**' they are primarily benchmarked on pre-
dicting chromatin features or affinity changes in vitro and
have not been evaluated on their ability to prioritize dele-
terious variations.

To address these challenges, we propose an analytical
framework for the large-scale identification and prioritiza-
tion of CBS variation in WGS. In our approach, we first
define CBSs as motifs that fall within regions profiled for
DNase and CTCF activity across hundreds of biological
contexts by leveraging recently available data from
ENCODE’s registry of candidate cis-regulatory elements
(cCREs).*” To convert CTCF’s cross-cell-type binding pat-
terns at these loci into a functional annotation, we quan-
tify them into a summary metric, which we call binding ac-
tivity. Next, we use binding activity to provide important
context to measurements of allelic binding for over 1
million SNVs in gnomAD v.3, which consists of 76,156
publicly available WGS samples.’* We then evaluate these
annotations by comparing them to metrics of conserva-
tion, deleteriousness, and evidence for negative selection.

In applying our framework, we identify CBS variations at
scale and provide a comprehensive evaluation of constraint
on those that are predicted to meaningfully alter CBS activ-
ity. Using orthogonal data, we validate the utility of binding
activity in detecting CBSs enriched for likely functional
consequences. We then detect strong signatures of negative
selection acting on thousands of variants that are rare and
predicted to induce the loss of CTCF binding at loci with
robust binding activity. In summary, we provide a catalog
of prioritized CBS variants in human populations that, ulti-
mately, will enable the improved interpretation of genetic
contributions to human disorders.

Material and methods

Annotating rDHSs with CTCF binding activity
We downloaded the CTCF Z score signal matrix for all representa-
tive DNase hypersensitivity sites (tDHSs) from the ENCODE-

SCREEN web portal.*>** We subset this matrix to rDHSs with a
significant DNase signal in at least one biosample, which corre-
sponds to the complete set of human cCREs (n = 1,063,878). We
masked all rDHS-biosample combinations with a raw CTCF bind-
ing signal of zero (Z score equal to —10). To generate the binding
activity annotation, we summarized each rDHS’s CTCF signal dis-
tribution using Stouffer’s meta-analysis of Z scores.*> To do this,
we implemented the equation 2zi/N, where zi represents a given
biosample’s Z score and N is the total number of non-masked bio-
samples for that rDHS.

Annotating CTCF motifs with binding activity and
definition of activity quantiles

We downloaded all reference (REF) sequence matches to CTCF’s
canonical motif (MA0139.2) in build hg38 from the JASPAR
database.*® We then excluded sequence matches from non-auto-
somal and sex contigs, reported assembly gaps, ENCODE black-
listed regions,*” and protein-coding exons (Gencode v.44°®) us-
ing Bedtools intersect.*® Our final track consisted of 1,870,772
sequence matches. To integrate these data with rDHS regions
from ENCODE (above), we intersected the subset of rDHSs
that are cCREs with our final set of motifs using Bedtools
intersect. We assigned each motif an activity score by reporting
the activity of its intersecting cCRE. In the case of multiple over-
laps (i.e., bookended cCREs), we report the cCRE with the higher
activity score. Motifs that did not intersect a cCRE were not as-
signed activity scores. In certain analyses, we refer to binding
activity in terms of quantiles. To do this, we assigned the distri-
bution of activity scores for all annotated rDHSs into 100
equal-sized bins.

Comparing predicted CTCF binding affinity with activity
We reported each CTCF motif’s predicted binding affinity as
its PWM score, relative to the minimum and maximum scores
obtainable as in Gheorghe et al.?” To characterize the relationship
between the binding activity and these relative PWM scores, we
binned each motif by their activity quantile (above) and assessed
the mean relative PWM score in each bin. Their statistical evalua-
tion was computed using a Pearson correlation.

Comparing evolutionary sequence conservation with
CTCF binding activity

We assessed nucleotide conservation using conservation met-
rics.**~*? PhyloP100, PhastCons100, and GERP++ scores were
downloaded in Bigwig format from the UCSC Genome Browser.**
LINSIGHT scores were downloaded from Huang et al.** We as-
signed all positions corresponding to motifs with rDHS support
conservation scores using the package pyBigWig.** In the case of
conservation scores generated in build hgl9 (GERP++ and
LINSIGHT), we first lifted back each position’s coordinate using
the UCSC LiftOver tool.*® To assess the relative enrichment of
conserved nucleotides against binding activity, we calculated the
proportion of conserved nucleotides in each activity decile. We
used thresholds of 2, 0.8, 0.8, and 1 to define conserved positions
for GERP++, LINSIGHT, PhastCons100, and Phylop100, respec-
tively. To assess the confidence of each calculation, we randomly
sampled with replacement nucleotides from each activity quantile
10,000 times over 10 iterations. We plotted the mean of these
computations with their corresponding 95% confidence interval.
We assessed the relationship and statistical significance using
Spearman correlation.
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Processing genetic data from gnomAD

We downloaded the gnomAD v.3.1.2 database and reduced it to
SNVs, removing entries with an allele count (AC) and AF reported
as zero. We further required all SNVs to be of high quality (quality
control [QC] = PASS) and covered in at least half of the samples in
gnomAD v.3 (allele number [AN] > 76,000). In total, we identified
569,860,911 SNVs after QC. For each variant, we report its func-
tional class as its most severe consequence term as assessed by
the Variant Effect Predictor*” (VEP).

Annotating gain and loss of binding for all candidate
SNVs in gnomAD

First, we identified all QC’d SNVs that overlap the subset of CTCF
binding motifs with cCRE support using Bedtools intersect. To
calculate APWM scores and accompanying p values, we used the
R package atSNP.***’ To do this, we extracted 14 bp of the flanking
REF sequences upstream and downstream of each variant’s
genomic coordinate. We then report the highest log-odds score
for the subsequence overlapping the variant’s position for both
the REF and alternate (ALT) alleles assessed by atSNP. Raw
APWM scores were quantified as the difference between the REF
and ALT PWM scores. We classify variants as putative gain of bind-
ing if their raw APWM was < 0 and putative loss of binding if their
raw APWM was > 0. To assess the significance of each observed
APWM score, we reported its -log10 p value rank score, which is
derived from atSNP’s importance sampling algorithm. To address
truncation errors related to low p values (p = ~0), we encoded
dummy values of (1077).

Assessing constraint using scaled CADD scores

We extracted PHRED-scaled combined annotation-dependent
depletion (CADD)*” scores for each variant from the gnomAD
v.3.1.2 Hail table. To assess the relationship between these scores,
binding activity, and APWM, we first stratified all variants by their
class (gain of binding or loss of binding) and then by their signif-
icance (p < 0.05). For each binding activity decile, we randomly
sampled variants with replacement 10,000 times over 10 itera-
tions. For each iteration, we calculated the proportion of variants
that are putatively pathogenic using a scaled CADD cutoff of 10.
We plot the mean of these calculations and 95% confidence
intervals.

Implementing MAPS scores

We implemented mutability-adjusted proportion of singletons
(MAPS) scores as described in Karzewski et al.>! using custom
scripts as follows. To annotate all SNVs in gnomAD with their
trinucleotide mutation rate, we first identified their trinucleotide
context by reporting each nucleotide upstream and downstream
of the variant’s position using the package pySAM.>” Next, we
downloaded trinucleotide mutation rate data from the gnomAD
v.2 flagship paper”' and merged it with each variant’s trinucleotide
context. To calibrate the MAPS model, we used all QC’d SNVs
with their most severe VEP annotation as “synonymous_variant”
(n=2,161,831). We then referred to this trained model to predict
MAPS for all other functional variant classes. For a given class, we
calculated a raw singleton proportion as the number of singletons
(AC = 1) divided by the number of variants. We then applied the
calibrated model to regress out the expected number of singletons
within that bin given its average mutation rate. To assess confi-
dence, we computed the standard error of the mean (SEM) for
each bin.

Results

Framework for the functional annotation of CBS variants
We present a framework to catalog all likely functional
CBS variants in gnomAD (Figure 1). To achieve this,
we sought to discover all possible CBSs in the genome
using CTCF's PWM and experimental binding data. We
first detected all REF genome sequence matches to
CTCF's PWM (N = 1,870,772; Figure S1A; material and
methods). To extract motif hits likely to function as
CBSs in vivo, we overlapped them with 1,063,878 of
ENCODE'’s representative DNase hypersensitivity regions
(rDHSs) (material and methods). Nineteen percent (n =
355,418) of CTCF’s motifs fall within an annotated
rDHS (Figure S1B), regardless of the cCRE classification.
Conversely, 290,793 (27%) of rDHSs contained at least
1 CTCF motif, while most contained fewer than 4
(Figure S1C). We henceforth refer to the intersection of
these data (i.e., CTCF motifs with rDHS overlap, n =
355,418) simply as CBSs (Table S1).

At each rDHS, ENCODE has estimated the strength of
CTCF binding as a Z score relative to all loci tested in each
cell line or tissue sample (i.e., biosample) (Figure 1A). These
data are used to call CTCF binding in the cCRE framework
by thresholding on a Z score of >1.64. We sought to eval-
uate the sensitivity of CBS calling at the rDHS containing
a CTCF motif (n = 290,793) to this thresholding. We
observed that modest changes to the detection threshold re-
sulted in a substantial difference in the number of rDHSs
called as “CTCF bound” (Figure S1D). We further observed
that, at the minimal threshold used to define CTCF binding
in the ENCODE framework, a substantial proportion of
binding events were observed in only a single biosample
(Figure S1D).

Developing a summary annotation of CTCF’s binding
activity across biological contexts

We observed considerable variability in CBS calling when
thresholding on CTCF’s ChIP-seq Z score and that, when
assessing all profiled biosamples, many CBSs fail to repli-
cate. We thus sought to quantify the strength and replica-
tion of CTCF'’s activity at each CBS into a single metric
(similar to an intolerance metric for a gene®*>°). CTCF’s
binding activity was summarized at each rtDHS by meta-
analyzing its distribution of binding activity Z scores
across all biosamples (mean = 2.58, SD = 10.14; Figure
2A; material and methods). For simplicity, we refer to this
annotation as binding activity.

To validate the use of binding activity in differentiating
CBSs with robust activity, we quantified its relationship
with characteristics that are likely to signal authentic
binding sequences. We note that we evaluate binding ac-
tivity by summarizing characteristics across its distribu-
tion in the form of quantiles (material and methods;
Figure S2). Each quantile held an average of 3,554 CBSs
and 53,312 nucleotides. First, we observed an enrichment
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(A) Heatmap of CTCF’s ChIP-seq binding activity Z score at selected rDHSs and biosamples. The x axis represents 25 of 214 randomly
sampled biosamples, and the y axis represents 100 of 1,063,879 randomly sampled rDHSs. Coloring corresponds to the strength of bind-

ing (Z score) for a given biosample and rDHS.

(B) Schematic illustration of a theoretical distribution of binding activity Z scores for a single rDHS across 25 biosamples. We utilize these
data to develop an annotation for CTCF’s observed binding patterns across these biosamples, which we refer to as binding activity. Here,
binding activity would be quantified as a single summary score by meta-analyzing the depicted distribution of Z scores using Stouffer’s

method.*®

(C) Schematic illustrating the integration of binding activity with the functional annotation of SNVs through APWM scores. Pictured as
an example is a putative loss-of-binding SNV that has reduced binding energy in the alternate allele. We calculate high-confidence
APWM scores using atSNP’s importance sampling technique for all candidate SNVs in 76,156 WGS samples from gnomAD.

of CBSs occurring in high quantiles of binding activity
(Pearson R = 0.70, p < 2.8 X 10718, Figure 2B). We then
quantified each CBS’s predicted binding affinity for
CTCF through its PWM (material and methods) and
observed a strong correlation between binding activity
quantiles and predicted binding energy (Pearson R =
0.63, p = 2.9 x 10~'% Figure 2C). Second, we evaluated
the relationship between binding activity quantiles and
functional constraint by annotating greater than 99% of
the 5.3 Mb of CTCF binding sequence with evolutionary
conservation metrics. PhlyoP scores quantify conserva-
tion at single nucleotides, making them well suited for as-
sessing constraint at high resolution. We calculated the
proportion of conserved PhlyoP scores for each binding
activity quantile and observed significantly higher pro-
portions of conserved positions belonging to motifs in
higher binding activity quantiles (Pearson R 0.35,
p < 2.2 x 1076 Figure 2D). Although conservation scores

vary in their methodology, this correlation was consistent
across multiple metrics (Figure S3).

Integrating binding activity with variant-level allelic
binding predictions in gnomAD

Next, we sought to combine our binding activity annota-
tion with variant-level measurements of allelic binding.
First, we identified all SNVs in gnomAD that disrupt a
CBS (N = 1,253,229; material and methods). For each
SNV in our dataset, we calculated its change from REF
PWM (APWM) and classified it as putative gain or loss of
binding (material and methods). We observed fewer gain-
of-binding SNVs (n = 238,196) compared to loss-of-bind-
ing SNVs (n = 1,015,133) (Figure 3A). To assess the confi-
dence of each observed APWM score, we calculated each
score’s test statistic by implementing the importance
sampling procedure developed in the atSNP package*®*’
(material and methods). We identified high-confidence
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Figure 2. CTCF binding activity identifies sequence enriched for functional signatures
(A) Distribution of meta-analyzed Z scores for all 1,063,878 rDHSs used in this study. Meta-analysis was conducted using Stouffer’s

method.

(B) The frequency of overlap between high-quality CTCF motifs and all tDHSs belonging to a given quantile of binding activity. Quan-
tiles were created by placing meta-analyzed Z scores for all rDHSs from (A) into 100 equal-sized bins.

(C) The mean PWM score for all CTCF motifs that overlap an rDHS in each quantile of binding activity.

(D) Relationship between evolutionary sequence conservation of CTCF motif sequence and binding activity quantiles. Conservation was
measured as the proportion of conserved CTCF motif positions within each quantile using PhlyoP100 scores. A score threshold of 1 was

used to define conserved positions.

(B-D) Pearson correlation and the accompanying p value was used for statistical evaluation. Plotted are smoothed conditional means

using the LOESS method.>*>”

gain-of-binding (n = 63,931) and loss-of-binding (n =
527,785) SNVs using a significance threshold of p < 0.05
(Figure 3B). We then integrated these predictions with
binding activity by assigning each variant its motif’s activ-
ity score (Figure 3C; material and methods). We observed
significantly more high-confidence loss- and gain-of-bind-
ing SNVs in high quantiles of binding activity (loss-of-
binding Pearson R = 0.65, p = 2.7 x 10~ '3; gain-of-binding
Pearson R = 0.67, p = 2.1 x 10 '%).

Characterizing signatures of selection on the loss of
CTCF binding activity

Deleterious genetic variants are purged from populations
by natural selection, which enables the use of AF as an
informative metric for the utility of an annotation scheme
in capturing functional variants.>®*°? For example, SNVs
that disrupt genes are observed more rarely than those
in intergenic space, while splicing SNVs are observed
more rarely than those that fall in introns.>" We evaluated
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Figure 3. Integrating binding activity with APWM to functionally annotate CBS variants in gnomAD

(A) Distribution of APWM scores for all SNVs in gnomAD that disrupt a CTCF motif with rDHS support. Gain-of-binding (GoB) variants
were considered those that have a APWM of <0. Loss-of-binding (LoB) variants are defined as those having a APWM of >0.

(B) Distributions of APWM test statistics for all SNVs in (A) assessed through atSNP’s importance sampling procedure. Truncated p values
(approximately 0) were manually encoded as 10~°. Red line indicates the threshold used (p < 0.05) for distinguishing low- and high-con-

fidence APWM scores.

(C) Counts of high-confidence APWM scores in gnomAD for SNVs that disrupt a CTCF motif with rDHS support, binned by their binding

activity quantile. Counts are stratified by their APWM class (GoB a

our annotation approach in this context by quantifying
the relationship between variants identified in our frame-
work with different measures of selective constraint. To do
this, we applied two measures: PHRED-scaled CADD®°
scores and the MAPS metric. First, we observed signifi-
cantly higher proportions of predicted pathogenic vari-
ants (scaled CADD > 10, Pearson R = 0.53, p < 2.2 x
10 ') for SNVs annotated as high-confidence loss of
binding activity (Figure 4A). To assess the contribution
of statistical testing on APWM scores to this result, we
calculated the proportion of predicted pathogenic vari-
ants for each binding activity quantile after stratifying var-
iants by confidence in their APWM score. At the 95

nd LoB).

quantile of activity or higher, we observed nominally
higher frequencies of predicted pathogenic variants for
high-confidence APWM scores compared to low-confi-
dence scores (high-confidence APWM mean proportion
pathogenic = 0.33, low-confidence APWM mean = 0.26,
Student’s t test, p = 1.83 x 10~2; Figure S4A). We observed
no significant difference between low- and high-confi-
dence APWM scores for gain-of-binding SNVs in this anal-
ysis (Figure S4B).

Second, we assessed the raw AFs for all CBS variants and
observed that they are exceedingly rare in gnomAD
(Figure S5). We then quantified this by calculating MAPS
scores for all SNVs in each activity quantile, stratified by
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their predicted effect on binding affinity and the level of
confidence in their APWM scores. The loss of CTCF bind-
ing activity correlated significantly with MAPS, with a
stronger overall effect for high-confidence SNVs (high-
confidence Pearson R = 0.74, p = 2.2 x 10~ '¢, Figures 4B
and S6A). We note that while gain of binding at both
high and low APWM confidence displayed higher MAPS
scores at higher levels of activity (Figure S6B), there are sub-
stantially fewer SNVs in each bin. Consequently, we
observe higher uncertainty on individual MAPS scores for
both high- and low-confidence gain-of-binding SNVs
(Figure S7). To contextualize our findings, we calculated
MAPS for different functional classes of intergenic and
genic SNVs in gnomAD (Table S2). Loss-of-binding SNVs
in CBS with low activity trended toward MAPS scores of
likely neutral classes of variation (i.e., synonymous and in-
tergenic), regardless of the confidence in the APWM call.
High-impact loss-of-binding variants (activity decile >
90) had higher MAPS scores than missense variants
(MAPS loss of binding of activity decile 90 = 0.05, MAPS
missense = 0.04).

Discussion

Expanded use of genome sequencing combined with large-
scale assays of regulatory function are providing opportu-
nities for the systematic characterization of noncoding
SNVs. Here, we leverage these data to quantify the func-
tional impact of CBS variation in a population of over
76,156 WGS samples. We show that the loss of CTCF bind-
ing activity is associated with high levels of constraint and
occurs infrequently in human populations. In applying
our approach, we generated a catalog of functionally prior-
itized CBS variants while providing a scalable blueprint for
the interpretable annotation of TF binding site variants.

10 20 30 40 50 60 70 80 90 100
Loss of Binding - Activity Quantile

Figure 4. Loss of CTCF binding activity is
under high levels of constraint in gno-
mAD

(A) Relationship between proportion of
putative pathogenic SNVs based on
PHRED-scaled CADD scores and the loss
of CTCF binding activity. A scaled CADD
score of >10 was used as a threshold of
pathogenic or not. The y axis displays
the proportion of pathogenic SNVs within
each activity quantile. Error is shown as a
95% bootstrapped confidence interval.
(B) Relationship between allele frequency
as measured by MAPS and the loss of
CTCF binding activity. For context, we
display MAPS scores for synonymous
(blue line), missense (orange), and splicing
(red) variants in gnomAD.

(A and B) Pearson correlation and the
accompanying p value was used for statis-
tical evaluation. Plotted are smoothed
conditional means using the LOESS
method.

ENCODE's cCRE dataset and the widespread availability
of PWMs have enabled the extensive mapping of CTCF
binding sequence across cellular contexts. The remaining
challenge has been leveraging these multidimensional
data to effectively annotate variants. Our approach assigns
CTCF motifs with an aggregate measure of binding activity
across 214 biological contexts. We show the utility of
binding activity in several ways. First, we found that
high binding activity correlates with functional signatures,
including evolutionary conservation. This result was
robust across multiple conservation metrics and suggests
that binding activity effectively captures sequences that
are likely to have functional consequences. Second, we
show that the context provided by binding activity is
necessary for the effective interpretation of allelic binding
predictions; we observed that high-confidence APWM
scores in CBS with low binding activity resemble likely
neutral classes of variation (e.g., synonymous) in terms
of their frequency in the population. Several databases
have collectively assembled billions of APWM scores by
measuring SNVs against PWMs in an all-against-all frame-
work.?®*® Qur results here suggest that a substantial pro-
portion of these are likely false positives and that further
annotation efforts should, when possible, contextualize
their measurements with functional assays of binding
activity.

We observed strong signals of negative selection on
SNVs that induce the loss of CTCF binding activity.
Intriguingly, variants with the highest impact on binding
activity had higher MAPS scores than missense variants.
While the role of protein alterations in disease etiologies
is well established, we are only beginning to understand
the functional consequences of CBS disruption. CBSs
have a critical function in 3D genome organization. For
example, accumulating evidence suggests that properly
bound and oriented CBSs are crucial for the formation of

898 The American Journal of Human Genetics 712, 892-902, April 3, 2025



TADs through loop extrusion.”®' In other contexts,

densely bound neighborhoods of CBSs in a similar binding
orientation may produce an insulatory effect by separating
TADs.%” Variants may disrupt binding at these chromatin
loop anchors or TAD boundaries, thereby driving gene
misexpression through 3D genome disorganization.®*®’
Further functional characterization of the CBSs implicated
in our study will be an invaluable approach to extend the
mechanistic interpretation of high-impact variants.

We note several important limitations in our findings.
Our annotation approach requires the uniform processing
and integration of a TF’s binding patterns through ChIP-
seq across potentially thousands of biosamples. Currently,
this depth of data exists only for a few TFs, like CTCF.**®’
We anticipate the ability to annotate more TFs and there-
fore more SNVs as these data expand. Furthermore, our
summary of these binding patterns into a metric of activity
is an effective means to distinguish likely functional bind-
ing sequences, which is critical for interpreting genetic var-
iants. However, it does not incorporate tissue-specific activ-
ity and may down-weight CBSs that are highly active in
poorly profiled tissues. Additionally, we note the bias
inherent in thresholding for high-quality motifs when
integrating CTCF’s PWM with binding activity. It remains
unclear as to whether this bias contributed to the identifi-
cation of substantially more loss-of-binding SNVs in gno-
mAD or if there are important differences in the functional
properties of gain-of-binding SNVs. Finally, our approach
does not annotate variants through a single score but
rather assesses their impact through the combination of
two annotations: binding activity and APWM class. Deter-
mining the best way to weight these metrics in a single
summary score is unclear but remains a promising future
direction.

We apply our approach specifically to CBS variation but
expect it has potential for future expansion to other TFs.
Our framework consists of 3 components: large-scale ge-
netic data (gnomAD), experimental binding annotations,
and PWMs. While CTCF is the only TF with direct integra-
tion in the cCRE dataset, binding data for many other pro-
teins exist and could be curated in a similar fashion.
Furthermore, PWMs are widely available for hundreds of
TFs*¢ and, as we demonstrate, offer a straightforward inte-
gration with ChIP peaks. Despite the availability of more
complex models, PWMs remain ideal for large-scale
variant annotation given their simplicity and low-compu-
tational costs. We therefore expect broad utility for our
framework in the future annotation of noncoding
variants.

We note that many noncoding variant annotators exist,
including those both agnostic and specific to TF binding
variation.?®*!%%79-73 Eor example, CADD produces path-
ogenicity scores based on a variant’s relationship to
many genomic annotations, while others, like DeepSea
and CATO, explicitly predict allelic binding. Utilizing
these methods to catalog likely functional variation in
CBS, as we do here, was unclear. CADD is precomputed

for the entire genome but provides little biological insight
into the variants measured, while allelic binding predic-
tors, like DeepSea, require a set of input variants a priori.
Defining which CBSs and variants to target is unclear
without the additional information we provide in our
approach (i.e., binding activity). Finally, we expect that
binding activity may benefit from integration with ma-
chine learning outputs, but it remains challenging to eval-
uate given the lack of gold-standard functional data on
CBS variants.

In summary, we present a framework to prioritize CBS
variants that capitalizes on both the large population
genome-sequencing datasets and extensive gene regulato-
ry annotations that now exist. We demonstrate a concep-
tually and computationally tractable strategy to synthesize
these data and, in doing so, find evidence for purifying se-
lection acting against the loss of CTCF binding in human
populations. We anticipate that this catalog will aid in
the identification of functional CBS variants while
providing a critical foundation for the future annotation
of noncoding variation.

Data and code availability

All code used for constructing the study dataset, conducting anal-
ysis, and generating the figures is available as a Snakemake workflow
in the Ruderfer Lab CBS_FunctionalAnnotation GitHub repository:
https://github.com/RuderferLab/CBS_FunctionalAnnotation. The
repository also contains two summary files detailing activity scores
and APWM scores for all CBS and variants evaluated in the study.
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