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Abstract 

The recent advent of long-read whole genome sequencing has enabled us to create an accurate telomere-to-telomere reference genome, con- 
struct pangenome graphs, and compile precise catalogs of genomic structural variations (SVs). These comprehensive SV repositories provide an 
e x cellent opportunity to explore the role of SVs in genot ype-phenot ype associations and examine the mechanisms by which SVs are introduced 
through double-strand break (DSB) repair. Here, w e emplo y ed comprehensiv e SV catalogs identified through various short- and long-read whole 
genome sequencing efforts to infer the underlying mechanisms of SV introduction based on their genomic and epigenomic profiles. Our find- 
ings indicate that high local DNA methylation and DNA shape-related features, such as low variations in propeller twist, support the origins of 
homology -driv en SVs. Subsequently, w e utiliz ed an activ e-learning-based unsupervised clustering approach, re v ealing that homology -dependent 
SVs show greater evidence of retaining ancestral recombination patterns compared to their homology-independent counterparts. Finally, our 
comparison of inherited and de no v o SVs from healthy populations and rare disease cohorts sho w ed distinct upstream H3K27me3 le v els in de 
no v o SVs from individuals with ultra-rare disorders. These findings highlight genome-wide characteristics that may influence the choice of repair 
mechanisms linked to heritable SV origins. 
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ver the last decade, there has been a continuous increase in
arge-scale genomic sequencing studies aimed at investigating
enotype-phenotype relationships across healthy populations
nd various common and rare diseases [ 1 , 2 ]. Most of these
tudies have focused on characterizing short genomic vari-
nts, including single-nucleotide variants (SNVs) and small
nsertions/deletions (INDELs) under 50 bp. However, struc-
ural variants (SVs), operationally defined as variants longer
han 50 bp, represent a significant source of genomic varia-
ion, as they induce more nucleotide-level changes than both
NVs and INDELs combined [ 3 ]. SVs are further categorized
s insertions, deletions, inversions, and translocations based
n their orientation and modifications to DNA segments rel-
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ative to a reference genome. Due to their longer length, SVs
can simultaneously influence multiple coding and regulatory
elements[ 4 , 5 ] and are implicated in various diseases[ 6–8 ]. 

Current genomic studies primarily focus on interpreting
SNVs and INDELs due to our superior ability to identify these
variants accurately. Short-read whole genome sequencing (sr-
WGS) platforms are commonly employed in large-scale ge-
nomic studies; however, they struggle to produce a precise
SV catalog. This challenge stems from SVs occurring in or
near highly repetitive regions of the human genome, resulting
in multi-mapping and/or mis-mapping of sequencing reads,
which leads to inaccurate or non-specific SV calling [ 9 , 10 ].
The recent emergence of long-read whole genome sequenc-
ing (lrWGS) aims to address these challenges. Implementing
25 
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lrWGS in large-scale studies has generated comprehensive SV
maps for healthy populations and various diseased individu-
als, deepening our understanding of population diversity [ 11–
13 ] and uncovering the pathogenic role of SVs in diseases [ 7 ,
14 ]. These new SV repositories also present a valuable oppor-
tunity to investigate the mechanistic origins of SVs. 

Previous studies have linked the origin of SVs to double-
strand breaks (DSBs) resulting from either effective or inef-
fective repair attempts [ 15–18 ]. These mechanisms include
non-homologous end joining (NHEJ), alternative end-joining
(aEJ), single-strand annealing (SSA), and homologous recom-
bination (HR), which require increasing amounts of local ho-
mology and resection during their repair process [ 15 ]. Im-
portantly, faulty repair mechanisms can lead to various dis-
eases. For example, global DSB repair deficiencies are asso-
ciated with LIG4 syndrome [ 19 ], Fanconi anemia [ 20 ], and
an increased risk of multiple cancers [ 21 ]. Additionally, defec-
tive non-allelic homologous recombination (NAHR) can re-
sult in 15q13.3 microdeletion syndrome [ 22 ]. Finally, evaluat-
ing DSB repair efficacy can help predict therapeutic responses
in patients with inherited or acquired HR deficiency (HRD)
when receiving treatment with PARP inhibitors for breast,
ovarian, prostate, or pancreatic cancers [ 23 , 24 ]. 

Considering their clinical utility, computational and experi-
mental studies have sought to understand DSBs and the mech-
anisms by which DSB repair can introduce variants (includ-
ing SVs). For instance, previous research has employed repair-
associated features to construct simple decision trees for cat-
egorizing germline SVs found in the 1000 Genomes Project
(1KG phase 1) [ 25 , 26 ] and variants in HuRef [ 27 ]. While
this approach is sound, these methods mainly rely on sequence
homology and repetitive element annotations to define an SV
mechanism class. Moreover, these studies have only charac-
terized a small subset of SVs derived from low-coverage sr-
WGS data, thereby overlooking the comprehensive landscape
of SVs across the genome. In contrast, in recent years, nu-
merous experimental studies have revealed complex interac-
tions among various genomic, epigenomic, and biophysical
features during DSB repair [ 28 , 29 ]. For example, multiple
low-throughput reporter assays (such as BLESS [ 30 ] or TRIP
[ 31 ]) suggest that DNA accessibility is a relevant repair fea-
ture [ 16 , 32 , 33 ]. However, these studies are inherently biased
[ 34 ], as DSB formation is influenced by the selected restric-
tion enzyme or CRISPR[ 35 , 36 ], variability in mechanism fre-
quency due to the lack of cell cycle synchronization [ 37 ], and
biased repair usage depending on the cell types and states [ 38 ,
39 ]. The inherent limitations of experimental approaches have
resulted in inconsistencies across these studies. Furthermore,
structural biology studies have indicated that the biophysical
features of DNA near the breakpoints, such as flexibility, kink-
ing, or minor groove width (MGW), may lead to preferential
repair by repair complexes, although these studies are limited
in throughput [ 40 , 41 ]. Thus, it remains unclear whether there
are strict rules governing DSB repair choices. For example,
whether euchromatin or heterochromatin, including faculta-
tive and constitutive, is consistently and faithfully repaired via
HR or another homology-based repair mechanism (i.e. SSA or
aEJ) [ 42 ]. 

Considering these knowledge gaps and the rise of lrWGS-
based accurate SV catalogs, sufficient data is now available to
revisit and explore the relationship between SVs and features
that support DSB repair on a genome-wide scale. Therefore,
we utilized accurately identified SVs from multiple lrWGS
efforts (including the Human Genome Structural Variation 

Consortium [ 13 ] (HGSVC) and 1KG-ONT [ 43 ] study, as well 
as high-coverage srWGS (1KG phase3 extended project) [ 44 ] 
to comprehensively characterize the features underlying repair 
mechanisms. We began similarly to previous work [ 13 , 25 , 26 ] 
by employing a straightforward homology-based workflow 

to categorize SVs into distinct mechanism classes. Then, we 
systematically investigated the underlying discriminatory se- 
quence, biophysical, and epigenomic patterns associated with 

different homology-based SV categories identified by our sim- 
ple workflow. For instance, we found that local DNA shape 
and certain genome accessibility features can differentiate SV 

classes. Subsequently, we trained active-learning-based unsu- 
pervised machine learning models to exploit these discrimi- 
native features, going beyond sequence homology to refine a 
given SV’s underlying repair mechanism class. Next, we ap- 
plied these models to rare SVs from the high coverage 1KG 

project to recapitulate the established relationship between 

recombination rates and repair mechanisms in an ancestry- 
specific manner. Finally, a methodical comparison of de novo 

SVs from rare diseases and the 1KG dataset revealed differen- 
tial levels of the H3K27me3 histone modification. Overall, our 
work develops and applies new methods to provide extensive 
insights into SVs and their mechanisms of introduction. 

Materials & methods 

Relevant terms and abbreviations provided ( Supplementary 
Table 1 ). We utilized resolved germline SVs from the HGSVC2,
1KG, and 1KG-ONT projects in this work. All these stud- 
ies employed the hg38 reference genome to identify variants.
We note that sequencing, assembly algorithms, and variant 
calling strategies were project specific. HGSVC2 serves as a 
resource of haplotype-specific SVs identified with Phase As- 
sembly Variant (PAV) [ 13 ] and merged across 35 individuals 
sequenced with PacBio (unique SVs: n INS = 65 836; n DEL = 

40 496). The pilot 1KG-ONT study identified SVs from Ox- 
ford Nanopore sequencing involving 100 individuals. The SVs 
were merged using Jasmine [ 83 ] and subject to five distinct 
SV calling strategies (unique SVs: n INS = 62 929, n DEL = 49 

435). Finally, the 1KG study contains SVs from 3202 indi- 
viduals sequenced with Illumina, which includes 602 trios.
We used the high-confidence variants generated by integrating 
SVs using GATK-SV [ 84 ], svtools [ 85 ], and Absinthe ( https:// 
github.com/ nygenome/ absinthe ; unique SVs: n DEL = 57 243).
For HGSVC2 and 1KG-ONT, we utilized both insertions and 

deletions, while for the 1KG project, we only used deletions to 

mitigate quality issues from assembling insertions from short- 
read sequencing. 

Building a homology-based workflow 

We initially labeled SVs solely based on their local homol- 
ogy. Using the reference genome, we extracted 1975 bp se- 
quences upstream and downstream of the breakpoints, which 

were concatenated to the first or last 25 bp of the SVs, respec- 
tively. Next, we performed a gapless alignment between these 
two sequences with a word size of 5 and a minimum iden- 
tity of 80% using BLAST. We required alignments to have op- 
posing orientations and to include ±2 bp of the breakpoint.
In this way, we considered alignments that captured plausi- 
ble repair events via the introduction of the SV. Finally, we 
selected the alignment result with the highest bit score. Our 
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oal was to create SV classes reflective of DSB repair path-
ays, including HR, SSA, aEJ, and NHEJ [ 46–49 ]. Therefore,
e classified SVs with long alignments (a minimum length of
00 bp out of 2000 bp) and high-quality alignments (a min-
mum identity of 90%) into the high local homology (HLH)
lass, inspired by HR. In contrast, we designated SVs to the
ntermediate local homology (ILH) class if they had shorter
lignments (length between 20 and 100 bp) and slightly lower
uality alignments (minimum identity of 80%). Next, we la-
eled variants for which BLAST could not identify homology
s having no local homology (NLH), representative of SVs as-
ociated with NHEJ. Lastly, we categorized SVs where homol-
gy was recognized but did not meet the HLH or ILH thresh-
lds as undefined. To describe the concordance between this
orkflow and Breakseq v2 [ 25 ], we assigned HGSVC2 SVs
sing both methods. 
To demonstrate the efficacy of this workflow, we utilized so-
atic SVs from cancer cohorts. We hypothesized that since ex-

reme variant patterns are not anticipated within the germline
ariation profile of a healthy genome, utilizing samples with
nown deficiencies or proficiencies in relevant repair path-
ays would provide a better proxy for evaluating our frame-
ork. Therefore, we obtained SVs sequenced using Illumina

nd called with Manta [ 86 ] from the 100KG Project [ 50 ]. We
etrieved mutational signature contributions previously com-
uted using COSMICv2 [ 87 ] in tandem. We established co-
orts to represent positive and negative controls based on evi-
ence of HR deficiency (HRD) or proficiency (HRP) and mis-
atch repair deficiency (MMRD) or proficiency (MMRP), as

heir mechanisms differ in their utilization of homology. We
alculated the proportion of deletions assigned to NLH within
 sample. We considered the workflow successful if HRD and
RP samples exhibited a noticeable shift in %NLH, while
MRD and MMRP samples did not. We selected breast inva-

ive carcinoma (BRCA) and colon adenocarcinoma (COAD)
ecause of their higher rates of HHRD and MMRD, respec-
ively [ 51 ], where we utilized signatures 3 and 6, respectively.

e defined a sample as deficient in a repair mechanism if
he relevant signature’s contribution was above the 95th per-
entile within the cancer study . Conversely , samples with con-
ributions of 0 in the appropriate signature were considered
proficient.” Consequently, we identified 152 samples with
RD, 909 with HRP, 103 with MMRD, and 155 with MMRP.

ctive-learning-based unsupervised clustering 

trategy 

e aimed to develop a model that better capitalizes on the fea-
ures underlying DSB repair, extending beyond just local ho-
ology. Therefore, we annotated SVs, their breakpoints, and

heir 2000 bp upstream and downstream flanking sequences
ith features including sequence characteristics, epigenomics,

eplication timing, repetitive elements, non-B DNA structures,
nd DNA shape. Given the chromosome and length biases
cross these features, we generated 100 simulations using
URVIVOR [ 54 ], which matched the real SVs in type, chro-
osome, and length. Subsequently, we annotated both the ob-

erved and simulated SV datasets. 
The sequence features we calculated for the SVs and flanks

ncluded means and standard deviations in %GC content,
tability , flexibility , and complexity (Shannon’s entropy with
0 bp sliding windows). When annotating germline SVs,
e used data from H1-hESC as a proxy due to its spatial
and temporal similarities in introducing SVs in the germline
[ 53 ]. We estimated epigenomic profiles via Chip-Seq (CTCF,
H2AFZ, H3K27ac, H3K27me3, H3K36me3, H3K4me1,
H3K79me2, H3K9ac, H3K9me3, and H4K20me1), DNase-
seq, and WGB-seq experiments provided by ENCODE.
We downloaded datasets from the ENCODE portal [ 88 ]
( https:// www.encodeproject.org/ ) with the following identi-
fiers: ENCBS718AAA and ENCBS111ENC. We calculated the
mean and standard deviation of the signal for the flanks (in-
sertions and deletions) and the deleted regions using pybigwig
( https:// github.com/ deeptools/ pyBigWig/ ). We used a 16-stage
Repli-seq experiment [ 89 ] from the 4D Nucleome Data portal
[ 90 ] to quantify the replication timing at SV breakpoints. This
data was further processed using the RepliSeq package [ 91 ],
which provides an S50 value. S50 represents the S phase frac-
tion, between 0 (early) and 1 (late), indicating the fraction of
cells in a region that have undergone replication. To describe
repetitive elements, we counted the number of LINEs, low
complexity regions, LTRs, satellites, simple repeats, and SINE
motifs in the flanks and SV, as determined by RepeatMasker.
Similarly, we counted the number of non-B DNA structures
(G-quadruplexes, Z-DNA, A-phased repeats, direct repeats,
mirrored repeats, and short tandem repeats) within the flank-
ing sequences using the nonB-GFA tool [ 92 ]. Finally, we cal-
culated the mean and standard deviation of DNA shape (mi-
nor groove width (MGW), helical twist (HelT), propeller twist
(ProT), roll, and electrostatic potential (EP)) within the SV and
flanking sequences using DNAShapeR [ 93 ]. Briefly, the DNA
shape features produced by DNAShapeR were derived from
pentamer nucleotides that underwent all-atom Monte Carlo
(MC) simulations. This pentamer dataset was compiled by
conducting MC simulations of 2121 distinct DNA fragments
of varying lengths (12–27 bp) sourced from DNA and protein-
DNA complex structures available in the Protein Data Bank.
Upon completing the annotations, we matched the real SVs to
their simulations to calculate a z -score normalized value for
all the features. These z -scores thus describe the extremeness
of each real SV’s feature relative to their simulations. Subse-
quently, we applied these normalized features to train an un-
supervised model using an active learning approach. 

To begin, we developed insertion and deletion models in-
dependently. We then randomly withheld SVs in chromo-
somes 3, 5, 14, 17, 20, and 22 from HGSVC2 during train-
ing. We started with all possible flanking, breakpoint, and
SV feature annotations to train our model. Subsequently, we
reduced the number of features to include only those that
displayed statistical significance across any workflow labels
based on an ANOVA test. Furthermore, we retained only one
of two features if they had correlations exceeding 0.95 to
avoid redundancy and to reduce model complexity. We also
performed hyperparameter tuning to obtain optimized pa-
rameters for our unsupervised clustering algorithm, produc-
ing clusters that align but do not strictly require homology
thresholds. We chose Hierarchical Density-Based Spatial Clus-
tering of Applications with Noise (HDBSCAN) [ 59 ] to main-
tain the gradient-like relationships observed when comparing
HLH, ILH, and NLH, while effectively handling noise and
density variations and alleviating the need to select the num-
ber of clusters. We optimized various parameters, including
the number of dimensions for reduction using PCA (2, 5, 10,
20), the minimum number of points in a cluster (300, 500,
700, 900, 1100, 1300), and the distance metric (Bray-Curtis,
Canberra, Chebyshev, Euclidean, Manhattan). We identified

https://www.encodeproject.org/
https://github.com/deeptools/pyBigWig/
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“high quality” points assigned to each cluster for every com-
bination of parameters. These points are defined as those with
a cumulative confidence higher than 0.5 (i.e. not noise), and
those where the difference between the highest and second-
highest cluster assignment probability exceeds 0.25 (i.e. SV is
confidently assigned to a specific cluster). For each parameter
combination we considered, we required that at least 50% of
the SVs from each workflow class be classified as “high qual-
ity.” In tandem, we assigned clusters a pseudo-label based on
the greatest proportion of the workflow label represented (i.e.
HLH, ILH, NLH, Undefined). Using the workflow labels and
their assigned pseudo-labels, we applied Fisher’s Exact tests
between the clusters with the greatest proportion of HLH
and NLH SVs. Our optimal parameter combination yielded
the greatest odds ratio (OR). Together, these requirements en-
sured large-scale and high-quality clustering while leveraging
but not explicitly requiring homology as the sole feature. 

Next, we used each cluster’s subset of “high quality” points
to train a simple k-nearest neighbor (KNN) model using Eu-
clidean distance. We chose this approach since HGSVC2 SVs
are considered the highest quality; therefore, we assumed the
patterns underlying these clusters would be the most reliable
and discriminative. To find the optimal number of neighbors
to consider, we used the following expressions, 

kvalues = { k | k = k start + 10 n, n ∈ N, k start ≤ k ≤ k end };
k start = 

√ 

# SV s − 50 and k end = 

√ 

# SV s + 50 

We initialized with 

√ 

# SV s and used a step size of 10, up to
50 (represented by n ). We conducted 6-fold cross-validation
to identify the optimal kvalue , using distinct subsets of chro-
mosomes in each fold. Since the mean accuracy remained high
across all the folds, we selected the kvalue with the least vari-
ation in the accuracies. After training an insertion and dele-
tion model, we froze the optimal PCA preprocessing and KNN
models, allowing them to be applied to independent datasets
without retraining. Following clustering, we considered the z -
scores of the alignment lengths. For each cluster, we defined
homology-driven ( HD ) and nonhomology-driven ( nHD ) sub-
clusters to discriminate between SVs with z -scores above and
below 2, respectively. We then applied these models and sub-
cluster classifications to the held-out HGSVC2 SVs and SVs
from 1KG-ONT and 1KG. 

Downstream analyses 

Beyond building a homology-based and an unsupervised ap-
proach for assigning DSB repair mechanisms to label SVs,
we performed a series of downstream analyses to character-
ize the distinct repair classes. For instance, we annotated SV
breakpoints using the 18-state H1-hESCs Chrom-HMM [ 52 ]
annotations to understand epigenetic state differences among
various homology-based SV categories. Furthermore, we cal-
culated the standardized residuals ( r ) derived from χ2 tests
to quantify the difference in expected contributions. We also
calculated the mean enrichment score (ES) as a complemen-
tary approach to quantify enrichment or depletion patterns
of SVs overlapping with functional genomic elements, rela-
tive to SV simulations. Using the observed and matching simu-
lated SVs, we used bedtools [ 94 ] to intersect insertions’ break-
points or the deleted regions (minimum of 1bp) with several
genomic features. As such, SVs were intersected with features
including coding regions (CDS), candidate cis- regulatory ele-
ments (cCREs) from SCREEN [ 95 ] (including proximal and
distal enhancer-like signatures), topologically associated do- 
mains (TADs) [ 96 ], T1 and T2-lamina associated domains 
(LADs) [ 97 ], common and rare fragile sites [ 98 ], and regions 
mapping to > 95% Segmental Duplications. We selected this 
collection of elements to strategically assess the relationships 
between global negative selection pressures and DSB repair 
strategies. With these features, we calculated a fraction, then 

an enrichment score (ES) and empirical P -values; 

fraction = 

# SV s with 1 bp intersection within feature 
Total SV s 

ES = 

∑ 100 
i =1 

Fractio n Real −Fractio n ith simulation 
Fractio n ith simulation 

100 

i f ES > 0 , p − value = 

N ( Fractio n Real ≥Fractio n simulations ) + 1 

101 

i f ES ≤ 0 , p − value = 

N ( Fractio n Real < Fractio n simulations ) + 1 

101 

Given that ES is a direct comparison between observed and 

simulated SVs, an ES > 0 represents an enrichment of real 
SVs within a genomic element. In contrast, an ES < 0 repre- 
sents a depletion pattern. ES was calculated by dataset and 

label, along with an agglomerated ES (“All together”). We 
used a similar strategy to assess gene sets, including house- 
keeping genes and pathways from Reactome [ 99 ]. In this case,
we aimed to probe potential relationships between gene func- 
tion and DSB repair choice, whereby the selected pathways 
are alluded to in Ebert et al .[ 13 ]. 

We then used the previously published machine learning 
model, Orca [ 61 ], to investigate the role of repair mecha- 
nisms in genomic folding. We filtered for HGSVC2 deletions 
exceeding 4000 bp at a 1 Mb resolution, where one pixel 
represents 4000 bp. The results included predicted wildtype 
(wt) and mutant contact maps, representing pairwise interac- 
tions by log e ( fold over distance based background ) . We used 

the matching wt and mutant 0.5 Mb up and downstream con- 
tact maps when measuring change. We employed the struc- 
tural similarity index measure (SSIM) and absolute Spear- 
man’s correlation coefficient as small- and large-scale change- 
to-folding metrics, respectively [ 62 ]. SSIM is a measure to de- 
scribe structural changes as per the perceived similarity of two 

contact maps. In contrast, Spearman’s correlation can quan- 
tify changes in the intensity rank and can further be processed 

to indicate the A/B compartment. We further demonstrated 

changes in folding by selecting two SVs of similar length and 

in proximity, chr8-7194444-DEL-8515 and chr8-7283532- 
DEL-15242. We calculated the difference in 3D interactions 
by directly comparing their wt and mutant contact maps. 

To strategically uncover DSB repair choice inclination in 

the genome, we investigated SV hotspots by cluster label. We 
filtered for rare SVs (AF < 1%) from the 1KG project to disso- 
ciate regional repair bias from common SVs. For each individ- 
ual, we counted the number of CI HD 

and CII nHD 

SVs within a 
1Mb window across the genome. For each population, we cal- 
culated a “hotspot threshold” using the 90th percentile from 

the SV counts, since baseline variation differs by population.
For each population, window, and subcluster class, we then 

counted the number of individuals who met this SV count 
threshold, therefore describing individuals with an abundance 
of SVs in a specific window in a cluster-specific manner. We 
used the CI HD 

and CII nHD 

cluster values to conduct a Fisher’s 
Exact test for each population and window. An OR > 1 in- 
dicates a window enriches CI HD 

SVs, while an OR < 1 in- 
dicates an enrichment of CII nHD 

SVs. Finally, we applied a 
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enome-wide Benjamini/Hochberg P -value adjustment for the
ests at a population level. For visualization, ORs exceeding
ve were capped to five. 
We expect regions with rates of greater homology-driven

epair to display high recombination rates. Therefore, we as-
igned population-specific recombination rates to the break-
oints of rare SVs from 1KG. For each individual and subclus-
er class, we calculated the mean recombination rate of their
Vs and then determined a cluster and population-specific me-
ian recombination rate. To assess population structures, we
alculated the absolute difference in median recombination
ates for each pair of populations. Upon combining CI and CII
ubclasses, when two populations exhibit a large difference in
ecombination rates for a given class, it indicates greater diver-
ence in the deployment of recombination. For visualization,
he populations were organized according to the hierarchical
lusters identified by Spence et al.[ 63 ]. 

To formally investigate the role of DSB repair choice and
athogenicity, we filtered the 1KG SVs based on those identi-
ed in probands. We created three groups of SVs from healthy
ndividuals, which included common (AF > 5%) and rare
Vs (AF < 1%) with evidence of inheritance, as well as rare
Vs lacking evidence of inheritance, which are thus consid-
red de novo for the proband. Next, we obtained de novo
Vs from various rare disease cohorts in 100KG using the de
ovo variant dataset, filtering for deletions greater than 50
p, along with variants that passed the altreadparent , abra-
ion, and patch filters. This resulted in cohorts of individuals
ith neurological and neurodevelopmental disorders (NND;
 = 209), ultra-rare disorders (URD; n = 37), cardiovascular
isorders (Cardio; n = 24), renal and urinary tract disorders
RUT; n = 21), endocrine disorders (Endo; n = 20), and other
isorders ( n = 85). Following the application of the KNN
eletion model and z -score-based threshold, we compared the
roportion of unique SVs assigned to CI and CII across these
ohorts. Finally, we examined all the z -score-based features
hat underlie the cluster labels (i.e. CI and CII ) across cohorts.
ur goal was to determine whether there was evidence of a

eature that could distinguish inherited from de novo SVs, as
ell as SVs from healthy and diseased individuals. We believe

his highlighted the importance of studying underlying pat-
erns in repair when considering repair mechanisms, modes
f inheritance, and the impact of SVs. To achieve this, we cal-
ulated the absolute Cohen’s d effect size across all z -score
tandardized features, comparing all cohorts and both clus-
ering classes, CI and CII . From previous work, Cohen’s d
alues of 0.5 and 0.8 indicate medium and large effect sizes,
espectively [ 58 ]. To evaluate phenotypic differentiation, we
ocused on participants with URDs, given the notable pattern
e observed in local H3K27me3 levels, along with their com-
lex and multisystem phenotypes. We conducted Fisher’s Ex-
ct tests for reported phenotypes by comparing individuals
ith CI and CII de novo SVs, along with the presence or ab-

ence (including ‘No’ and ‘Unknown’) of a documented phe-
otype. 

esults 

pplication and validation of local homology-based
orkflow using several SV catalogs 

n our work, we included SVs from two lrWGS (HGSVC [ 13 ]
nd 1KG-ONT [ 43 ] and one srWGS (high-coverage 1KG [ 44 ]
project) studies to capture germline variant diversity at the
population level. Prior research has shown that local homol-
ogy near breakpoints can influence repair choice [ 45 ]. There-
fore, we extracted genomic regions corresponding to 1975 bp
upstream or downstream of the SV, along with the first and
last 25 bp within the SV breakpoint junction. Subsequently,
we performed pair-wise sequence alignment between these re-
gions. We only considered alignments with opposing orien-
tations relative to the breakpoints and those that are proxi-
mal to the SV breakpoint. Finally, we assessed the alignment
length and quality to categorize SVs into distinct homology
groups (Fig. 1 A). For example, SVs with high local homology
(HLH) required a minimum alignment length of 100 bp and
sequence identities above 90%. In contrast, intermediate lo-
cal homology (ILH) required alignment lengths between 20
and 100 bp, with identities greater than 80%. In this con-
text, the ILH class SVs resembled variants induced by SSA
and aEJ pathways. While these pathways are functionally dis-
tinct, they remain largely understudied and difficult to differ-
entiate using strict homology thresholds [ 46 ]; therefore, we
grouped these SVs together. SVs could also exhibit no local
homology (NLH) or be categorized as “undefined” if their
length or alignment quality did not meet these thresholds. Our
homology length and quality thresholds reflect experimen-
tally derived values from proteins involved in HR, SSA, aEJ,
or NHEJ [ 46–49 ]. Upon applying this workflow, we found
that NLH represents the largest proportion of SVs, regardless
of the SV dataset (Fig. 1 B; Supplementary Fig. S1 ). For in-
stance, we observed that NLH, ILH, HLH, and undefined clas-
sifications accounted for 52.6%, 26.0%, 7.6%, and 13.8%
of unique insertions from HGSVC2, respectively. We found
similar contribution patterns for 1KG-ONT insertions, clas-
sified as NLH (47.3%), ILH (27.1%), and HLH (5.3%) by
our homology-based workflow. These proportions remained
consistent among deletions. We found that the distribution
of SV lengths among NLH, ILH, and HLH SVs was similar;
however, Undefined SVs skewed toward longer length values
( Supplementary Fig. S2 ). 

We subsequently utilized the SVs from the HGSVC2 project
to compare our results to another sequence-based SV mech-
anism tool, Breakseq2 [ 25 ]. Although Breakseq employs dis-
tinct homology metrics and incorporates additional repeat an-
notations, we observed a general alignment between the two
methods. We found that 89.9% of HLH-labeled insertions
were classified as NAHR, while 7.6% were classified as non-
homologous recombination (NHR; Supplementary Fig. S3 A).
This pattern also applied to deletions, with 74.3% and 2.2%
of HLH SVs categorized as NAHR and NHR, respectively
( Supplementary Fig. S3 B). 

We found minor differences in the label assignment pro-
portions when analyzing the lrWGS dataset (HGSVC2) and
the srWGS dataset (1KG project). Therefore, we compared
these datasets using SVs at an individual level, using individu-
als common to both studies ( n = 34). We assumed HGSVC2
SVs are of the highest quality, as they were identified from
haplotype-specific assemblies derived from lrWGS (PacBio)
sequencing data. As expected, we found that among dele-
tions, the per-individual proportion of HLH SVs in HGSVC2
( μHGSVC 2 = 5 . 85% ) was significantly higher than in 1KG
( μ1 KG 

= 1 . 11% ; P -value = 1.59e-36; Fig. 1 C). In contrast, the
NLH proportions per individual were significantly lower for
HGSVC2 ( μHGSVC 2 = 48 . 5%) compared to the 1KG dataset
( μ1 KG 

= 60 . 87% ; P -value = 1.58e-29). 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1325#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1325#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1325#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1325#supplementary-data
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Figure 1. The homology-based framework to describe SV introduction as per DSB repair mechanisms. (A) . Schematic of the homology-based label 
w orkflo w. T he 1975 bp upstream and do wnstream sequences local to deletions (depicted) and insertions are aligned with 25 bp of the SV without gaps 
using BLAST. Alignment, orientation, and the inclusion of the breakpoint are assessed. Quality and length determine the SV class. (B) . Proportion of 
w orkflo w labels applied to unique SVs in lrWGS (HGSVC2 & 1KG-ONT) and srWGS (high co v erage 1KG phase 3) datasets. (C) . Per-individual proportion 
of deletions labeled with the w orkflo w when applied to individuals in both HGSVC2 and 1KG ( n = 34). The proportions of individuals are connected with 
lines in the violin plots. (Paired t-tests). (D-E) . The distribution of resolved somatic deletions (50 bp + ) labeled as HLH among the 100KG project cohorts, 
visualized with kernel density estimate (KDE) plots. The selected cohorts demonstrate distinct patterns of repair to validate the workflow. The breast 
cancer (BRCA) group served as the positive control to monitor HR efficacy (D) , while the colorectal cancer (COAD) cohort served as the negative control 
to observe MMR (E) . Repair-deficient cohorts are shown in red, while repair-proficient cohorts are in blue. Dotted lines depict a cohort’s mean %HLH. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

To validate our overtly simple homology-based workflow,
we utilized SVs from samples with known extreme repair
patterns. Therefore, we constructed sample cohorts of short-
read somatic SVs from the 100 000 Genomes (100KG) [ 50 ]
project to demonstrate changes or the absence of change in
the proportion of NLH SVs. We used breast and colorec-
tal cancer samples (BRCA; COAD) to leverage HR and mis-
match repair (MMR) proficiency, respectively [ 51 ]. We found
that HR-deficient samples tend to have more NLH deletions
(91.2%) than HR-proficient samples (60.8%; P -value = 2.3e-
29; Fig. 1 D). In contrast, although still statistically different
( P -value = 1.2e-08), the MMR-deficient (59.5%) and profi-
cient samples (67.5%) exhibited a much smaller difference
in NLH assignment (Fig. 1 E). These findings illustrate how
the workflow uniquely captures SVs introduced by homology-
based repair mechanisms. 

Genomic elements are uniquely enriched among 

homology-based workflow labels 

Our homology-based workflow connects DSB repair mecha-
nism patterns with SVs. However, our simple workflow does
not consider additional sequence and epigenetic features that 
likely influence DSB repair choice. These patterns are partic- 
ularly interesting since previous studies exploring epigenetic 
differences among DSB repair strategies have revealed incon- 
sistencies regarding whether certain DSBs in heterochromatin 

regions tend to be repaired via HR, aEJ, or NHEJ. Variations 
in experimental models and their inherent biases may explain 

these discrepancies [ 34 ]. Therefore, we utilized our extensive 
catalog of genome-wide SVs to better understand global ge- 
nomic and epigenomic patterns in repair. To accomplish this 
goal, we applied the 18-state ChromHMM [ 52 ] annotations 
from H1-hESC (H1) cell lines as a proxy for the germline [ 53 ].
We found that upstream breakpoints of HLH deletions favor 
heterochromatin regions (standardized residual ( r ) r HLH 

= 

6 . 5 ; Supplementary Table 2 A, Fig. 2 A), while ILH breakpoints 
overlap with weak ( r ILH 

= 11 . 7 ) and strong transcription sites 
( r ILH 

= 7 . 4 ). Furthermore, NLH breakpoints predominantly 
occupy epigenetically quiescent regions ( r NLH 

= 10 . 6 ) within 

the genome. We observed a similar pattern of association be- 
tween chromatin states and homology profiles for flanking re- 
gions downstream to breakpoints in deletions and insertions 
( Supplementary Table 2 B; Supplementary Fig. S4 ). 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1325#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1325#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1325#supplementary-data
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Figure 2. Enrichment of genomic elements, highlighted as per the homology-based workflow. (A) . Stacked bar plots illustrate the proportion of 
upstream deletion breakpoints from HGSVC2 that fall within ChromHMM states. The bottommost bar represents these proportions across all 
simulations, while the bars abo v e sho w the breakdo wn b y label (HLH, ILH, NLH). (B) . Enric hment and depletion pat terns of SVs across genomic 
elements are depicted. Each marker indicates the magnitude, direction, and statistical significance of the mean enrichment score (ES). Magnitude and 
direction are differentiated by color, whereas statistical significance (represented as -log(empirical P -value)) is indicated by the marker size. The leftmost 
column demonstrates the aggregated ES among deletions and insertions, while the other columns are specific to w orkflo w labels and datasets. The 
elements considered include coding regions (CDS), proximal and distal enhancer-like elements (pELS, dELS), topologically associated domains (TADs), 
T1 and T2 lamina-associated domains (LADs), common and rare fragile sites, and segmental duplications abo v e 95% sequence identity. For 
visualization, the ES color intensity was capped between -1 and 1. (C-E). Bar plots illustrate the ES for deletions and insertions subject to CDS 
perturbation in gene sets. Mean ES (bar height and direction) and standard deviations (error bars) reveal the aggregated enrichment patterns, along with 
label and dataset specifics. Gene sets include housekeeping genes (HRT Atlas v1.0; C ), Diseases of glycosylation (R-HSA-3781865; D ), and binding and 
uptake of ligands by scavenger receptors (SRs; Reactome; R-HSA-2173782; E ). 
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Beyond chromatin state differences, we examined the vari-
bility in selection pressures observed among distinct cate-
ories of SVs (based on the simple workflow classes) affecting
arious genomic elements. We generated 100 simulated SVs
or each observed SV using StructURal Variant Majority Vote
SURVIVOR) [ 54 ] tool to quantify these selection pressures.
riefly, SURVIVOR utilizes a specified length, class, and refer-
nce genome to generate simulated SVs that match in length,
V type, and chromosome. We then calculated a mean enrich-
ent score (ES) using the expected and observed SV profiles.
verall, we observed significant depletions of SVs overlapping
ith various functional elements in the genome (Fig. 2 B), re-

ardless of the homology-based label, aligning with prior stud-
es [ 55 ]. However, we found variability in the magnitude and
irection of these selection pressures among distinct SV cate-
ories. For example, among candidate cis- regulatory elements
cCREs) such as proximal enhancer-like signatures (pELS), the
epletion strength for deletions in HGSVC2 is much stronger
among HLH SVs (ES HLH 

= -0.779, P -value = 0.009) com-
pared to ILH (ES ILH 

= -0.246, P -value = 0.009) and NLH SVs
(ES NLH 

= -0.345, P -value = 0.009). This pattern was gener-
ally consistent across other genomic elements, including distal
enhancer-like signatures (dELS), lamina-associated domains
(LADs), and rare fragile sites. Interestingly, HLH insertions
are enriched in segmental duplications (SD; ES HLH 

= 1.89,
P -value = 0.009). However, for deletions, there was no sig-
nificant enrichment/depletion pattern in HLH SVs at CDSs
(ES HLH 

= 0.08, P -value = 0.326). Therefore, we found that
the workflow-based labels align with paradoxes in the litera-
ture, where homology-based repair appears functional in both
heterochromatin and euchromatin regions. 

Considering the surprising enrichment pattern of HLH
insertions overlapping with CDS elements, we investigated
whether a gene’s function could be driving this observa-
tion. Therefore, we quantified the enrichment score of SVs
overlapping with specific gene sets, selected based on the
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Figure 3. Probe into the underlying features that discriminate homology-based labels. (A) . A schematic depicting the strategy to standardize SV, with 
20 0 0 bp flanks and breakpoint features. HGSVC2 SVs are labeled with homology-based annotations. In tandem, 100 simulated SVs are generated using 
SUR VIVOR f or each SV. T hese simulated SVs match the observ ed S Vs’ chromosome, S V type, and S V length. Each observed and simulated S V is then 
annotated with features describing their local homology, sequence (including repetitive elements), replication timing, presence of non-B DNA motifs, 
epigenomics (derived from ChIP-Seq, DNA methylation, and DNAase-seq), and DNA shape. Finally, a standardized z -score is calculated for each feature. 
(B–E) . Underlying patterns supporting HGSVC2 deletions. (B) . B o xplots depicting the absolute effect sizes of deletions. Each boxplot illustrates a 
pairwise comparison between two workflow labels for a feature type, with effect sizes measured using Cohen’s d. Medium and large effect sizes are 
indicated with dotted lines at 0.5 and 0.8, respectively. (C) . A barplot highlighting the top 15 most discriminatory features based on effect sizes between 
HLH and NLH. The color of the bar corresponds to the feature type. (D-E) . B o xplots illustrating z -scores b y w orkflo w label according to the mean le v el of 
upstream DNA methylation (D) and the variation in upstream minor groove width (MGW; E ). For SVs with z -scores close to 0, the distributions of the 
observed and simulated SVs for the given feature are similar, as depicted by a dotted line. Extreme z -scores, those above 2 or below -2, are shown with 
solid lines. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

original HGSVC2 study [ 13 ]. First, we quantified the en-
richment pattern of SVs affecting housekeeping genes and
expectedly found negative selection pressure, irrespective of
the S V class (HGS VC deletions: ES HLH 

= -0.629; ES ILH 

= -
0.879; ES NLH 

= -0.783; Fig. 2 C). In contrast, we observed that
HLH and ILH deletions are especially enriched in the diseases
of glycosylation gene set (HGSVC deletions: ES HLH 

= 5.03;
ES ILH 

= 1.52; ES NLH 

= -0.721; Fig. 2 D), while ILH and NLH
SVs are more likely to impact genes in the scavenger recep-
tor binding and uptake pathway (HGSVC deletions: ES HLH 

=
-1.00; ES ILH 

= 2.55; ES NLH 

= 13.03; Fig. 2 E). However, when
considering insertions at these receptor binding genes, the
strength of this enrichment was weaker and less divergent for
NLH S Vs (HGS VC insertions: ES HLH 

= -1.00; ES ILH 

= 0.291;
ES NLH 

= 1.83). While these results seek to connect repair
mechanisms to gene function, the presence or absence of lo-
cal homology may be an inherent characteristic of the sur-
veyed genes. For instance, mucins in the glycosylation gene
set are filled with variable number tandem repeats [ 56 ], while
the variation in immune-related genes can be introduced via
NHEJ [ 57 ]. Therefore, for these gene sets, there may be a
built-in increase in the enrichment of HLH and NLH SVs,
respectively. 
DNA shape and epigenomics-associated features 

can discriminate between workflow labels 

Our observations of differences in chromatin states and se- 
lection patterns for distinct homology-based SV classes indi- 
cate the role of additional genetic and epigenetic features that 
may facilitate DNA repair. Thus, we comprehensively char- 
acterized the features that underlie SVs, including sequence 
attributes, DNA shape, repetitive motifs, epigenetics (histone 
profile and DNA accessibility), and replication timing. We 
calculated the z -score of these features for upstream and 

downstream flanks, breakpoints, and within SV regions using 
the observed and simulated datasets ( Supplementary Table 3 ,
Fig. 3 A). We obtained 135 and 109 features for deletions 
and insertions, respectively. Using the HGSVC2 dataset and 

workflow-based labels, we employed Cohen’s d effect sizes for 
pairwise comparisons (HLH vs. ILH, HLH vs. NLH, and ILH 

vs. NLH) to identify features contributing to their discrimina- 
tion. Cohen’s d measures the standardized difference between 

the means of two groups, where effect sizes of 0.5 and 0.8 

are considered medium and large effects, respectively [ 58 ]. We 
observed small effect sizes for most features when comparing 
HLH to ILH (Fig. 3 B & Supplementary Fig. S5 ). However,
there was greater separation between HLH and NLH SVs for 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1325#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1325#supplementary-data
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Figure 4. An active unsupervised clustering approach that exploits but does not strictly require thresholds for local homology. (A) . Graphic of the active 
unsupervised clustering approach used to exploit features underlying SVs. SVs from HGSVC2 in chromosomes 3, 5, 14, 17, 20, and 22 are held out. An 
insertion and deletion model was independently developed. The z -score standardized features are filtered. Upon optimizing preprocessing and 
parameters for Hierarchical Density-Based Spatial Clustering of Applications with Noise (HDBSCAN), clusters representing an enrichment in HLH and 
NLH SVs are identified. SVs with the highest quality cluster assignment were used to train a k-nearest neighbour (KNN) model. The models were frozen 
and applied to the held-out HGSVC2 SVs and SVs in 1KG and 1KG-ONT. Subsequently, SVs with z -scores abo v e 2 in alignment length were labeled as 
homology driven (HD), while others were labeled nonhomology driven (nHD). (B) . Heatmap visualizing the concordance between the homology-based 
and subclustering-based labels among the HGSVC2 deletions. Proportions are row-wise. (C) . Histograms and KDE plots depicting the distribution of 
z -scores from the upstream mean minor groo v e width (MGW). The top plot depicts HGSVC2 deletions labelled as ILH, while the bottom plot contains 
Undefined deletions. On both plots, and for both workflow-based labels, KDE plots show the distribution of z-scores among the subcluster-based labels, 
CI HD and CII nHD . (D) . A scatterplot comparing the effect sizes based on the workflow-based label (HLH versus NLH) and the cluster-based labels ( CI HD 

versus CII nHD ). A linear regression was fitted after e x cluding the homology-based features and is shown with a solid line. The dotted y = x line serves as 
a comparison, demonstrating identical performance. Features with consistently low effect sizes, falling below 0.5 in both labeling strategies, are shown 
in grey. The remaining points are colored by feature type, and the shape of the markers corresponds to SV type. (E) Stacked bar plot depicting the 
breakpoints of upstream breakpoints from deletions falling within ChromHMM states according to the cluster-based labels. (F) Sankey plot illustrating 
insertions at ChromHMM’s active transcription sites (TssA). The left side displays the homology-based label, while the right side corresponds to the 
cluster-based label. (G) B o xplots comparing the local changes in genomic folding based on the str uct ural similarity index measure (SSIM) between CI HD 

and CII nHD SVs (Mann–Whitney). (H) The change in local DNA interactions with the CI HD SV, chr8-7283532-DEL-15242. The 500 Mb wildtype and mutant 
windo ws do wnstream of the SV w ere directly compared. 
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eatures related to sequence, with a mean Cohen’s d of 0.623.
loser examination revealed that the top 15 most discrimi-
atory features between HLH and NLH deletions included
GC content, DNA methylation, local electrostatic potential

EP), and minor groove width (MGW; Fig. 3 C). We visualized
he average methylation of upstream flanking sequences and
ocal MGW variation in deletions using homology-based la-
els (Fig. 3 D and E). Notably, HLH SVs showed high normal-

zed mean methylation and low normalized MGW variation.
dditionally, the z -scores for NLH SVs were near 0, indicat-

ng similarity between observed and simulated SVs, suggesting
 background repair mechanism. Furthermore, for most fea-
ures, including methylation and MGW, undefined SVs had
z -scores similar to NLH SVs. These findings were generally
consistent across insertions ( Supplementary Figs S6 and 7 ).
Altogether, our analyses suggest that a broader inventory of
features may be utilized to differentiate between homology-
based labels, thereby providing evidence that these features
may support DSB repair. 

Harnessing discriminatory features beyond 

homology to infer the mechanistic origin of SVs 

Given that additional features beyond local sequence ho-
mology may describe patterns in repair choice, we trained
an active-learning-based unsupervised model to classify SVs

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1325#supplementary-data
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(Fig. 4 A). We reasoned that an unsupervised approach was
most appropriate, as strict homology thresholds might be
prohibitive for capturing the complete landscape of features
that could contribute to an SV’s introduction. Nonetheless,
strict homology-based high-confidence data points can serve
as pseudo-labels to guide the unsupervised model toward our
biological expectations, thereby emphasizing the importance
of local homology. In this approach, we first used hierarchi-
cal density-based spatial clustering of applications with noise
(HDBSCAN) [ 59 ] to perform high-quality SV cluster assign-
ments. Subsequently, we quantified cluster enrichment in NLH
and HLH SVs using the odds ratio (OR) and required that a
substantial proportion of SVs be represented in the resulting
clusters. Several models were evaluated by altering parame-
ter combinations for feature dimension reduction, cluster size,
and distance metrics. We then selected the model that reflected
the highest OR, thereby identifying clusters with the most sig-
nificant enrichment of NLH and HLH. Next, the high-quality
SVs and their pseudo-label assignments were passed on to k-
nearest neighbors (KNN) models. We trained separate mod-
els for insertions and deletions and utilized randomly held-
out chromosomes (chr 3, 5, 14, 17, 20, 22) for model evalu-
ation. Thus, our method employs additional underlying fea-
tures while leveraging the original workflow-based (i.e. HLH,
ILH, NLH) labels without imposing thresholds. 

Optimal clustering for deletions involved reducing
feature dimensions to five components, using Bray-
Curtis distance, and a minimum of 700 SVs per cluster
(OR HLH vs NLH 

= 125.59; Supplementary Table 4 A). This
approach utilized 121 features ( Supplementary Table 5 A)
to generate two clusters. For insertions, we reduced the
components to two, used the Canberra distance, and
required 1300 SVs per cluster (OR HLH vs NLH 

= 54.41;
Supplementary Table 4 B), resulting in four clusters based
on 95 features ( Supplementary Table 5 B). These clusters
were then assigned pseudo-identities to train and validate a
KNN model. The optimized KNN models for insertions and
deletions used 118 and 96 neighbors, respectively. Next, we
sub-categorized SVs within each cluster into homology-driven
(HD) and non-homology-driven (nHD) based on high and
low normalized homology-based alignment length scores,
respectively. Overall, we generated four and eight sub-clusters
for deletions and insertions, respectively. 

The trained KNN models and normalized alignment
length thresholding were subsequently applied to the held-
out SVs from HGSVC2 ( Supplementary Fig. S8 ), 1KG-
ONT ( Supplementary Fig. S9 ), and 1KG ( Supplementary
Fig. S10 ) datasets. We calculated the concordance between
the homology-based workflow and clustering labels using
HGS VC2 S Vs (Fig. 4 B & Supplementary Fig. S11 ). Among
the deletions, we identified two clusters ( CI, CII ), and for in-
sertions, we identified four clusters ( CI-IV ). In order, CI, CII,
CIII, and CIV had the highest proportions of HLH, NLH,
ILH, and Undefined SVs, respectively. Furthermore, we subdi-
vided these four clusters into HD and nHD subcategories/sub-
clusters based on the homology criterion. This method al-
lowed us to maintain rules regarding the expectation of
homology in repair ( Supplementary Fig. S12 ) while cap-
turing underlying patterns. For example, the HLH and CI
groups both show high standardized mean upstream flank-
ing %GC, whereas the NLH and CII groups show the op-
posite ( Supplementary Fig. S13 ). Overall, we observed strong
agreement between the workflow and clustering-based meth-
ods. For instance, our approach labeled 83.9% of HLH dele- 
tions and 78.9% of NLH deletions as CI and CII , respectively.
Interestingly, most undefined deletions were assigned to CII 
( CI I HD 

at 32.4%, & CI I nHD 

at 39.3%). 
Next, we examined specific cases where clustering im- 

proved the characterization of SVs compared to homology- 
based labeling. For example, the ILH deletions, chr1- 
248746661-DEL-59 and chr1-246387882-DEL-312, are 
in proximity to each other, with equivalent alignment 
length and quality ( Supplementary Fig. S14 AB). However,
chr1-248746661-DEL-59 was assigned to CI , while chr1- 
246387882-DEL-312 was assigned to CII. A close inspection 

of their local contexts suggested that chr1-248746661-DEL- 
59 is nested within a direct repeat (DR) with high %GC and 

consistent MGWs. In contrast, only the downstream flank of 
chr1-246387882-DEL-312 falls within a DR in a low %GC 

region with fluctuating MGWs ( Supplementary Fig. S14 CD).
This indicates that although these SVs share significant 
homology at their breakpoint junctions through clustering,
their local contexts may also influence the differentiation of 
underlying repair mechanisms. Similarly, to explore other 
ambiguous cases, we analyzed the clustering of ILH and 

Undefined deletions. First, we examined the distribution 

of features such as the mean MGW of the upstream flank.
Previous studies indicate that MRX/N, the complex that 
initiates DSB processing, can bind at the minor groove [ 60 ],
and even favors DNA sequences with greater local MGW 

[ 40 ]. We observed that, expectedly, the local mean of MGW 

z -scores from HLH ( μMGW 

= 1 . 94 ), ILH ( μMGW 

= 1 . 03 ), and
NLH ( μM G W 

= 0 . 75 ) deletions, decreases. We observed that 
following sub-clustering, ILH ( C I HD 

= 1 . 52 , CI I nHD 

= 0 . 08 ),
and Undefined ( C I HD 

= 2 . 14 , CI I nHD 

= −0 . 11 ) deletions 
could be further partitioned using mean MGW z -scores 
(Fig. 4 C). This was particularly evident, as the distribution 

of Undefined SVs MGW z -scores has a long right tail, which 

is subsequently labelled to the CI cluster. To confirm the 
generalizability of these improvements, we directly compared 

the effect sizes between HLH and NLH to those between 

the CI HD 

and CII nHD 

subclusters (Fig. 4 D). Although some 
features were maintained or even decreased in their ability to 

differentiate the classes, excluding homology-based features 
resulted in a significant performance improvement ( β = 

1.787, P -value = 1.878e-49, R 

2 = 0.601). We found that the 
clustering-based strategy enhanced the effect sizes of several 
features, including sequence, DNA shape, replication timing,
and epigenetics, specifically for DNA methylation, chromatin 

openness (as measured by DNase-seq), and H3K27me3 

features. 
Subsequently, we recharacterized ChromHMM states us- 

ing our clustering labels (Fig. 4 E; Supplementary Fig. S15 ; 
Supplementary Table 6 AB). We found that the upstream 

breakpoints of CI HD 

deletions are enriched in weak transcrip- 
tion regions ( r C I HD = 12 . 1 vs r CI I nHD = −15 . 2 ) and weak re-
pressed polycomb sites ( r C I HD = 9 . 6 versus r CI I nHD = −14 . 0 ).
In contrast, CII nHD 

SVs displayed very strong enrichment in 

quiescent regions ( r C I HD = - 12 . 7 versus r CI I nHD = 17 . 8 ). Most 
interestingly, we found that bivalent transcribed transcription 

start sites ( r C I nHD = 7 . 5 ) were uniquely enriched among CI nHD 

SVs. We then examined the ChromHMM state of SVs, demon- 
strating inconsistency between the clustering and workflow 

methods. For instance, we found that NLH SVs in active tran- 
scription start sites (Fig. 4 F) and those in repressed polycomb 

complex regions ( Supplementary Fig. S16 ) were primarily as- 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1325#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1325#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1325#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1325#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1325#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1325#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1325#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1325#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1325#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1325#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1325#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1325#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1325#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1325#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1325#supplementary-data
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igned to CI . These findings indicate that the clustering-based
trategy learns features beyond local homology when assign-
ng cluster identities. 

Given the striking enrichment of CII SVs in quiescent re-
ions, we hypothesized that the breakpoints of CII SVs in
hese areas would cause minimal changes to 3D genomic
olding. We employed a deep learning method, Orca [ 61 ],
hich predicts 3D genome contact maps based on genomic

equences. We generated mutant and wild-type contact maps
sing HGSVC2 deletions of length 4 Kbp or greater. Subse-
uently, we calculated the absolute correlation and the struc-
ural similarity index measure (SSIM) to quantify global and
ocal folding perturbations, respectively [ 62 ]. We found no
ifference in global folding changes when comparing the ef-
ect of CI HD 

and CII nHD 

SVs on the 3D-genome organization
 Supplementary Fig. S17 A). However, we observed significant
ocal changes ( P -value = 0.0279; Fig. 4 G; Supplementary Fig.
17 B). We visualized the interaction differences between the
utant and wild-type maps to demonstrate these changes. We
sed a 0.5 Mbp downstream window from a CI HD 

(chr8-
283532-DEL-15242; Fig. 4 H) and CII nHD 

(chr8-7194444-
EL-8515; Supplementary Fig. S17 C-D) SV. These SVs were

elected due to their similar lengths and proximity. Although
e found no global rewiring in the 3D structure due to the SV,

he CI SV introduces small-scale changes across the entire win-
ow. Together, this suggests a potential relationship between
epair choices and alterations to 3D-genome organization. 

pplications to population structure & de no v o SVs 

rom rare disease cohorts 

e applied our unsupervised method to characterize and com-
are SVs with distinct underlying repair patterns across di-
erse populations. Given the vast number of ancestries in-
luded, we utilized deletions from the 1KG study for this anal-
sis. We hypothesized that SV ( CI HD 

and CII nHD 

) hotspots,
hared across ancestries, may indicate regional biases for a
articular repair mechanism, thereby explaining patterns of
ariation in this region. Since we did not expect significant de-
iations among different ancestry groups for common SVs, we
nly included rare SVs (Allele Frequency (AF) < 1%) in this
nalysis. To identify these hotspots, we divided each chromo-
ome into non-overlapping 1 Mb windows for each individ-
al and calculated the total number of deletions annotated as
I HD 

or CII nHD 

SVs. We then computed the 90 

th percentile
or these counts within each ancestry group, using this as a
hreshold to determine how many individuals exceed this SV
ount for a given window. We quantified a window’s associ-
tion with the CI HD 

or CII nHD 

clusters by applying Fisher’s
xact tests. We found very few consistent CII nHD 

windows
cross all ancestries (Fig. 5 A, Supplementary Figs S18 –19 ).
owever, we observed many consistent CI HD 

hotspots, typ-
cally located in sub-telomeric regions, gene-dense areas, and
ithin segmental duplications, largely coinciding with regions
f strong transcription. 
Since it is well established that sub-telomeric regions are

otspots for recombination [ 63 , 64 ], and we did not use re-
ombination rate as a feature during clustering, we confirmed
ignificantly higher recombination rates amongst CI HD 

( μ =
 . 65 e − 0 . 08 ) compared to CII nHD 

SVs ( μ = 1 . 68 e − 0 . 08 ; P -
alue = 1.06e-147 Fig. 5 B). Furthermore, we investigated re-
ent population-specific dynamics in variation, such as geo-
raphical clines and migratory patterns, by utilizing the 1KG
population information [ 63 ]. We found no significant differ-
ence in recombination rates within subclusters (Fig. 5 B); there-
fore, we combined the HD and nHD subclusters to investigate
population-specific differences among CI and CII SVs. We
found pairwise differences in recombination rates by cluster
after calculating the median of a population’s mean recombi-
nation rate. We visualized these differences using a previously
determined population structure [ 63 ] and observed that pop-
ulation dynamics were pronounced only in CI (Fig. 5 C). Most
notably, the recombination rates of genomic regions affected
by CI SVs revealed patterns that align with a north-south Eu-
ropean cline and an east-west African cline, while no such as-
sociations were observed for CII SVs. We similarly observed
that the recombination rates of CI SVs uniquely demonstrated
Puerto Rican admixture. These results might indicate the po-
tentially prominent role of regions affected by CI SVs in re-
cent population divergence compared to those influenced by
CII SVs. This further suggests a potential role for both homol-
ogy and local sequence contexts in influencing recombination
rates. 

To support our investigation into repair and variation, par-
ticularly concerning human disease, we focused on mecha-
nistic differences between common and rare SVs, including
de novo SVs in healthy populations and rare disease cohorts.
For this purpose, we utilized trios (parents and children) from
the 1KG project, where we identified SVs that were common
(AF > 5%) and inherited, rare (AF < 1%) and inherited, as
well as de novo to a proband. Next, we compared cluster as-
signment frequencies and the underlying DSB repair mecha-
nism patterns associated with germline de novo variants from
individuals with rare diseases in the 100KG project [ 50 ]. The
participants included those with neurological and neurode-
velopmental disorders (NND; n = 209), ultra-rare disorders
(URD; n = 37), cardiovascular disorders ( n = 24), renal and
urinary tract disorders (RUT; n = 21), endocrine disorders
( n = 20), and other disorders ( n = 85). We posited that since
de novo variants can significantly contribute to clinical phe-
notypes, the frequency of the repair mechanisms and the un-
derlying features of SVs may differ between de novo SVs from
individuals with rare diseases and both de novo and inherited
SVs from healthy individuals. 

Interestingly, we found an increasing proportion of com-
mon (31%), rare (44%), and de novo SVs (59%; Fig. 6 A) be-
longing to CI in the 1KG dataset. However, in most rare dis-
ease cohorts, the frequency of CI SVs was low, except for those
with cardiovascular disorders (59%). Upon further examina-
tion of specific SVs, we discovered that the CI nHD 

variant,
chr13-94711392-DEL-185, was present in multiple individu-
als, most of whom exhibited abnormal developmental pheno-
types. Notably, this SV is located within SOX21, a transcrip-
tion factor known to regulate neuronal differentiation [ 65 ];
further, the SV perturbs pELS and CTCF sites (Fig. 6 B). How-
ever, we note that this SV was not identified as a causal variant
for the diseases in these individuals. We then compared the
underlying patterns of repair across these cohorts. Upon cal-
culating the effect size between the cohorts using z -score nor-
malized features, we found that when using the H1-hESC as a
proxy, the upstream level of the histone marker H3K27me3 is
distinct among individuals with URD (Fig. 6 C). We observed
a pattern of decreasing effect sizes from inherited to de novo
1KG SVs. Since patients with URDs can display clinically com-
plex phenotypes, we compared the reported phenotypes from
the participants with CI and CII de novo SVs. We found that

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1325#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1325#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1325#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1325#supplementary-data
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Figure 5. Application of clustering-based strategy to explore ancestry. (A) . Karyoplot of SV hotspots across 1 Mb windows among rare deletions from 

1KG on chromosome 1. The chromosome’s ideogram is displa y ed at the bottom. Abo v e this, using one population from each superpopulation, the odds 
ratio (OR) illustrating the enrichment of CI HD SVs is indicated. Horizontal lines mark an OR of 1, showing no enrichment in CI HD or CII nHD SVs in the 
window. Furthermore, windows with statistical significance, after P -value adjustment, are represented with stars. An arrow points to windows showing 
consistent and significant hotspots across ancestries. Abo v e these plots are genomic elements aligned to the chromosome. These elements include 
gene density, 95% segmental duplications (SD), as well as strong transcription (Tx) and quiescent (Quies) sites from ChromHMM. The populations 
included Bengali in Bangladesh (BEB) from South Asia, British in England and Scotland (GBR) from Europe, Peruvians from Lima (PEL) classified as 
admixed American, Han Chinese in Beijing (CHB) from East Asia, and the Gambians in Western Division- Mandinka (GWD) from Africa, in order. Text 
colors correspond to superpopulation. (B) . B o x plot comparing an individual’s mean population-specific recombination rate among the four subclusters. 
Individuals’ mean rates are connected by lines in the boxplots. (Paired t-tests). (C) . Heatmap illustrating the magnitude of the pairwise differences in 
recombination rate. For each population, the median of the individual-le v el mean recombination rates was calculated for CI and CII SVs. For each 
population pair, the difference is visualized. The upper and lower triangles display the CII and CI differences, respectively. Lines in both the upper and 
lo w er triangles highlight the east-west African clines, Puerto Rican admixture, and the north-south European cline. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

URD individuals with CI SVs displayed a non-significant en-
richment in their abnormal genitourinary system and liver. In
contrast, individuals with CII SVs have a non-significant en-
richment in having abnormal skeletal and endocrine systems.
We believe that larger sample sizes may further bolster clini-
cal distinction between patients with URDs. This set of results
highlights that while the repair mechanisms employed may
not differ between healthy and diseased individuals, DNA ac-
cessibility associated features that contribute to effective re-
pair may be altered, potentially reinforcing observed pheno-
types. 

Discussion 

Recent advances in lrWGS and genome assembly algorithms
have established accurate SV catalogs. Genomic consortia, in-
cluding HGSVC [ 13 ], Human Pan Genome Reference Consor-
tium (HPRC) [ 66 ], AllofUs [ 67 ], and 1KG-ONT [ 43 ] projects,
are leveraging these technical advancements to describe SVs 
from diverse human populations. Beyond extending our un- 
derstanding of how SVs influence genotype–phenotype rela- 
tionships, these catalogs can be further utilized to investigate 
the mechanistic origins of SVs. In this work, we characterized 

the underlying repair mechanisms likely associated with the 
mechanistic origin of SVs in diverse human populations and 

some rare disease cohorts ( Supplementary Table 7 ). 
First, we applied a simple homology-based workflow to 

classify SVs into three categories (HLH, ILH, and NLH), in- 
spired by DSB repair pathways (HR, SSA, aEJ, and NHEJ).
We focused primarily on high-quality, de novo assembled 

haplotype-specific lrWGS SVs identified in the HGSVC2 study.
Additionally, we utilized SVs from orthogonal datasets from 

lrWGS (1KG-ONT) and srWGS (high-coverage 1KG project) 
platforms to systematically identify patterns in SVs. Our ob- 
servation that most SVs belong to the NLH class is consistent 
with previous reports that NHEJ occurs at the highest fre- 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1325#supplementary-data
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Figure 6. Application of clustering-based strategy to explore pathogenicity. (A) . Heatmap showing CI and CII assignments across healthy (1KG) and 
diseased (100KG) cohorts, differentiated by turquoise and red bars. The healthy cohorts are represented by SVs from 1KG trios, including those that are 
commonly inherited, rare, or de no v o . T he diseased cohorts comprise de no v o deletions from individuals with rare diseases, which include neurological 
and neurode v elopmental disorders (NND), ultra-rare disorders (URD), cardio v ascular disorders (Cardio), renal and urinary tract disorders (R UT), endocrine 
disorders (Endo), and other disorders. Proportions are calculated row-wise. (B) . Karyoplot of the de novo SV, c hr1 3-94711 392-DEL-184, found in multiple 
individuals across the 100 KG project cohorts. The chromosome’s ideogram is located at the bottom. Abo v e are genomic elements, including the 
presence of a TAD, CTCF sites, pELS, dELS, and promoter-like signatures, along with the CDSs that the SV affects. The epigenetic context associated 
with this SV is represented abo v e, as per H3K27me3, H3K4me3, and H3K4me1 in H1-hESCs. (C) . Heatmap illustrating the magnitude of the effect sizes 
across healthy and diseased SV cohorts for the local upstream levels of H3K27me3. The upper and lower triangles display the CII and CI differences, 
respectively. 
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uency, regardless of the cell cycle. However, we found that
rWGS can uncover more homology-driven SVs than srWGS
ue to its superior ability to detect SVs that span repetitive
egions in the genome. 

Subsequently, we quantified the propensity of SVs to affect
istinct genomic elements and expectedly observed that most
re under strong negative selection. However, we noted in-
eresting deviations from this pattern for SVs affecting genes,
pecifically those belonging to certain pathways. For instance,
e found that HLH/ILH and NLH SVs are significantly en-

iched for affecting genes involved in glycosylation, which in-
lude mucins, and the clearance of ligands by SR pathways,
espectively. The relationship between homology-based SVs
nd mucin genes can be attributed to the high number of
ariable number tandem repeats present in these genes [ 56 ].
n contrast, the enrichment of NLH SVs affecting genes in-
olved in the clearance of ligands by SRs (i.e. lipoproteins and
mmunoglobulins) may indicate an association between gene
unction and repair mechanisms. It is well established that
ariation in immunoglobulins is introduced through V(D)J re-
ombination, primarily conducted by NHEJ [ 57 ]. However,
hese SVs are not expected in this germline context since V(D)J
s a mechanism for introducing somatic variation. Therefore,
his observation potentially points to a recognized techni-
al artifact from sequencing lymphoblastoid cell lines (LCLs)
haracterized by a high rate of variants in IG loci [ 68 ]. Regard-
ess, future studies should investigate the association between
epair choice, the introduction of SVs, and genes with high
epeat element variability. 

Furthermore, we observed significant differences in DNA
hape, epigenomic, and sequence feature profiles among the
imple homology-based SV classes. For example, we found
hat HLH SVs exhibited less variation but greater flanking

GW and more pronounced local methylation. This suggests
hat these regions are more homogeneous and rigid with high
C content. We therefore postulate that a region’s local con-
text may influence DSB repair effectiveness and/or efficiency,
and/or detection [ 69 ]. Such contexts could be mediated by
DNA accessibility and/or biophysical properties (for exam-
ple, flanking MGW). These observations align with a prior
study showing a higher DSB burden among Alzheimer’s pa-
tients, where genomic loci affected by SVs had greater DNA
accessibility [ 70 ]. 

We also noted significant differences in additional features
underlying SVs belonging to distinct homology-based cate-
gories. Therefore, we trained an active-learning-based unsu-
pervised model to classify SVs, which considered homology,
DNA shape, epigenetics, replication timing, and sequence pro-
files (including non-B DNA, GC content, and repeat annota-
tions) local to or within the SV. To achieve this, we applied
and optimized the HDBSCAN algorithm, demonstrating im-
proved discrimination across these features while preserving
homology patterns captured by two distinct sub-clusters CI HD

(enriched among HLH SVs) and CII nHD 

(enriched among
NLH SVs). Next, we characterized the ChromHMM states of
SVs in distinct sub-clusters derived from our unsupervised ap-
proach. Interestingly, we found that CI nHD 

SVs are enriched
in bivalently transcribed transcription start sites, which are
relevant to neural development [ 71 , 72 ]. The importance of
bivalent states and SV introduction may align with paradoxes
outlined in previous studies [ 32 , 33 , 42 ], whereby it remains
unclear whether homology-based repair mechanisms exclu-
sively prefer to engage in repair in heterochromatin or eu-
chromatin. This may also suggest that homology-based repair
mechanisms, such as HR, SSA, or aEJ, preferentially target
“operational” regions of the genome rather than quiescent re-
gions. 

Furthermore, we observed that deletions in the CI HD 

sub-
cluster significantly disrupt local genomic folding compared
to deletions in the CII nHD 

subcluster. These findings align
with previous work showing that homology-based repair is
enhanced when homology searching is limited by physical
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proximity [ 73–75 ]. Proximity may play a role in repair ki-
netics since some DSB repair processes benefit from chro-
matin mobility [ 73 ]; this can necessitate coordination be-
tween the repair machinery, the broken ends, and the nu-
clear periphery [ 76 ]. Therefore, we posit that upon a re-
pair attempt, DSB breakpoints for homology-driven deletions
may start with greater physical proximity. However, follow-
ing the introduction of a deletion, the flanking regions may
require more significant relocation or reorganization. Further
experimental work will be necessary to verify DNA inter-
actions before and after HR and NHEJ to elucidate repair
kinetics. 

Next, we utilized rare deletions from the 1KG project to in-
vestigate genomic regions characterized by a high density of
SVs associated with the CI or CII . For this analysis, we focused
on genome-wide SV hotspots that are consistent across indi-
viduals from distinct ancestries. Interestingly, we discovered
that CI HD 

SVs are enriched among genomic intervals primar-
ily located in sub-telomeric regions. When considering sub-
pathways of HR, sub-telomeres are often repaired using the
error-prone Break-Induced Replication (BIR) pathway [ 64 ,
77 ], which is further relevant due to its clinical implications
[ 69 , 78 ], rather than the more accurate Synthesis-Dependent
Strand Annealing (SDSA) pathway. Recent work has shown
that pathogenic variants in the sub-telomeric region of chrX
can be mediated through inverted repeats (which give rise to
hairpins, a non-B DNA structure) and were likely introduced
via BIR [ 69 ]. Moreover, fork stalling and template switch-
ing/ microhomology-mediated BIR (FoSTeS/MMBIR) mech-
anism has been linked to rearrangements found on chromo-
some 17 among individuals with Potockli-Lupski microdupli-
cation syndrome (PTLS) [ 78 ]. Similarly, there are several dis-
orders with etiological links to faulty NAHR, for example,
15q13.3 microdeletion syndrome [ 22 ], Charcot-Marie-Tooth
disease type 1A [ 79 ], X-linked ichthyosis [ 80 ], and 7q11.23
deletions in Williams-Beuren syndrome [ 81 ]. Other relevant
disorders, such as Fanconi anemia [ 20 ], which can cause de-
fective HR, can present with phenotypes such as increased
incidence of cancer, myelodysplasia, and congenital anoma-
lies [ 82 ]. Therefore, clinically, there is justification for probing
SV introduction within the germline as a strategy to appreci-
ate disease manifestation and refine variant interpretation. Al-
though most of the germline variants we analyzed were from
healthy individuals, we characterized repair attempts for only
a subset of DSB sites present upon sequencing that meet our
SV length threshold (50 bp). Therefore, since our study relies
on identifiable repair records, we are limited to imperfect re-
pair outcomes. It is reasonable to assume that CI HD 

SVs may
be biased toward BIR instead of SDSA, given the location of
the cluster’s hotspots we identified, and that SDSA is unlikely
to leave behind evidence of its usage. To mitigate this selec-
tion bias, higher throughput and more specific reporter assays
can be applied to confirm the underlying features of repair in
both perfect and imperfect repair scenarios, thereby capturing
the entire spectrum of homology-based repair pathways and
sub-pathways. 

Finally, we applied our unsupervised method to classify
common, rare, and de novo variants in healthy individuals
(1KG project) and those with rare diseases (100KG study).
Most de novo SVs in rare disease cohorts exhibited a higher
frequency of CII SVs. However, we noticed that de novo CI
and CII SVs in individuals with URDs could be distinguished
based on their local levels of H3K27me3 signal compared to
SVs from other rare diseases and healthy individuals. This ob-
servation is intriguing, considering that URDs are primarily 
monogenic and exhibit complex clinical presentations. This 
suggests that while SVs from patients with URDs may be epi- 
genetically distinct, this finding likely does not play a critical 
role in disease etiology, but it remains noteworthy. With more 
samples, the relationship between DSB repair mechanisms and 

germline SVs could aid in classifying clinical phenotypes in 

rare diseases. 
Overall, our study comprehensively characterized DSB re- 

pair mechanisms and their associated features underlying the 
mechanistic origins of SVs. In contrast to previous studies that 
primarily relied on large deletions from srWGS, our work uti- 
lized multiple population-level SV repositories from various 
lrWGS and srWGS efforts. Additionally, we considered vari- 
ous epigenomic, DNA shape, and sequence-related character- 
istics to gain insights into distinct classes of SV mechanisms.
This study builds upon earlier computational efforts, which 

predominantly utilized sequence homology and repeat anno- 
tations. Despite several significant findings, we acknowledge 
certain technical limitations in our study. For instance, we ob- 
tained 1975 bp upstream and downstream sequences based 

on the reference genome when calculating local sequence ho- 
mology. While effective, this approach overlooks potential 
haplotype-specific variation. Consequently, locally assembled 

and consensus sequences could improve the accuracy of these 
alignments. Furthermore, our analyses concentrated solely on 

insertions and deletions. We note that we characterized in- 
versions within the HGSVC2 and 1KG-ONT datasets. Al- 
though given the small sample sizes and homogeneity in their 
threshold-based label (ie. almost all were labelled as NLH),
we could not draw comparisons across SV classes and deploy 
an unsupervised model. Future computational work should 

broaden the range of SV types to include complex SVs. Addi- 
tionally, we employed de novo SVs from the 1 KG project to 

characterize and compare the usage of DSB repair mechanisms 
in healthy individuals and those with rare diseases. However,
it is presumed that the rate of de novo variants from the 1 KG 

project is unexpectedly high [ 44 ], at approximately 10 times 
the expected rate, with approximately 100 de novo mutations 
per child. This indicates that the origin of the de novo SVs in 

this dataset reflects another technical artifact from the LCLs 
used during sequencing, rather than an accurate representa- 
tion of mechanisms deployed in the germline or during devel- 
opment. Finally, we used H1-hESCs as a proxy for epigenetic 
and replication timing annotations of SVs [ 53 ]. This assumes 
that the chromatin profiles of H1 cells are well conserved and 

exhibit minimal dynamics during the acquisition of SVs. To 

determine if patterns of DNA accessibility and repair choice 
have a correlational or causative relationship, future studies 
should enhance this approach by employing multi-omics data 
to investigate the epigenomic states of regions proximal to 

SVs in healthy individuals and those with rare diseases. For 
example, this could include characterizing 3D genome fold- 
ing, histone modifications, and DNA accessibility proximal to 

variants in affected and unaffected siblings using Hi-C and 

A T AC-Seq assays. 
Despite the outlined limitations, our study presents the 

most thorough computational characterization of DSB repair 
mechanisms. Our study identifies underlying features that in- 
fluence the mechanistic origin of SVs in diverse human pop- 
ulations. We anticipate that continued efforts to investigate 
features that support (or hinder) the introduction of SVs will 
help us accurately delineate their role in defining genotype- 
phenotype relationships. 
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 https:// ftp.1000genomes.ebi.ac.uk/ vol1/ ftp/ data _ collections/ 
GSVC2/ release/ v2.0/ integrated _ callset/ & http:

/ ftp.1000genomes.ebi.ac.uk/ vol1/ ftp/ data _ collections/ 
000G _ 2504 _ high _ coverage/ working/ 20220422 _ 3202 _ 
hased _ SNV _ INDEL _ SV/). 
Additionally, epigenomics and cCRE annotations

 https:// screen.encodeproject.org/ ) are available through
he ENCODE project data portal. 1KG-ONT SVs are hosted
n Amazon bucket ( https:// s3.amazonaws.com/ 1000g- 
nt/Gustafson _ etal _ 2024 _ preprint _ SUPPLEMENTAL/ 
0240423 _ jasmine _ intras ). The 100KG project data uti-
ized in this study can be accessed by logging into the
enomics England research environment. 
Finally, relevant source codes for this study, includ-
ing scripts for simulation, annotation, model training, and
downstream analyses, can be accessed on the project
GitHub page ( https:// github.com/ kumarlab-compomics/ SV _
mechanism ) and on Zenodo ( https:// doi.org/ 10.5281/ zenodo.
17437994 ). 
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