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Interpreting the clinical significance of rare genetic sequence variants is challenging due limited
evidence, and as a result, most newly identified missense variants are interpreted as variants of
uncertain significance (VUS). Multiplexed assays of variant effet (MAVEs), where hundreds to
thousands of variant effects are measured in a single experiment have significantly accelerated
the rate at which functional data are generated. Since functional data can be applied when
interpreting variants, MAVEs have the potential to revolutionize clinical genetics by providing
functional data at scale to resolve VUS. We systematically evaluated the clinical utility of MAVEs
by integrating published MAVE data with clinical interpretations and resolved 49% of VUS for
BRCA1, 69% for TP53, and 15% for PTEN. Although we demonstrated the potential for MAVEs
to resolve uncertainty in genetic testing, MAVE technologies were limited to genes with
phenotypes in utilitarian cancer derived cell lines. We addressed this limitation by developing
iPSC-SGE, where variants are edited into iPSCs, enabling phenotyping in differentiated cells.
We introduced 498 SNVs into POLG and 496 variants into MYBPC3. POLG variant effects were
measured with a growth assay in iPSCs in the context of different background alleles and
MYBPC3 variant effects were measured by variant abundance in cardiomyocytes. iPSC-SGE
data was validated with known pathogenic and benign variants and is poised to generate
functional data for genes previously inaccessible with MAVEs. Finally, we explored the use of
variant effect predictors for variant interpretation, a major factor contributing to the VUS
problem. We found that current calibration methods lead to inappropriate evidence for up to
75% of variants and offer a new solution for calibration via clustering VEP data for protein
domains on similarity of score distributions. This method enables more accurate evidence
strength thresholding while maintaining robust sets of calibration varants. Taken together, cell
context specific functional data and variant specific VEP calibration will result in significant
reduction to VUS while providing rich phenotypic insight for advancing precision medicine.
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Chapter 1: Variants of uncertain significance: are functional assays really to the rescue?

Genome guided precision medicine, where genes are sequenced and medical
management decisions are made with the context of genomic variants found in a patient is
severely limited by our inability to interpret most variants. In particular, rare single nucleotide
variants that lead to missene changes in protein sequence are typically interpreted as variants
of uncertain significance (VUS) because there is not enough evidence for definitive
interpretation. These VUS cannot be used to guide medical management ' and can cause
confusion and distress for both patients and providers 2. This VUS problem is rapidly expanding
as sequencing has become more readily available in the past 10 years and the ClinVar
database now has over 1 million unique missense VUS 3.

Clinical classification of genetic variants is performed by combining evidence from
various sources including an individual's phenotype, case-control studies, family variant
segregation analyses, population frequencies, in vitro functional assays, and in silico
computational variant effect predictors (VEPs). Evidence from these sources is weighted as
either supporting, moderate, strong, or very strong based on its accuracy in predicting
pathogenicity or benignity. Guidelines set forth by the American College of Medical Genetics
and Association for Molecular Pathology (ACMG/AMP) define how multiple pieces of evidence
of different strengths can be combined to achieve pathogenic, likely pathogenic, likely benign, or
benign interpretations . These guidelines set forth by Richards et al. significantly improved the
concordance of variant classification across test laboratories *. However, some critical limitations
remained, highlighting the need for new technologies and methods for assessing variants more
accurately.

Evidence from in vitro functional assays was among the strongest evidence in original
guidelines where data from “well established functional studies” could receive strong evidence *.
The ambiguity in this recommendation was problematic for several reasons. First, functional
assays were typically conducted on single variants or very small subsets of variants and there
was no recommendation on how many variants an assay needed to measure before an assay
was considered “well established”. Further, there was no recommendation on how to validate a
functional assay. As a result, clinical labs had to make judgement calsl on whether to use
functional data or not for the interpretation of a given variant. In 2019, the ACMG Sequence
Variant Interpretation (SVI) Working Group released guidelines for calculating Bayesian
likelihood ratios based on functional assay performance on sets of control variants °. These
guidelines also provided a mapping from likelihood ratios to evidence strength codes, finally
resolving the ambiguity of functional assay application to variant interpretation.

The adoption of Brnich et al. guidelines by the ACMG SVI Working Group was especially
timely because the throughput of functional assays had recently been increased dramatically
with the advent of multiplexed assays of variant effects (MAVESs) ¢; ’. Some of the first MAVEs
published in human cells used integration of transgene variant libraries via safe harbor landing
pads or lentiviral vectors and measured protein abundance or cell survival in the presence of
certain drugs ®'°. A significant advancement in MAVE technology was saturation genome
editing (SGE) where variants are introduced into the endogenous locus of genes which are
essential to the haploid Hap1 cell line, enabling straightforward and highly accurate cell growth
assays '". MAVEs transformed functional assays from cumbersome endeavors where variants
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were measured one at a time to the measurement of hundreds to thousands of variants in a
single experiment. Since MAVEs measure many variants at once, multiple controls can be
included in a single experiment and the output can be robustly calibrated based on how well the
assay separates pathogenic and benign control variants following Brnich et al. guidelines.
However, when Brnich et al. published their guidelines, there was no systematic analysis of the
clinical impact of MAVE data with this updated guidance.

Pioneers of MAVE technologies recognized the rapidly expanding VUS problem in
clinical genetics and speculated about the clinical impact MAVEs could have to reduce VUS
announcing “functional data to the rescue” '>. This early vision of the potential for MAVE
technologies to revolutionize clinical genetics included recognition of the limitations of MAVE
technologies. Perhaps most importantly, MAVEs had so far been performed in utilitarian cancer
cell lines, preventing their application to disease genes which cause phenotypes only in
differentiated cell types. Saturation genome editing (SGE) for example, is limited to the ~2,000
genes essential to the Hap1 cell line **; . Most known human disease genes are not essential
to Hap1 cells nor are they expressed in the Hap1 cell line. For these reasons, it is essential to
expand MAVEs into additional cellular systems, particularly iPSC differentiation models where
variants can be measured in the correct cell or tissue context.

Contextualizing MAVE data in variant interpretation is essential for understanding the
potential for MAVEs to revolutionize clinical variant interpretation and precision medicine in
general. For example, a MAVE that performs perfectly on a set of control variants cannot be
used as stand-alone evidence to classify variants as pathogenic or benign under the current
ACMG/AMP guidelines. Often the only additional evidence available for rare missense variants
is data from computational variant effect predictors (VEPs). VEPs typically score variant
pathogenicity based on models built around protein multiple sequence alignments and may be
supervised on clinical variants '® or unsupervised "%, In either case, VEP data exist for
virtually every possible missense variant. The impact that VEPs have had on variant
interpretation, however, has been limited due to the Richards et al. guidelines limiting VEP data
to supporting evidence.

Recognizing the limitation imposed on VEP data, the ACMG SVI working group released
new recommendations for the use VEPs in variant interpretation 2'. This recommendation
involved calibration of VEPs on an aggregate set of ClinVar variants across all human disease
genes to provide sufficient clinically labeled variants for calibration of models. This innovative
method used local calibration where likelihood ratios were calculated for sliding windows across
VEP score ranges defining score thresholds for supporting, moderate, and even strong
evidence for some VEPs. This method also solved the problem of too few ClinVar variants per
gene, by aggregating all available variants across genes. While this represented a massive step
forward in the use of VEPs in variant interpretation, this calibration method neglects the varied
performance of predictors across different genes and could result in incorrect evidence for
certain thresholds across certain genes. Thus, a new method for VEP calibration is needed to
more accurately assign evidence to variants while still maximizing the potential of VEP data for
variant interpretation.

In this dissertation, | describe our initiatives to 1) establish the clinical utility of MAVE
data by integration of data from several published MAVEs with variant interpretation from a large
genetic testing lab, 2) generate a more generalizable MAVE technology, iPSC-SGE where
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variant libraries are edited into stem cells and variant effects can be measured in differentiated
cell types, and 3) investigate and develop methods for calibration of variant effect predictors for
more accurate variant interpretation.
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Abstract

Clinical interpretation of missense variants is challenging because the majority identified
by genetic testing are rare and their functional effects are unknown. Consequently, most
variants are of uncertain significance, and cannot be used for clinical diagnosis or management.
Although not much can be done to ameliorate variant rarity, multiplexed assays of variant effect
(MAVESs), where thousands of single nucleotide variant effects are simultaneously measured
experimentally, provide functional evidence that can help resolve variants of unknown
significance (VUS). However, a rigorous assessment of the clinical value of multiplexed
functional data for variant interpretation is lacking. Thus, we systematically combined previously
published BRCA1, TP53, and PTEN multiplexed functional data with phenotype and family
history data for 324 VUS identified by a single diagnostic testing laboratory. We curated 49,281
variant functional scores from MAVEs for these three genes and integrated four different TP53
multiplexed functional datasets into a single functional prediction for each variant using machine
learning. We then determined the strength of evidence provided by each multiplexed functional
dataset and reevaluated 324 VUS. Multiplexed functional data was effective in driving variant
reclassification when combined with clinical data, eliminating 49% of VUS for BRCA1, 69% for
TP53, and 15% for PTEN. Thus, multiplexed functional data, which are being generated for
numerous genes, are poised to have a major impact on clinical variant interpretation.



Introduction

Targeted panel testing for cancer predisposition is now widespread, and, as panels
increase in size, the likelihood of identifying a rare missense variant of uncertain significance
(VUS) also increases'?2. As a result, these inconclusive VUS results are commonly returned to
individuals. Multigene panel testing for hereditary cancer predisposition, for example, identifies
one or more VUS in 40% of individuals who are tested for suspicion of cancer predisposition?.
Most VUS are missense variants, which can be challenging to interpret as pathogenic or benign
according to the American College for Medical Genetics and Genomics Association for
Molecular Pathology (ACMG/AMP) guidelines®. This challenge is largely due to the fact that
missense variants are typically rare, making clinical evidence such as segregation and
case-control data scarce. Of the nearly 330,000 missense variants from clinical testing in the
ClinVar database, 70% are VUS* (Figure 1A). The VUS problem has grown exponentially over
time (Figure 1B) and exists even among extremely well studied cancer predisposition genes
such as BRCA1, TP53 and PTEN, where the majority of missense variants reported in ClinVar
from clinical genetic testing are VUS (BRCA1 80%, n = 2,395; TP53 64%, n = 589; and PTEN
72%, n = 411).

Definitive variant interpretation in BRCA1, TP53 and PTEN is critical because morbidity
and mortality can be reduced for individuals known to harbor pathogenic variants through
increased cancer surveillance and preventative measures®”. In contrast, medical management
is not changed for individuals who carry a VUS, and the uncertainty surrounding these variants
can provoke anxiety® at best or represent a missed opportunity to provide life-saving care at
worst. Thus, improved interpretation of VUS directly impacts the well-being of carriers and their
families. Furthermore, the ACMG recommends that pathogenic variants in all three of these
genes be returned to individuals regardless of the indication for testing®'™®. However, the
recommendations for return of secondary findings are limited to established pathogenic and
likely pathogenic variants and secondary VUS are not typically shared with individuals®. Thus,
individuals may be left in the dark about increased risk if their VUS are reclassified as
pathogenic, further highlighting the need for timely VUS resolution.

While little can be done to change the lack of information arising from a variant’s rarity, it
is now possible to generate variant functional data at scale. Models suggest that functional
evidence could lead to the reclassification of most VUS", however that has not been tested on a
large scale using real-world data. Multiplexed assays of variant effect (MAVEs), where
thousands of single nucleotide variants are assayed simultaneously, have been applied to
BRCA1 (MIM: 113705)", TP53 (MIM: 191170)"", and PTEN (MIM: 601728)'"'6, producing
functional annotations for thousands of variants that can be used as evidence to resolve
VUS'"2, Recently, guidelines for both generating and using multiplexed functional data have
been developed, and create the opportunity to systematically explore the clinical value of
multiplexed functional data in the reinterpretation of VUS??2. However, the extent to which
multiplexed functional data can result in medically significant variant reinterpretation has not
been systematically evaluated.

Thus, we assessed the clinical value of BRCA1, TP53, and PTEN multiplexed functional
data by integrating them with existing lines of evidence from clinical variant interpretations for
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these genes. First, we curated 49,281 variant functional scores for clinical integration from
multiplexed assays across the three genes?'. Then, we determined the strength of evidence for
the functional evidence component of variant interpretation provided by each multiplexed
functional dataset based on its ability to predict established pathogenic and benign variants??
and reevaluated 324 VUS classifications (BRCA1 = 110, TP53 = 166, PTEN = 48) (Figure 2).
Multiplexed functional data, when combined with existing lines of evidence, resulted in
reclassification of 49% of VUS for BRCA1, 69% for TP53 and 15% for PTEN. Thus, multiplexed
functional data can help to resolve a large percentage of VUS, highlighting the utility of
generating and curating multiplexed functional data. Our analysis revealed two maijor factors
that limited the utility of multiplexed functional data: the modest predictive value of some MAVEs
and the scarcity of established pathogenic or benign variants that serve as validation controls
for some genes. Based on these findings, we discuss how MAVEs should be designed and
piloted with clinical utility in mind, prioritizing genes with established pathogenic and benign
variants. We conclude by discussing the overall implications of multiplexed functional data for
variant reclassification.

Materials and Methods

Human subjects

This study was approved by the University of Washington (UW) Institutional Review Board
STUDY00003598. Data was deidentified for transfer to UW, additional consent was not
required.

Clinical data collection:

Data were provided from 9,234 individuals who were found to have a variant in BRCA1, TP53,
and/or PTEN by Ambry Genetics in multigene panel testing for cancer predisposition on or
before 9/25/2019. Interpretation of sequence variations was performed according to the
American College of Medical Genetics and Genomics guidelines®. Variants were classified as
pathogenic, likely pathogenic, variant of unknown significance (VUS), likely benign, or benign
according to the Ambry 5-tier variant classification protocol?®. Ambry classifications follow a
modified version of ACMG/AMP guidelines.

Clinical data filtering:

Individual phenotype and variant data from clinical testing were excluded from this analysis
when they met certain exclusion criteria: 1) an individual with a VUS in BRCA1, TP53 or PTEN
was excluded if that individual was found to have a pathogenic or likely pathogenic variant in
another cancer predisposing gene on the multigene panel, 2) an individual with a VUS in
BRCA1, TP53 or PTEN was excluded if they were found to have one or more additional VUS in
other cancer predisposing genes, and 3) an individual with a pathogenic variant in BRCAT,
TP53, or PTEN were excluded if they were found to have a pathogenic variant in any other
gene. In total, 2,437 of the 9,234 individuals from the clinical data were excluded in our analysis.
We used data from 4,723 individuals with a BRCA1 variant, 1,334 individuals with a TP53
variant, and 740 individuals with a PTEN variant.
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Naive Bayes classifier:

Naive Bayes classification of TP53 variants was conducted with the Gaussian naive Bayes
functionality from the Python SciKit Learn library®*. Prior probabilities were set at 0.5, the default
for binary classification, for functionally normal and functionally abnormal classes. Variants used
for training were all of the clinically derived ClinVar pathogenic/likely pathogenic and
benign/likely benign variants. After training the classifier on function scores from all four TP53
MAVEs, performance was evaluated with leave-one-out cross-validation. Additional naive Bayes
classifiers were trained on function scores from single TP53 MAVEs and evaluated with
leave-one-out cross-validation. Since the four feature classifier had the highest overall accuracy,
we used this classifier to make predictions of TP53 variant functional effects.

Variant reinterpretation:

Variants from multigene cancer panels were reinterpreted with multiplexed functional data
following ACMG/AMP rules-based guidelines and a Bayesian adaptation for ACMG/AMP
rules®®. For TP53 and PTEN, ClinGen Variant Curation Expert Panel (VCEP) adaptations of the
ACMG rules were used in reinterpretation with the exception of the functional data evidence
code where we exclusively used MAVE data'’?°. For BRCA1, BayesDel?’ predictions were used
as computational predictive model data with thresholds of less than 0.147 for benign evidence
(BP4) and greater than 0.425 for pathogenic evidence (PP3)*%. For BRCA1 splice region
variants, SpliceAl? predictions were used as computational predictive model evidence with a
threshold of greater than 0.8 for pathogenic evidence (PP3)¥. In addition, absence from
Gnomad® was used as pathogenic population data for BRCA1 and restricted to supporting level
of evidence (PM2_P). All other evidence codes were applied as recommended in the original
ACMG guidelines or VCEP adaptations. The Bayesian implementation of the ACMG guidelines
was performed as previously described, with prior probability of pathogenicity was set at 0.1 for
all variants?.

Results

Multiplexed functional data curation

First, we evaluated whether each multiplexed functional data set was compatible with
three key recommendations for clinical integration®'. All assays used in this analysis met the first
criterion: the function scores generated for each variant must be a direct measure of variant
effect. Next, the dynamic range of the assay must be sufficient to separate variant effects
targeted by the assay from synonymous variants. For example, an assay designed to detect
loss of function variants must have a readout that is able to separate nonsense variants from
synonymous variants. When this criterion is met, variants that score like nonsense variants are
called “functionally abnormal” and variants that score like synonymous variants are called
“functionally normal”. Finally, the assay should have high sensitivity and specificity for clinically
ascertained control variants, where benign variants are scored as functionally normal and
pathogenic variants are scored as functionally abnormal.

Finally, the strength of evidence that could be applied to multiplexed functional data for
variant interpretation was determined following recommendations from the ClinGen Sequence
Variant Interpretation (SVI) Working Group?. According to these recommendations, the strength
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of evidence generated by a functional assay is determined by how well the assay can
distinguish between control benign and pathogenic variants and how many control variants are
available for this comparison. The resulting odds of pathogenicity (OddsPath) corresponds to
strength of evidence codes from the original ACMG/AMP guidelines for variant interpretation:
supporting, moderate or strong®?°.

BRCA1 multiplexed functional data curation

Multiplexed functional data for 3,893 single nucleotide variants (SNVs) of BRCA1 were
generated with saturation genome editing'? (Table 1). We chose this MAVE to assess because it
is the largest and most accurate for BRCA1. These functional data were suitable for clinical
integration because the assay result was directly linked to variant effect. Here, cells with
functionally abnormal BRCA1 variants were depleted relative to wild type after growth selection.
Furthermore, the dynamic range of function score distributions of the assay was sufficient to
separate functionally abnormal nonsense variants from functionally normal synonymous
variants yielding clear thresholds for functionally normal and functionally abnormal variants
(Figure 3A, B). Using these thresholds, the functional data cleanly separated ClinVar
pathogenic and benign variants (AUCPR = 0.97) (Figure S1). Thus, we used the published
BRCA1 functional classifications for this study.

To determine the strength of evidence applied to BRCA1 multiplexed functional data for
variant interpretation, we calculated the OddsPath using all clinically derived pathogenic/likely
pathogenic and (n=209) and benign/likely benign (n=163) variants from ClinVar as BRCA1
control variants. The multiplexed functional data correctly assigned 198 of the 209
pathogenic/likely pathogenic controls to the functionally abnormal class and 159 of the 163
benign/likely benign controls to the functionally normal class, resulting in an OddsPath of 52.4
and 0.02, respectively (Table $1-S2). These OddsPath values correspond to strong evidence
for pathogenic assessment (PS3) of functionally abnormal variants and strong evidence for
benign assessment (BS3) of functionally normal variants®. Thus, we applied PS3 and BS3
evidence codes to BRCA1 variants with functionally abnormal and normal scores, respectively.

TP53 multiplexed functional data curation

We chose to explore four existing MAVEs generated to interrogate TP53’s multiple
functions. Here, multiplexed functional data for 8,258 SNVs of TP53 was generated using two
assays that queried loss of function variants and two that queried dominant negative
variants™'*. Although these TP53 functional datasets enabled powerful dissections of the
molecular mechanisms of TP53 variant effect, they do not individually meet recommendations
for multiplexed functional data clinical integration. In particular, while each assay was conducted
in relevant human cell lines and was designed with readouts directly linked to multiple molecular
consequences of TP53 variant pathogenesis, none cleanly separated nonsense and
synonymous variants nor known pathogenic from known benign variants (Figure 3C-J). Due to
the complex landscape of TP53 functional effects, we could not make accurate predictions of
variant functional effect for clinical variant interpretation based on any single assay. Therefore,
we trained a classifier to predict variant function. Since the function score generated for each
variant in each assay represents an independent data point, we used a Gaussian naive Bayes
classifier to make predictions of functional effect for each variant using their scores from all four
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assays without transformation. We trained the classifier on the 161 TP53 missense variants
from ClinVar (129 pathogenic/likely pathogenic and 32 benign/likely benign) (Table $3) and
assessed accuracy of predictions with leave-one-out cross-validation (accuracy = 96%, AUCPR
= 0.92). When compared with classifiers trained using function scores from any single assay,
the classifier using scores from all four assays performed with greater accuracy (Figure S2).
Thus, we used the naive Bayes classifier trained on all four assays to generate predictions of
variant functional effect for the 7,893 TP53 variants with function scores in each of the four
assays (Table S4).

We determined the strength of evidence yielded by our TP53 classifier’s functional
predictions based on cross-validation performance. The overall accuracy of the predictions was
96% and all seven misclassified variants were likely pathogenic variants that were classified as
functionally normal (Tables S4 and S5). This corresponds to an OddsPath of 30.3 for variants
predicted to be functionally abnormal and 0.054 for variants predicted to be functionally normal
(Table S1). Thus, we applied strong functional evidence (PS3) to the variants predicted to be
functionally abnormal and moderate functional evidence (BS3_M) to the variants predicted to be
functionally normal®?. Although the classifier performs with high overall accuracy, some clinically
interpreted pathogenic/likely pathogenic variants cannot be detected by the multiplexed assays
by which it was trained. Four of these incorrectly classified variants retain partial function in
other functional assays which may lead to the functionally normal output in the human cell line
overexpression systems used in the TP53 MAVEs (NM_000546.5(TP53):c.1000G>T
(p.Gly334Trp), NM_000546.6(TP53):c.579T>A (p.His193GIn), NM_000546.6(TP53):c.542G>A
(p.Arg181His), NM_000546.6(TP53):c.1010G>A (p.Arg337His)*'-3,

PTEN multiplexed functional data curation

Finally, we explored the existing MAVEs for PTEN. Effects of 8,088 SNVs were
measured using two assays, one for variant effects on protein abundance and the another for
variant effects on PTEN phosphatase activity levels™'. Both protein abundance and
phosphatase activity scores for PTEN variants were direct measures of variant effect. The
dynamic range of both assays are sufficient to separate nonsense variants from synonymous
variants. However, the sensitivity of both assays is only 0.69 for abundance and 0.71 for activity,
respectively when validated against established pathogenic variants in ClinVar (Figure 3K-N).
Due to the low sensitivity for pathogenic variants of each assay and the dearth of benign
variants to calculate OddsPath to determine strength of evidence, the multiplexed functional
data do not provide any evidence toward pathogenicity and are capped at BS3 moderate for the
phosphatase activity assay and BS3 supporting for the abundance assay (Tables S1 and S6).
While combining the two datasets with a probabilistic classifier might improve the sensitivity,
specificity and strength of evidence, there are too few benign missense PTEN variants (n = 2)
available for training.

Variant reinterpretation

To understand the impact of adding evidence acquired from multiplexed functional data
to the reinterpretation of VUS, we gathered all available evidence for the 324 VUS identified in
BRCA1, TP53, and PTEN by a single diagnostic testing laboratory that overlapped these
datasets. We then reinterpreted these VUS using multiple established variant interpretation
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guidelines to ensure that our conclusions were independent of the approach taken. First, we
reinterpreted variants using guidelines either from the American College of Medical Genetics
and Association for Molecular Pathology (ACMG/AMP)? or from ClinGen Variant Curation Expert
Panels (VCEPs)"%. We also reinterpreted variants using a Bayesian adaptation of the
ACMG/AMP guidelines®. This strategy differs from original, rules-based ACMG/AMP guidelines
because the final interpretation is made based on a posterior probability that a variant is
pathogenic after combining all evidence in a quantitative framework instead of using evidence
codes.

BRCA1 variant reinterpretation

We obtained data for 286 BRCA7 single nucleotide variants identified in clinical
multigene cancer panels from 6,490 individuals that have multiplexed functional data. These
variants were classified by a single diagnostic laboratory (Ambry Genetics) as pathogenic
(n=56), likely pathogenic (n=44), VUS (n=110), likely benign (n=16), and benign (n=60). Of
these, 93% were scored as functionally normal or abnormal in the multiplexed functional assay
(functionally normal n=156, functionally abnormal n=109). The remaining 7% scored in the
intermediate range (n=21) of the assay between the thresholds defining functionally normally
and abnormal variants'. The clinical interpretations were highly concordant with the multiplexed
functional data, with 54 of the 56 pathogenic variants scoring as functionally abnormal and 57 of
the 60 benign variants scoring as functionally normal. All five of the discordant pathogenic and
benign variants had intermediate functional scores.

Reinterpretation of the BRCA7 VUS from the laboratory dataset with the multiplexed
functional data following the ACMG/AMP guidelines® resulted in the reclassification of 49%
(54/110) VUS as likely pathogenic (n = 5) or likely benign (n = 49) (Figure 4A; Table S7). Of the
110 VUS, 15 scored as functionally abnormal, 82 scored as functionally normal, and 13 as
intermediate. In addition to the multiplexed functional data, other existing lines of evidence used
to reclassify VUS to likely pathogenic included: missense variant at a position where another
missense variant is classified as pathogenic (PM5, n=3), variant absent in population databases
(PM2_P, n=4), and agreement between computational predictive models (PP3, n=3). For VUS
reclassified as likely benign, the additional evidence was agreement between computational
predictive models (BP4, n=49). In cases where variants had enough evidence to be classified as
likely benign and absence from population databases was the only conflicting evidence in favor
of pathogenicity, we ignored the conflicting evidence and classified these variants as likely
benign (n=26)*°. We note that our reinterpretation of variants with strict adherence to the
ACMG/AMP guidelines limits the allowable evidence for variant interpretation that many clinical
laboratories routinely use in their interpretations including data siloed to protect PHI and other
conflicting lines of evidence. Thus, we expect the application of this ACMG/AMP framework to
yield a different proportion of VUS as compared to reinterpretation of the same variants by a
clinical laboratory.

We also reinterpreted variants following the Bayesian implementation of the ACMG/AMP
guidelines and resolved 80% of the (91/110) BRCA1 VUS with this method (likely pathogenic,
n=5; likely benign, n=84, Table S2). The additional VUS classified as likely benign using the
Bayesian method were variants that scored as functionally normal in the multiplexed functional
data, but had no other evidence in favor of benign interpretation. Since the Bayesian method
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allows for likely benign interpretation for any variant with a posterior probability of pathogenicity
<0.1, variants with only functional evidence from an assay achieving strong functional evidence
can be classified as likely benign even in the absence of other evidence types. Thus, using
either the original or Bayesian adaptation of the ACMG guidelines it is clear that the multiplexed
functional data has a high impact in the clinical significance interpretation for BRCA1 variants.

TP53 variant reinterpretation

We obtained data for 294 TP53 SNVs identified in clinical multigene cancer panels from
1,828 individuals that have multiplexed functional data. These variants were classified by Ambry
Genetics as pathogenic (n=37), likely pathogenic (n=60), VUS (n=166), likely benign (n=16),
and benign (n=60). Our classifier predictions were largely concordant with these clinical
interpretations. Of the 49 variants in this clinical dataset that are absent from the classifier
training set, all of the likely benign variants were functionally normal (n=18), 21 of the 26 likely
pathogenic variants were functionally abnormal, and all pathogenic variants were functionally
abnormal (n=5). All five of the discordant variants have conflicting interpretations in ClinVar, and
one is a ClinGen Expert Panel reviewed VUS (Table S8). Two of these discordant variants
(NM_000546.5(TP53):c.1000G>C (p.Gly334Arg), NM_000546.6(TP53):c.542G>A
(p.Arg181His)) have been described as reduced penetrance variants®*-3¢. The remaining 166
TP53 variants from the diagnostic laboratory dataset were VUS, and our classifier predicted 120
to be functionally normal and 46 to be functionally abnormal. To determine the value of TP53
multiplexed functional data in variant interpretation, we reevaluated the VUS with functional
evidence from the classifier.

Reevaluation of TP53 VUS following an adapted version of the ClinGen VCEP
recommendations?® resulted in the reinterpretation of 69% (115/166) of VUS to likely pathogenic
(n = 30) or likely benign (n = 85) (Figure 4B, Table S9). Of the 166 TP53 VUS, 120 were
predicted to be functionally normal and 46 were predicted to be functionally abnormal by our
classifier. The adapted reinterpretation strategy followed the VCEP guidelines for TP53 variant
interpretation except for the functional evidence component, where we used the functional
evidence corresponding only to our classifier predictions. This distinction was made to assess
the impact of data from only multiplexed functional assays. In addition to the multiplexed
functional data, existing lines of evidence used to reclassify VUS to likely pathogenic included:
missense variant at a position where another missense variant is classified as pathogenic
(PM5_P, n=3), variant absent in population databases (PM2_P, n=28), missense variant in a
mutational hotspot (PM1, n=9), and agreement between computational predictive models
(PP3/PP3_M, n=28). For VUS reclassified as likely benign, additional evidence used was
agreement between computational predictive models (BP4, n=85) and variant observed in
adults unaffected with cancer in population datasets (BS2_P, n=4). We also reinterpreted
variants with strict adherence to the TP53 VCEP functional evidence recommendation, which
includes two of the multiplexed datasets used in our analysis, and reclassified 60% of VUS to
likely pathogenic (n=19) or likely benign (n=81) (Table S$10).

Finally, reinterpretation of TP53 variants following the Bayesian adaptation increased the
proportion of resolved VUS to 85% (likely pathogenic (n = 30), likely benign (n = 111)). Similar to
BRCA1, the maijority (25 of 26) of additional VUS reclassified as likely benign using the
Bayesian approach were variants where no additional evidence could be applied. Since the
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posterior probability of pathogenicity was below 0.1, these variants were classified as likely
benign. The lone variant with additional benign evidence (NM_000546.5(TP53):c.328C>A
(p.Arg110Ser)) was predicted to be benign by computational predictive models, but was also
absent from population databases and occurs at the amino acid position of another pathogenic
missense variant. These conflicting pieces of evidence result in a VUS interpretation following
rules-based methods, but with the Bayesian method, this variant has a posterior probability of
0.05 and is interpreted as likely benign.

PTEN variant reinterpretation

We obtained data for 74 PTEN missense variants identified in multigene cancer panels
from 1,061 individuals that had multiplexed functional data from at least one of the PTEN
assays. These variants were classified by Ambry Genetics as pathogenic (n=7), likely
pathogenic (n=17), VUS (n=48), and likely benign (n=2). Both likely benign variants had
functionally normal scores from the activity and abundance assays. The seven pathogenic
variants were assessed in the phosphatase activity assay. Four scored as low activity and three
as intermediate activity. Six of the pathogenic variants were assessed in the abundance assay.
Five had low abundance and one had normal abundance. 16 of the likely pathogenic variants
were scored in the phosphatase activity assay and 11 were scored as low activity, two as
intermediate, and three as normal activity. Of the 13 likely pathogenic variants that were scored
in the abundance assay seven had low abundance and 6 had normal abundance. This low
sensitivity of each assay for pathogenic/likely pathogenic variants from the diagnostic laboratory
dataset is consistent with the assessment using variant annotations from ClinVar.

We attempted to reinterpret PTEN VUS with MAVE data following the ClinGen SVI
recommendations and were unable to reclassify any of the VUS due to limited strength of
evidence (Tables S1 and S11). For this reason, we employed guidelines developed by the
PTEN variant curation expert panel (VCEP) for clinical integration of these datasets'Z. Here,
variants deemed functionally abnormal in the phosphatase activity assay receive PS3 strong
evidence. Variants deemed functionally abnormal in the multiplexed protein abundance assay
receive PS3 supporting evidence. Variants deemed functionally normal in both assays receive
BS3 strong evidence. Following the VCEP recommendations' with functional evidence
restricted to multiplexed functional data resulted in reclassification of 15% of VUS as likely
pathogenic (n=7) (Figure 4C, Table S12). From the multiplexed functional data, we assigned
strong functional evidence for pathogenicity (PS3) to eight of the VUS, supporting functional
evidence for pathogenicity (PS3_P) to five VUS, and strong functional evidence for benign effect
(BS3) to 22 VUS. In addition to the multiplexed functional data, existing lines of evidence
applied to VUS that were reclassified to likely pathogenic include missense variant in a gene
with low rate of benign missense variation (PP2, n=7), absence in population databases (PM2,
n=7), and missense variant at a position where another missense variant is classified as
pathogenic (PM5, n=3). None of the VUS with BS3 evidence could be reclassified to likely
benign following PTEN VCEP guidelines for two main reasons: 1) there is no consensus for use
of in silico predictive models for PTEN missense variants due to the lack of benign control
missense variants and 2) these VUS are present at too low population frequency for BS1 strong
evidence. Finally, we note that the PTEN VCEP guidelines predate the updated ClinGen SVI
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recommendations for the use of functional data, and thus, may not meet current standards for
strength of evidence attributable to functional data.

Discussion

Multiplexed functional data is appearing rapidly, but has, so far, not been rigorously
evaluated for clinical use. Here, we demonstrated that multiplexed functional data has high
utility in clinical variant interpretation by using functional evidence for 49,281 variants derived
from MAVEs to reevaluate 324 variants of uncertain significance in three important cancer
predisposition genes, BRCA1, TP53 and PTEN, from 774 individuals. Overall, the multiplexed
functional data enabled reclassification of 176 (54%) of the 324 VUS, with considerable
differences in effectiveness across the genes.

Reinterpretation of BRCA1 VUS with multiplexed functional data was straightforward
because a single functional dataset closely adhered to guidelines for multiplexed functional
assay design, the data had high sensitivity and specificity for control variants, and a large
number of control variants were available for computing the strength of evidence. These factors
allowed PS3 strong and BS3 strong levels of evidence to be used for reinterpretation, resulting
in the reclassification of 49% of VUS.

Reinterpretation of TP53 VUS was complicated by the existence of four distinct
multiplexed functional datasets, with no single dataset having a broad enough dynamic range or
sufficient sensitivity and specificity to be used alone. We combined these datasets with a naive
Bayes classifier, which was possible because TP53 has a large number of established benign
and pathogenic variants to use for classifier training. Thus, multiple MAVE datasets can be
integrated to produce a single, accurate functional prediction that can be used for variant
reinterpretation. This approach is particularly important when each functional assay lacks the
requisite dynamic range and sensitivity/specificity alone, or when variants in a gene, like TP53,
have multiple mechanisms of pathogenicity that cannot be probed in a single assay. Ultimately,
our machine learning approach, in combination with the large number of available control
variants for TP53, allowed strong pathogenic (PS3) and moderate benign (BS3_M) levels of
functional evidence to be used to reclassify 69% of VUS.

Reinterpretation of PTEN VUS highlighted other limitations of multiplexed functional
data. Here, lack of benign control variants constrained assay validation, preventing the use of
machine learning to combine functional data from multiple assays and also meaningful
assessment of the strength of evidence. In addition, this lack of benign control variants inhibited
the utility of in silico predictors, an important contributor to variant interpretations. Nonetheless,
despite these challenges, functional evidence enabled reclassification of 15% of VUS with
application of VCEP recommendations for PTEN variant interpretation. This analysis highlights
the important role of ClinGen VCEPs in developing guidelines for functional data integration for
genes where control variants are limited, as we could not reclassify any PTEN VUS following
the generalized ClinGen SVI recommendations for use of functional data®.

By analyzing multiple genes and functional data sets, we reveal the key characteristics
of each assay and gene that dictate the utility of multiplexed functional data for variant
interpretation. Key assay characteristics are the dynamic range of function scores separating
functionally normal from abnormal variants, and the predictive value of the assay for correctly
identifying known pathogenic and benign variants used as controls. The key gene characteristic



is the availability of pathogenic and benign control variants for assay validation. As for PTEN,
lack of control variants can severely constrain the strength of evidence arising from functional
assays regardless of assay performance.

The MAVE community is making progress in developing assays with high dynamic range
and high predictive value®°. However, addressing the lack of benign and pathogenic control
variants for validation is more challenging. A perfect assay must have at least 19 control benign
and pathogenic variants for validation to achieve strong benign and pathogenic functional
evidence, whereas at least 11 benign and pathogenic variants are required to achieve moderate
evidence®. Of the 73 clinically actionable genes on the ACMG Secondary Findings v3.0 list',
only 23 genes have a sufficient number of control missense variants for a hypothetical MAVE
that perfectly distinguishes the pathogenic and benign variants to achieve strong functional
evidence (PS3) for interpretation of functionally abnormal variants (Figure 5B, Table S13). The
50 genes that do not reach this threshold are limited by the number of control benign variants
available for assay validation or lack established pathogenic missense variants. In addition, just
40 of these genes have sufficient control missense variants for a hypothetical MAVE that
perfectly distinguishes pathogenic and benign variants to achieve strong evidence for benign
interpretation (BS3) of functionally normal variants (Figure 5A). Thus, most genes lack the
control variants required to deploy variant functional data as strong evidence, and closing this
control variant gap will likely require active efforts to generate control variants and changes to
variant interpretation practices. For genes like PTEN where multiplexed functional data is
available but benign control variants are lacking, expert panels could coordinate review of VUS
and variants discovered in population sequencing studies. Data generators and clinicians
should work together to design, pilot and validate MAVEs, as well as to integrate the resulting
functional data into interpretation workflows in order to maximize the potential of these powerful
data?'“°. Ultimately, a confluence of high-quality multiplexed functional datasets, large numbers
of control variants and reassessment of interpretation guidelines could transform our ability to
definitively interpret VUS.
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Figure Legends

Figure 1: Missense variants of uncertain significance are a large and growing problem. A.
Single nucleotide missense variants colored by ClinVar classifications (Benign = 25,707; likely
benign = 16,377; VUS = 227,365, likely pathogenic = 14,716, pathogenic = 22,489, conflicting
interpretations = 20,026). ClinVar data downloaded on 10/27/2020. B. Missense variants in
ClinVar from 2015 to 2020 shown by clinical significance.

Figure 2: Schematic for integration of multiplexed fuctional data into clinical variant
interpretation. Top panel: We first collected variant function scores and determined assay
dynamic range and sensitivity and specificity for established pathogenic and benign variants. If
a single assay had high sensitivity and specificity we used the function scores directly to
determine which variants were functionally normal and functionally abnormal. Where possible,
we combined multiple MAVE datasets to increase predictive value of function scores and
determine the functional class of variants. Finally, we computed the odds of pathogenicity for the
assigned functional classes to determine the strength of evidence assigned to each dataset.
Bottom panel: Existing evidence for 324 VUS were combined with the MAVE functional
evidence to reinterpret variants as either likely pathogenic (orange), likely benign (blue), or VUS

(gray).

Figure 3: Function scores for BRCA1, TP53, and PTEN variants of known effect.
Histograms of function scores for variants colored by their ClinVar interpretations for each
multiplexed functional assay in the left column and nonsense and synonymous variant
distributions in the right column. A, B. Function scores for BRCA1 derived from saturation
genome editing in a BRCA1 deficient HAP1 cell line. C-J. Function scores for TP53 derived from
four different assays. From top to bottom: TP53-null A549 cell line with positive selection for loss
of function variants with etoposide. TP53-null A549 cell line with negative selection for loss of
function variants with nutlin-3. TP53-wild-type A549 cell line with positive selection for dominant
negative variants with nutlin-3. TP53-wild-type AML reporter cell line with positive selection for
dominant negative variants with nutlin-3. K-N. Function scores for PTEN derived from two
different assays. From top to bottom: PTEN variant abundance assayed in a HEK293 cell line
and PTEN variant phosphatase activity in a humanized yeast system. Histogram color indicates
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known clinical effect as reported in the ClinVar database (dark blue = benign, light blue = likely
benign, light red = likely pathogenic, dark red = pathogenic).

Figure 4 legend: Reinterpretation of BRCA1, TP53, and PTEN VUS using multiplexed
functional data. A-C: original variant classifications from Ambry Genetics. D-F: Variant
classifications after reinterpretation using existing evidence and multiplexed functional data.
Dashed sections represent the proportion of VUS reclassified to either likely pathogenic or likely
benign.

Figure 5: Strength of evidence that could be assigned to variants of ACMG Secondary Findings
v3.0 genes with hypothetical MAVEs that perfectly distinguish between pathogenic and benign
controls.
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Table 1: Functionally abnormal variant selection: Positive = cells harboring functionally
abnormal variants have prolonged survival upon functional selection compared to wild type.



Negative = cells harboring functionally abnormal variants are more rapidly depleted than wild
type upon functional selection.

Gene

BRCA1

TP53

TP53

TP53

TP53

PTEN

PTEN

Number of Cell type Functionally Selection Functional Readout Reference
variants tested abnormal variant relevance
selection
3,893 HAP1 Negative Cell growth BRCA1 is essential Sequencing of Findlay et al. 2018,
for survival variants, PMID: 30209399
enrichment after
growth
8,258 A549 Negative Etoposide Etoposide is more Sequencing of Giacomelli et al.
toxicity toxic to cells with variants, 2019, PMID:
TP53 loss of enrichment after 30224644
function mutations growth
8,258 A549 Positive Nutlin-3 Nutlin-3 is less toxic Sequencing of Giacomelli et al.
toxicity to cells with TP53 variants, 2019, PMID:
loss of function enrichment after 30224644
mutations growth
8,258 A549 Positive Nutlin-3 Nutlin-3 is less toxic Sequencing of Giacomelli et al.
toxicity to cells with variants, 2019, PMID:
dominant negative enrichment after 30224644
TP53 mutations growth
8,258 MOLM13 Negative Nutlin-3 Nutlin-3 is less toxic Sequencing of Boettcher et al.
toxicity to cells with variants, binned 2019, PMID:
dominant negative by P21-GFP 31395785
TP53 mutations intensity
4,112 HEK293 Negative Cell growth PTEN-GFP fusion Sequencing of Matreyek et al. 20185,
protein abundance variant barcodes, PMID: 29785012
binned by
PTEN-GFP
intensity
7,244 YPH-499 Negative PI3K toxicity Human PI3K is toxic Sequencing of Mighell et al. 2018'°,

to yeast in absence
of functional human
PTEN

variants,
enrichment after
growth

PMID: 29706350
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Abstract:

MAVEs have so far been performed in utilitarian cancer cell lines, preventing their application to
disease genes which cause phenotypes only in differentiated cells. To overcome this limitation,
we developed a method for introducing SNVs into a single allele of a diploid induced pluripotent
stem cell line using saturation genome editing (iPSC-SGE). We applied iPSC-SGE to POLG and
MYBPC3. POLG encodes a DNA polymerase gamma which is required for replicating the
mitochondrial genome. POLG variants are a leading cause of inherited mitochondrial depletion
syndromes, resulting in a broad range of neurological phenotypes. We introduced variants to
exon 16 on both a null POLG background and a pathogenic (W748S) POLG background. In
both cases we cultured iPSCs for 14 days and scored variants based on their depletion. 23 of
438 variants were depleted in W748S cells and 123 of the total 438 exon 16 variants were
depleted in null iPSCs. All 16 depleted ClinVar variants were pathogenic and 28 of the 29
functionally normal ClinVar variants were benign. We calibrated the assay for variant
interpretation and applied strong functional evidence to delepled variants and moderate benign
evidence to functionally normal variants and reclassified 28% of ClinVar variants of uncertain
significance (VUS). MYBPC3 encodes cardiac myosin binding protein C3, where pathogenic
variants are the most common cause of familial hypertrophic cardiomyopathy. For this gene, we
focused on the C10 domain, which anchors MYBPC3 to myosin heavy chain within the
sarcomere and is a hotspot for pathogenic missense variants. We introduced 496 variants into
the exon 32 and flanking intronic regions in iPSCs and differentiated these cells to
cardiomyocytes for phenotyping. We used FACS to score variants based on their abundance
relative to the wild type allele. In total, 87 variants had reduced abundance and 315 variants had
normal abundance. All ten reduced abundance ClinVar variants were pathogenic and 22 of 23
normal abundance ClinVar variants were benign. Both POLG and MYBPC3 iPSC-SGE assays
receive PS3 strong evidence for functionally abnormal variants and BS3 moderate evidence or
functionally normal variants enabling clinical integration of the data. Thus, iPSC-SGE unlocks
greater potential of MAVEs by expanding their application to the majority of human disease
genes where variants must be phenotyped in differentiated cells.



Introduction:

Genome guided precision medicine is limited due to our inability to classify the majority
of variants discovered by genetic testing. Clinical variant classification where the likelihood of
variant pathogenicity is assessed has been hindered in many cases because variants are rare
and the information required for definitive classification is unavailable. For this reason many
newly identified variants are classified as variants of uncertain significance (VUS) and cannot be
used to guide medical decisions. This trend is especially problematic for single nucleotide
variants (SNVs) that cause missense amino acid substitutions where over 1 million are
classified as VUS in ClinVar '. This challenge in the interpretation of rare variants represents a
major crisis for genomic medicine. In particular, the utility of sequencing genes associated with
actionable conditions where interventional recommendations exist to prevent manifestations or
reduce morbidity/mortality is severely limited.

Functional assays can provide evidence for the classification of missense variants. The
throughput of functional assays has increased significantly through multiplexed assays for
variant effect (MAVEs) where advances in DNA sequencing and synthesis technologies have
allowed the measurement of hundreds to thousands of variants in a pooled fashion in a single
experiment. Because they generate functional data at scale, MAVEs have had an impact on the
ability to resolve VUS in clinically relevant genes. For example, adding MAVE-generated
functional data to other evidence for BRCA1, TP53, PTEN and MSH2 variants resulted in
reclassification of 50%, 69%, 15% and 75% of VUS 23. A class of MAVE called saturation
genome editing (SGE) has been particularly powerful for accurately identifying potentially
pathogenic variants *°. In SGE all possible variants are directly edited into a region of the
genome and then assessed for functional effects. Endogenous genome editing rather than
expression of cDNA variant libraries allows assessment of both coding and noncoding variants
and splice effects to be measured along with protein effects. Additionally, endogenous editing
negates artifacts due to transgene overexpression which may mask subtle protein or splice
defects. SGE followed by cell survival as a phenotypic readout has been employed to great
effect to assess variants in genes that are essential to the HAP1 cell line >"'. HAP1 cells are
haploid meaning that only a single allele needs to be edited to assess loss of function variants
(LOF)™. Loss of function (LOF) variants edited into essential genes become depleted from the
cell population and can be tracked by sequencing. SGE has been performed in diploid cell lines
but requires upfront cell line engineering '®'* or more accurately identifies dominant negative
(DN) or gain-of-function (GOF) variants rather than LOF variants . Nonetheless, all SGE to
date has been performed in cancer or nonhuman cell lines limiting the genes that can be
assessed for variant effects.

Assessing variants in the relevant cell type can be key to measuring the functional defect
that underlies disease. Cell context is important for assessing the functional effects of coding
variation, particularly for genes encoding proteins that function in cell type-specific structures or
pathways. Cell context is also critical for assessing noncoding regulatory variation to ensure that
the relevant trans-acting factors and chromatin architecture are present. Expression of cell type
specific genes is also dependent on local genetic architecture, making endogenous genome
editing a suitable method for introducing variants into iPSCs to measure variant effects in
differentiated cells. Whereas transgene integration via lentiviral vectors or safe harbor landing
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pads silence upon differentiation, editing variants into their endogenous locus ensures they will
be expressed in the cell type of interest at more physiologically relevant levels. Many regulatory
elements and coding genes also drive cell fate transitions, requiring variants to be assessed in
differentiable cell systems. Furthermore, humans are diploid and genetic architecture can affect
how alleles interact to express a phenotype. Haploid cells do not allow identification of DN
alleles and variants with partial function can be difficult to identify. We therefore developed
iPSC-SGE to evaluate variants in the correct cell context and genetic architecture.

Methods

iPSC culture and maintenance

Human induced pluripotent stem cells (iPSCs) were maintained at 37 °C in 5% CO2. All
WTC-11, WTC-11-Ngn2 and derivative lines generated for this project were cultured on Matrigel
(Corning; cat. no. 354277) and fed every other day with mTeSR Plus and 0.5%
penicillin-streptomycin (ThermoFisher; cat. no. 15140122). iPSCs were passaged before
reaching confluency by dissociating cells with TrypLE Express (ThermoFisher; cat. no.
12604013) and resuspended in mTeSR Plus supplemented with 10 uM Y-27632 dihydrochloride
(Rho kinase [ROCK] inhibitor; Tocris; cat. no. 1254). Clonal lines were isolated via dilution
plating in 96 well plates at 0.5 cells per well in mTeSR Plus supplemented with 10 uM Y-27632
and CloneR2 (StemCell Technologies; cat. no. 100-0691). iPSCs were transferred from Matrigel
to plates coated with Vitronectin XF (StemCell Technologies; cat. no.07180) at 10ug/ml and
conditioned for at least two passages before cardiac differentiation on Vitronectin.

Construction of iPSC-SGE repair templates

Plasmid repair templates were assembled using Twist gene fragments containing the genomic
region of interest, homology arms, fluorescent protein fusion, and antibiotic selection markers
driven by Ef1a. Homology arms flanked the genomic Cas9 cut site and were at between
200-500 bases in length. Gene fragments were designed with 18-22 base overlaps and
assembled together with assembly PCR. Assembled repair templates were then cloned into the
pJET vector with directional cloning. SNVs were inserted into mApple fused repair templates
with either Gibson assembly or Golden Gate assembly. MYBPC3 exons 32 and 33 SNV libraries
were amplified from Twist oligo pools and inserted into the linearized backbone with Gibson
assembly with NEBuilder HiFi DNA assembly (NEB; cat. no. E2621S). The POLG backbone
vector was over 13kb and could not be linearized for Gibson assembly and instead the Twist
fragment containing exon 16 was designed with type IIS restriction sites and SNV oligos were
amplified with compatible cut sites. SNVs were then inserted using Golden Gate assembly. All
repair templates were sequence verified with whole plasmid sequencing via long read
sequencing technologies before integration into cells. Assemblies were electroporated into NEB
10-beta electrocompetent cells (NEB; cat. no. C3020K) and plasmids were prepped with the
ZymoPURE |l Plasmid Maxipre Kit (Zymo; cat. no. D4203).

gRNA design

Synthetic guide RNAs were designed using ccTOP software
(https://cctop.cos.uni-heidelberg.de/). Guides were designed for POLG intron 10 and MYBPC3
intron 27. Guides were optimized for predicted cutting efficiency and minimal predicted off target


https://cctop.cos.uni-heidelberg.de/

effects with ccTOP. The guides for inserting the background GFP allele were designed 5’ to the
guide for SNV integration so that the guide sequence for the SNV allele could be removed from
the GFP repair template. Synthetic guide RNAs and spCas9 protein were ordered from
Synthego (synthego.com).

Generation of heterozygous GFP lines for SGE

Wild type WTC-11 iPSCs were grown to 70-80% confluency then split 1:5 the day before gene
editing. Synthetic gRNAs were pre-complexed into ribonucleoproteins (RNPs) with spCas9
protein for 10 minutes at room temperature per the manufacturer recommendations (Synthego).
RNPs and 1ug of plasmid repair template were introduced into 200,000 cells via electroporation
with the Lonza Amaxa P3 Primary Cell Kit S (Lonza; cat. No. V4XP-3032) using the Lonza 4D
Nucleofector system. Immediately after electroporation, cells were plated into a single well of a
24 well plate coated with Matrigel and supplemented with 1X Clone R2. One week post
electroporation, cells were selected with 1ug/ml puromycin for 2 days. Cells were then
expanded and sorted for GFP positivity. Since MYBPC3 is not expressed in stem cells, correct
integration of repair templates was determined with CRaTER; CRISPR activation of MYBPC3 at
the endogenous promoter '° 3 days prior to the sort. GFP positive cells were then plated in 96
well plates at 0.5 cells per well and single cell colonies were selected and expanded for PCR
verification of heterozygous integration of GFP repair templates.

Saturation genome editing of iPSCs

Clonal GFP iPSCs were grown to 70-80% confluency then split 1:5 the day before gene editing.
Synthetic gRNAs were pre-complexed into ribonucleoproteins (RNPs) with spCas9 protein for
10 minutes at room temperature per the manufacturer recommendations (Synthego). RNPs and
SNV containing plasmid repair template (4ug for POLG and 8ug for MYBPC3) were introduced
into 2x1076 cells via electroporation with the Lonza Amaxa P3 Primary Cell Kit L (Lonza; cat.
No. V4XP-3024). Immediately after electroporation, cells were plated into a single well of a 6
well plate coated with Matrigel and supplemented with 1X Clone R2 and 10 uM Y-27632. Cells
were expanded and plated sparsely in Matrigel coated 10cm dishes for selection with 10ug/ml
blasticidin S HCI (ThermoFisher; cat. no. A1113902). After selection cells were expanded and
frozen in 500ul CryoStor CS-10 (Sigma; cat. no. C2874) at 3x10”6 cells per vial. POLG cells
were sorted for double positive GFP/mApple signal and expanded before cryopreservation.

Cardiac directed differentiation

iPSCs were cultured on 10ug/ml Vitronectin XF prior to cardiomyocyte differentiation. Small
molecule directed differentiation was performed as previously described with some
modifications *°. iPSCs were plated in 15ug/ml Vitronectin XF coated 24 well plates at 7.5x10"4
cells per well in mTeSR Plus supplemented with 10 uM Y-27632. Media was changed to fresh
mTeSR Plus without 10 uM Y-27632 the next day. Directed differentiation was initiated (DO)
when cells reached 60-70% confluency by aspirating mTeSR and replacing media with RBA
media: RPMI (Invitrogen; cat. no. 11875135), 0.5 mg/mL bovine serum albumin (Sigma; cat. no.
A9418), 0.213 mg/mL ascorbic acid (Sigma; cat. no. A8960) supplemented with 4.5uM
CHIR-99021 (TOCRIS; cat. no. 4423). After two days (D2), CHIR-99021 containing media was
removed and replaced with RBA supplemented with 2 yM Wnt-C59 (Selleck; cat. no. S7037).
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On D4, Wnt-C59-containing media was replaced with RBA. On D6 (and every other day
afterwards), media was replaced with cardiomyocyte media: RPMI, B27 plus insulin (Invitrogen;
cat. no. 17504044). Cardiomyocyte cultures typically begin beating by D6. After D12,
cardiomyocyte media was removed and cardiomyocytes were dissociated to single cells with
TrypLE Select 10X (ThermoFisher; cat. no. A1217701) and replated on Matrigel coated 6 well
plates at 3x1076 cells per well in cardiomyocyte media supplemented with 10% FBS and 10 uM
Y-27632.

Cardiomyocyte cycloheximide chase and sorting

After D20 and at least 7 days after replating, cardiomyocyte media was replaced with
cardiomyocyte media containing 300ug/ml cycloheximide (Sigma; cat. no.) for 3 hours.
Cardiomyocytes were then dissociated to single cells with TrypLE Select 1X (ThermoFisher; cat.
no. 12563011) and recovered in RPMI. Cells were washed with 1X PBS and fixed witn 4%
paraformaldehyde () for 10 minutes at room temperature and washed with 1X PBS.
Cardiomyocytes were then resuspended in PBS sort buffer containing 5mM EDTA ( cat. no.)
and 25mM HEPES (ThermoFisher; cat. no.). Resuspended cells were passed through a 100uM
cell strainer into FACS tubes. GFP positive cells were then sorted into 4 quartile bins on mApple
to GFP ratio. After the sort, cells were pelleted in Eppendorf tubes a 800 RCF for 10 minutes
and supernatant was discarded.

Cardiomyocyte DNA extraction

Cardiomyocyte DNA was extracted from sorted cardiomyocytes using the MagMAX Multi
Sample Ultra 2.0 Kits (ThermoFisher; cat. n0.A36570) with the MagMAX Cell and Tissue
Extraction DNA Extraction Buffer (ThermoFIsher; cat. No. A45469). DNA was extracted to
manufacturers specifications with a few modifications. First, cell pellets of no more that 1x10*6
cells were resuspended in extraction buffer and heated to 65C with shaking for 60 minutes with
vortexing every 10 minutes. Further, the lysis step on the instrument was performed for 15
minutes. Finally, DNA was eluted from beads in 100ul of water.

Library preparation and sequencing

Genomic DNA from iPSCs was extracted using the Qiagen DNeasy Blood and Tissue Kit (; cat.
no. 69504). Sequencing libraries were prepared with a three step nested PCR approach. First,
SNV allele specific PCR was performed using primer sets that amplified from mApple to a
genomic region outside of the 5’ homology arm of the SNV repair template. MYBPC3 allele
specific PCR was conducted with Q5 Hot Start High-Fidelity 2x Master Mix (NEB; cat. no.
M0494S). POLG allele specific PCR was performed with LongAmp Taqg DNA Polymerase (NEB,;
cat. no.M0323S). gDNA PCRs were split into 4 reactions with 250ng gDNA each and pooled for
AMPure XP Bead (Beckman Coulter; cat. no. A63882) cleanup. Exon specific amplicons with
lllumina TruSeq and Nextera adaptors were prepared in a second PCR that was AMPure
cleaned. The third PCR attached ten base pair barcodes to amplicons for demultiplexing. 2nM
libraries were pooled and sequenced on the lllumina Nextseq 2000 instrument.



Calculating iPSC-SGE scores for POLG growth assay

SNV log2ratios were calculated by variant frequency at iPSC day 14 vs. pDNA frequency. First,
reads were demulitpmexed using lllumina Bcl2Fastq software and paired end reads were
assembled using Pear software. Any reads with more than one SNV or an indel was filtered out
of the analysis. Reads with a single SNV were mapped to the genomic region of POLG exon 16
and each SNV was assigned a count. LogZ2ratios were calculated for each experiment relative to
pDNA frequences.

Calculating iPSC-SGE scores for MYBPC3 abundance assay

Abundance scores were calculated as previously described 6. Briefly, sequence reads were
filtered to include only SNVs mapping to the genomic regions of MYBPC3 exon 32. Weighted
average frequencies were calculated by the sum of weighted frequencies for a given variant
across all bins divided by the sum of frequencies for that variant across all bins. Bins were
weighted as follows: bin 1 (lowest abundance) = 0.1, bin 2 = 0.15, bin 3 = 0.2 and bin 4 (higest
abundance) = 1.

CRISPR screen guide cloning

gRNA sequences for the 4,502 human disease genes in our CRISPR screen were from the
minimal Cas9 library including the 200 non-targeting controls . Guides were ordered as an
oligo pool from Twist and cloned into LentiGuide Blast (Abcam:199622) with Golden Gate
assembly. Three replicates of NEB 10-Beta electrocompetent cells were transformed with the
assembled gRNA library and plasmids were prepped with ZymoPURE Il Plasmid Maxiprep Kit
and plasmids were pooled and sequenced with full plasmid sequencing to verify correct
assembly and amplicon sequencing of the gRNA region to verify library coverage for lentivirus
production.

iPSC neuron CRISPR screen

WTC-11 Ngn2 iPSCs '® were engineered to integrate a spCas9 expression cassette into the
genome via PiggyBac transposition. Lentivirus was produced by co-transfecting HEK-293T cells
with gRNA library containing LentiGuide-Blast plasmid along with other lentivirus packaging
component plasmids. After three days, lentivirus containing supernatant was collected and
lentivirus was concentrated with PEG-it (System Biosciences; cat. no. LV810A-1). Ngn2-Cas9
iPSCs were seeded into Matrigel coated 6 well plates at 2x1075 cells per well in mTeSR Plus
supplemented with 10 yM Y-27632. The following day cells were tranduced with concentrated
lentivirus at low MOI (about 30% transduction efficiency). To achieve 200x coverage of gRNA
library, 6x1076 cells were transduced per replicate. Post transduction, cells were selected with
blasticidin and expanded to maintain library complexity. Cell pellets were harvested for library
screening after blasticidin selection. gRNA containing iPSCs were cultured for 3 weeks, cell
pellets were collected, then cells were plated for neuron differentiation following published
protocols '8. CRISPR scores were calculated using MAGeCK-iNC software °.
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Results

Editing nearly 1,500 variants of POLG and MYBPC3 into induced pluripotent stem cells
(iPSC) with with iPSC-SGE

Most unique missense variants are classified as VUS in ClinVar'. A number that has
been growing nearly exponentially since the initiation of the database (Figure 1A). SGE is a
powerful tool for generating accurate functional data for clinical variant classification®?; .
Since HAP1 SGE relies on a cellular growth phenotype, a major limitation of the approach is the
requirement that a gene is essential to the cell line. Of the nearly 800,000 missense VUS in
ClinVar within genes that have a well established disease association, only 16% occur within
genes that are essential to HAP1. Many of the non-essential disease-associated genes are not
expressed in HAP1 and cause phenotypes that manifest in specific cellular and tissue contexts
(Figure 1B). In addition, essentiality in a haploid cell line neglects the fact that most variants
that cause genetic disorders occur in a diploid genetic context where the second allele may
modulate the impact of a pathogenic variant. For these reasons, we developed an SGE
approach for diploid human induced pluripotent stem cells (iPSC-SGE) where variants are
precisely edited into their endogenous locus in iPSCs such that variant effects can be measured
after differentiation into cell type of interest.

To assess variants in diploid iPSCs we devised multiple editing strategies depending on
the genetic architecture of disease (Figure 1C). First, we chose to work with WTC-11, a widely
utilized and well characterized episomally derived iPSC line from a healthy adult male donor "%,
In addition to wild type WTC-11, we utilized a WTC-11 derived line with a doxycycline inducible
mouse Ngn2 cassette for rapid excitatory neuron differentiation '®. To engineer WTC-11 lines for
SGE, we first modified one allele before targeting the other for SGE. For genes where variants
exert their effect in an autosomal recessive fashion we edited the first allele to express a known
pathogenic SNV or null allele harboring a large deletion of coding sequence (Figure 1C). For
genes where variants act in an autosomal dominant architecture we knocked in a reference
(wild type) copy to the first allele (Figure 1C). For each, we included an antibiotic resistance
cassette to select for integrants, fused the engineered gene to GFP at its terminal protein coding
exon to identify in-frame edits and created a small intronic deletion to protect the edited copy
from re-cutting when a guide for SGE of the second allele is introduced. For genes that are not
expressed in the stem cell state we employed CRaTER 5, a strategy to induce expression of
fluorescent fusion protein using CRISPR activation to identify cells with in-frame edits. Correctly
edited cells containing in-frame reference or variant genes were isolated by screening antibiotic
resistant, GFP-positive clones by PCR. We isolated multiple clonal lines for each experiment,
sequence verified the GFP allele with nanopore sequencing, and validated differentiation
potential where applicable.

We applied iPSC-SGE to introduce libraries of variants into the POLG and MYBPC3
genes in iPSCs, enabling measurement of variant effects in the context of a second allele and in
differentiated cell types. POLG encodes a DNA polymerase required for replicating the
mitochondrial genome. POLG variants are a leading cause of inherited mitochondrial depletion
syndromes that cause a broad range of neurological disorders that span a spectrum of
symptoms and severity*'. We chose POLG as a model for iPSC-SGE because variants can
cause disease in both an autosomal dominant and recessive manner. Therefore, we chose to
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edit saturation libraries of POLG exon 16 into cells with both a null allele to identify LOF variants
and a hypomorphic pathogenic allele (W7488S) to identify dominant negative variants (Figure 1C
and 1D). POLG exon 16 is 118 bases in length and encodes part of the polymerase’s thumb
and palm subdomains. We programmed a variant library to make all possible 354 coding SNVs
and 84 intronic variants to assess effects on both protein function and splicing. The variant
library is delivered to cells in a plasmid-based repair template spanning 13 exons and introns
encoding the C-terminus fused to mApple via an internal ribosome entry site (IRES). The repair
template has homology arms to target the cassette to the 12th intron and genome integration is
selected for with blasticidin and targeting to the correct locus with mApple signal. We assess
editing rates by amplifying correctly edited variants from the genome followed by DNA
sequencing. In each editing experiment in the W748S line, we recovered 377 of the 384
programmed variants after antibiotic selection. The 98% recovery rate for variants suggests that
SGE in iPSCs will be feasible at a scale (Figure 1D).

MYBPC3 encodes the cardiac myosin binding protein, which modulates the contraction
of heart cells within the sarcomere. Pathogenic variants in MYBPCS3 are the leading cause of
familial hypertrophic cardiomyopathy (HCM) ('®%. For MYBPC3 we integrated variants into
exons 32 and 33 that encode the C10 domain, which is a hotspot for pathogenic missense
variants 23, Pathogenic missense variants in the C10 domain have a dominant inheritance
pattern and cause haploinsufficiency through reduced protein abundance #2*. To perform SGE
on the MYBPC3 C10 domain we designed repair templates containing the genomic region
spanning exons 27-34 fused to mApple. Variant libraries for exon 32 programmed to contain all
possible 411 coding SNVs and 87 flanking intronic SNVs and exon 33 which contained 561
coding SNVs and 78 intronic SNVs were separately cloned into the repair template plasmid. We
recovered 496 of the 498 programmed variants for exon 32 and 621 of 639 variants for exon 33
after antibiotic selection. The 97-99% recovery rate suggests that editing genes that are not
expressed in the stem cell state and are heterochromatinized is as efficient as editing genes that
are expressed in stem cells (Figure 1D). Taken together, iPSC-SGE represents a greater than
10-fold improvement in scale of variant libraries edited into human stem cells '*%-?enabling the
scalable assessment of variants across differentiable cell types and in the diploid state.

POLG iPSC-SGE identifies loss of function and dominant negative variants

POLG variants were measured in iPSCs in the context of two different background
mutations. First, we introduced exon 16 variants into cells with the pathogenic W748S variant
engineered into the GFP allele. After genome editing, cells were selected with blasticidin and
sorted for positive GFP and mApple signal to enrich for cells with the pathogenic W748S variant
and correctly integrated exon 16 SNVs (Figure 2A). Exon 16 variants were sequenced 14 days
after sorting and all but 23 missense variants were stabally integrated (Figure 2B). These
missense variants occurred at 12 residues in the polymerase domain spanning positions 847 to
866 at the junction of the thumb and palm subdomains. These residues are involved in binding
the polymerase domain to DNA 28 and disruption of POLG polymerase domain binding has been
demonstrated to cause a toxic dominant negative mitochondrial DNA depletion phenotype in
cultured cells ?°. Thus, we deemed the 23 depleted missense variants in the W748S iPSCs
potential dominant negative missense variants.
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POLG variants were also measured in POLG null iPSCs, following a similar procedure
to the W748S cells (Figure 2C). In POLG null cells, all potential dominant negative variants
were depleted by day 14. In addition, all nonsense and canonical splice site variants were
depleted. An additional 72 missense variants were depleted in POLG null cells compared to
W748S background cells (Figure 2D). Exon 16 function scores were bimodally distributed and
123 of the total 438 exon 16 variants were depleted in null iPSCs (Figure 2E). Functionally
abnormal iPSC-SGE scores were broadly in agreement with variant effect predictors (VEPS).
We chose to compare function scores with CADD, AlphaMissense and REVEL to validate assay
results against different classes of VEPs. With the exception of two splice region variants, all
iPSC-SGE depleted variants had deleterious VEP scores across the three predictors. A
proportion of functionally normal missense variants were predicted to be deleterious in each of
the predictors (CADD = 48%, AlphaMissense = 22%, and REVEL = 65%). This result is
consistent with other accurate functional datasets *7, which outperform VEPs since predictors
tend to have poor sensitivity and/or specificity for benign variants, often scoring them as
deleterious *°.

POLG iPSC-SGE scores enables reclassification of 28% of VUS

We calibrated POLG exon 16 iPSC-SGE scores for clinical variant classification. First,
we fit a two component Gaussian mixture model (GMM) to the full set of function scores. We
then set thresholds at the function scores where variants had a greater than 95% chance of
being sampled from the left or right distribution based on the component density ratios. Variants
below -2.96 were considered functionally abnormal and variants that scored above -2.17 were
considered functionally normal. Variants in between these thresholds were considered to have
indeterminate function (Figure 3A). We then calibrated the functionally abnormal and
functionally normal score ranges by calculating pathogenicity likelihood ratios (OddsPath) for
each category using ClinVar pathogenic/likely pathogenic and benign/likely benign variants with
at least one star 3'. All 16 functionally abnormal ClinVar variants we pathogenic or likely
pathogenic resulting in an OddsPath of 24.5 corresponding to PS3 strong pathogenic evidence
for variant classification of variants that score functionally abnormal. 28 of the 29 functionally
normal variants were ClinVar benign of likely benign variants resulting in an OddsPath of 0.063,
corresponding to BS3 moderate benign evidence for functionally normal variants. We chose to
calibrate CADD scores for exon 16 since this predictor had the greatest number of overlapping
ClinVar variants with the iPSC-SGE data. We applied the same GMM method for CADD scores
and found that above 19.8 were predicted abnormal and had an OddsPath of 22.9
corresponding to PP3 strong pathogenic evidence. Variants with CADD scores below 12.5 had
an OddsPath of 0.068 and were given BP4 moderate benign evidence.

We applied functional evidence from iPSC-SGE and VEP evidence from CADD to POLG
VUS in ClinVar. Agreement between the two pieces of evidence in favor of pathogenicity
resulted in two pieces of strong evidence applied to 8 of the ClinVar VUS. Agreement in favor of
benignity resulted in two pieces of moderate benign evidence applied to 3 of the VUS (Figure
3E). Thus, we were able to reclassify 8 VUS as likely pathogenic and 3 VUS as likely benign,
resolving 28% of the VUS in this region (Figure 3F-G). Beyond VUS, there were a total of 109
exon 16 variants that were both functionally abnormal and had predicted deleterious CADD
scores. A total of 118 variants were functionally normal and had predicted tolerated CADD
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scores (Figure 3H-I). Beyond clinical variant classification, POLG iPSC-SGE scores provide
insight into patient phenotypes. For example, the potential dominant negative R853Q variant
has been described in a patient with severe infantile onset myocerebrohepatopathy spectrum
(MCHS) 3°22, Their second allele was found to harbor the T251I - P587L variants, which are
usually associated with less severe POLG related disorders. Additionally, the R853W variant
has an atypical presentation and is associated with early onset Parkinsonism when inherited
with the G737R variant **-*°. One additional potential dominant variant has been described in a
patient with infantile onset Alpers syndrome where a second variant was not identified 2.
Although there is no clear phenotypic pattern shared between the patients with potential
dominant negative variants, these patients tended to have more severe and atypical phenotypes
compared to most other pathogenic variants.

MYBPC3 iPSC-SGE identifies reduced abundance variants in iPSC cardiomyocytes

iPSC-SGE solves a major limitation of HAP1 SGE by enabling phenotyping of variants in
differentiated cell types. MYBPC3 is a gene that encodes a sarcomere structural component
that is only expressed in cardiomyocytes. Introducing variants into MYBPC3 in iPSCs enables
phenotyping of MYBPC3 variants after cells with SNV libraries are differentiated into
cardiomyocytes. Since MYBPC3 associated familial hypertrophic cardiomyopathy is inherited in
an autosomal dominant fashion, we introduced SNVs via a repair template with an mApple
fusion into iPSCs with a wild type GFP fusion on the second allele. After selection of SNV
integration with blasticidin, library containing cells were differentiated into cardiomyocytes for
phenotyping (Figure 4A). Exon 32 is the first exon of the C-terminal MYBPC3 C10 domain, an
Ig-like domain that anchors MYBPC3 to myosin heavy chain. An established pathogenic
mechanism for C10 missense variants is reduced incorporation into the sarcomere due to loss
of protein stability and abundance %. Thus, at differentiation day 20, monolayer cardiomyocytes
were dissociated into single cells and sorted on mApple to GFP ratio to capture the degree of
abundance change for each SNV compared to the wild type GFP within the same cell (Figure 4
B-C). Cardiomyocytes were sorted into four bins and variants were scored by calculating
weighted average frequency across the four bins (Figure 4D). We collected sufficient cells to
score 434 of the exon 32 variants and all nonsense and canonical splice site variants had low
abundance scores. 57 missense variants also had low abundance scores. All of the missense
variants outside of the C10 domain, before residue 1181, had normal abundance (Figure 4E),
reinforcing the specificity of the loss of abundance phenotype to the C10 domain.

Exon 32 iPSC-SGE scores were bimodally distributed where nonsense and canonical
splice site mutations were separated from synonymous and intronic variants (Figure 4D). We
compared iPSC-SGE scores to VEPs and found broad agreement between predictor scores
and function scores. Nearly all functionally abnormal, reduced abundance variants had high
CADD scores which correspond to deleterious predictions (Figure 4G). AlphaMissense and
REVEL predictions also correlated with iPSC-SGE scores, but a small proportion of functionally
abnormal variants were predicted to be tolerated by both predictors (Figure 4H-l). Nine of the
18 variants with functionally abnormal scores and normal AlphaMissense or REVEL scores
occurred at residues A1203, R1205, or K1209. This region is part of the binding interface with
MYH?7 and the R1205 residue is required for binding the negatively charged MYH7 binding
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interface 3¢, Therefore, it is plausible that variants at these residues allow MYBPC3 to fold
and have normal predictor scores, but do not integrate into the sarcomere and have reduced
abundance as a result.

MYBPC3 iPSC-SGE leads to reclassification of 35% of exon 32 VUS

We calibrated MYBPC3 exon 32 iPSC-SGE scores for clinical variant classification. First
we fit a GMM to all exon 32 scores to determine functionally abnormal and normal thresholds at
0.231 and 0.326, respectively (Figure 5A). OddsPath for functionally abnormal variants was
19.4 and functionally normal variants was 0.08 corresponding to PS3 strong and BS3 moderate
evidence. We calibrated CADD since it had the most overlap with iPSC-SGE scores for exon
32. CADD thresholds were calculated at 8.28 for predicted tolerated and 16.119 for predicted
deleterious(Figure 5B). Tolerated variants received OddsPath of 0.11 and deleterious variants
received OddPath of 10 corresponding BP4 moderate and PP3 moderate evidence.

We applied calibrated functional and predictor evidence to the MYBPC3 exon 32 VUS in
ClinVar. Eleven variants received PS3 strong evidence from iPSC-SGE and PP3 moderate
evidence from CADD and were reclassified to likely pathogenic. Three variants received BS3
moderate and BP4 moderate evidence from iPSC SGE and CADD and were reclassified to
likely benign. The remainder of VUS could not be moved on the basis of functional and
computational evidence alone and remained VUS. We expanded this analysis beyond VUS and
applied calibration to all SNVs in exon 32 and flanking intronic regions and 82 variants received
pathogenic evidence from both sources and 78 variants received benign evidence from both
sources. Since these additional variants have not yet been evaluated in patients, this
prospective analysis will provide useful evidence in the evaluation of these variants as they are
identified in patients in the future.

Identification of 727 Mendelian disease genes essential to iPSC derived neurons

iPSC-SGE in POLG and MYBPC3 demonstrated the power of this technology to
measure variant effects in genetic and cell type specific contexts. However, determining a
multiplexable phenotype for a gene of interest is often a limiting factor in developing new
multiplexed functional assays. Thus, we sought to identify high priority genes that are
specifically assayable with iPSC-SGE using differentiated cell type viability as the phenotype.
We focused this effort on neurological disease genes since they represent the class of
non-Hap1 essential genes with the largest number of VUS in ClinVar (Figure 1B). To do this we
employed a CRISPR knock-out screen targeting 4,502 genes that have been associated with
disease in the GenCC database * as well as an additional set of known neuron essential or
suspected neuronal disease genes '%3°. We first integrated Cas9 into WTC11 iPSCs, then
transduced the cells with a lentiviral gRNA library containing two guides for each gene "".
Guides were sequenced after 3 weeks in iPSC culture then cells were differentiated into
neurons to assess neuron essential genes (Figure 6A). Guides were sequenced in day 21 post
transduction iPSCs and in day 21 post induction neurons and fold change was calculated to
identify neuron essential genes (Figure 6B). Of the 4,502 genes in our screen, gRNAs targeting
714 genes were depleted in neurons compared to iPSC and 13 gRNAs targeting 13 genes were
enriched in neurons compared to iPSCs (Figure 6C). Our data are consistent with other iPSC
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neuron screens. An inducible CRISPRI screen targeting kinases in iPSC derived neurons ' had
133 depleted genes that overlapped with our data. Of those, 82 were depleted in neurons in our
screen, 41 were iPSC essential in our screen, and 10 were not depleted in either neurons or
iPSCs in our screen. In total, there were 128,577 ClinVar VUS in the 727 positive hits from our
screen, representing 16% of the VUS in ClinVar which are assayable with iPSC-SGE and
neuron differentiation.

Discussion

iPSC-SGE solves two major limitations of Hap1 SGE and other multiplexed functional
assays performed in utilitarian cell lines where the majority of human disease genes do not have
phenotypes and are largely not expressed. First, iPSC-SGE is performed in diploid human
iPSCs enabling the phenotyping of variants in the genetic context of a second allele. Since
variants are edited into the endogenous locus, variants are expressed with endogenous
regulatory machinery more closely representing expression levels in humans and any impact
from a second allele. Next, iPSC-SGE enables the differentiation of cells harboring variant
libraries into specialized cell types to measure variant effects in correct cell and tissue context.
Since genome editing is performed in iPSCs, genes which are not expressed in stem cells can
be targeted and variants are expressed upon differentiation into the cell type of interest. We
have demonstrated that SNV libraries can be efficiently integrated into regions which are
silenced in iPSCs via iPSC-SGE of MYBPCS3, a gene that is exclusively expressed in
cardiomyocytes. For these reasons, iPSC-SGE should be applicable to any gene that has
phenotypes in differentiated cells.

iPSC-SGE is a scalable approach for the generation of functional data in differentiated
cells even though it requires upstream cell line engineering that is not required in Hap1 SGE.
Since iPSC-SGE repair templates contain part or all of a genomic locus for a gene of interest,
the backbone SNV repair template is the same for all exons. Therefore, the editing experiment
is the same across all exons targeted for a gene of interest utilizing the same guide RNA. Once
an experiment is designed and reagents are synthesized, scaling to an entire gene or functional
domain is straightforward relative to Hap1 SGE where a new repair template and guide RNA are
used for every region of interest.

Beyond variant interpretation, iPSC-SGE allows the measurement of phenotypes in both
genetic and cellular contexts that more closely model the phenotypes that occur in humans.
This allows for relevant mechanistic insight that cannot be gleaned from Hap1 SGE or
transgene based MAVEs performed in other utilitarian cell lines. For example, iPSC-SGE of
POLG in the presence of two different POLG background alleles revealed a subset of loss of
function missense variants to be likely dominant negative variants which gave context to the
apparent increased severity of phenotypes experienced by patients with these variants. In
addition to molecular mechanistic insight, iPSC-SGE allows for the screening of potential
therapeutics in the affected cell types in patients with genetic disorders. Since iPSCs with POLG
loss of function variants are not deleted in the context of the W748S pathogenic variant, these
cells can be differentiated into neurons and relevant phenotypes such as mitochondrial DNA
copy number can be measured in the context of different drugs. Thus, iPSC-SGE is poised to be
a very powerful method for the screening of therapeutics in the correct cell context with variant
specific outputs that may be useful in stratifying individuals for clinical trials.
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Since iPSC-SGE allows for differentiation into specialized cell types and repair templates
contain intact introns, variant effects can be assessed in intronic regulatory elements and
phenotyped in correct cell context. A critique of massively parallel reporter assays (MPRAs) that
link expression of a reporter to minimal promoters in the presence of candidate cis regulatory
elements, is that these assays either express constructs off of a plasmid or are integrated
randomly into the genome of cell line that may not be relevant for their activity. While iPSC-SGE
is a more locally constrained assay, since introns remain intact all of the potential regulatory
elements in a region of interest can be targeted and measured in the relevant cell context. The
combination of coding variant effect measurement in the context of a library of regulatory
element variants within an iPSC-SGE experiment has the potential to offer insight into
phenotypic differences observed in humans with the same pathogenic coding variant.

A challenge for any multiplexed functional assay is selection of a phenotype for scoring
variants. Ideally, deleterious variants cause a cellular growth/fitness disadvantage relative to
wildtype, enabling sequencing of variants at early and late time points and scoring based on
variant depletion over time. These growth assays are typically the most simple to perform and
yield accurate functional data for variant interpretation 2°. We demonstrated that iPSC-SGE is
applicable to growth phenotypes specific to differentiated cells and identified 727 disease genes
with a growth phenotype specific to iPSC derived neurons. Application of iPSC-SGE to these
genes has the potential to significantly reduce the VUS burden in clinical genetics as 16% of
current ClinVar VUS occur within these genes.

Figure Legends:

Figure 1: iPSC SGE enables phenotyping of variants in differentiated cell types. A) Unique
ClinVar missense variants plotted annually by clinical significance. Variants are included from
genes in the GenCC database with at least moderate evidence of gene-disease association.
Pathogenic/Likely pathogenic and Benign/Likely benign variants were included in the “Likely”
category only. B) VUS from A are plotted annually and colored by gene panel categories on
which they are identified. C) iPSC-SGE schematic where the background allele is first edited to
fuse a GFP to the target gene and insert a blocking mutation (orange box) so that the guide
RNA for allele 2 cannot cut the background allele. SNVs are then edited into allele two with an
mApple fusion and antibiotic selection cassette. D) SNVs introduced into exon 16 of POLG and
exons 32 and 33 of MYBPC3 with iPSC-SGE compared to the maximum number of variants
from other iPSC mutagenesis studies.

Figure 2: iPSC-SGE of POLG. A) Schematic of saturation genome editing in W748S iPSCs. B)
Variants are scored at day 14 post sort and displayed by their position at exon 16 and colored
by molecular consequence. 23 potential dominant negative missense variants were depleted
and are colored in dark green in all plots. C) Schematic of saturation genome editing in POLG
null iPSCS. D) Variants were scored at day 14 post sort and loss of function and dominant
negative variants were depleted. E) Histogram of all variants scored in POLG null iPSCs. F-G)
POLG iPSC-SGE scores on null background compared to variant effect predictors: CADD,
AlphaMissense, and REVEL.
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Figure 3: Clinical integration of POLG iPSC-SGE data. A) Gaussian mixture model fit to full
distribution of POLG null iPSC-SGE scores. Thresholds are drawn at the density ratio where
variants have a 95% or greater chance of being sampled from the left or right distribution.
Variants scoring below -2.96 were functionally abnormal and variants scoring above -2.17 were
functionally normal. B) GMM thresholds fit to CADD scores for exon 16. Variants with scores
above 22.9 were considered to be predicted deleterious and variants below 12.5 were predicted
normal. C-D) ClinVar pathogenic/likely pathogenic and benign/likely benign variants plotted with
GMM thresholds. E) iPSC-SGE and CADD scores for ClinVar VUS measured in the assay.
Dashed lines represent normal and abnormal thresholds for each score range. F-G) Donut plots
depicting the breakdown of ClinVar variants before (F) and after (G) the application of functional
data from iPSC-SGE. H) Histogram of all exon 16 variants colored by variant class. Blue
represents functionally normal, gray represents indeterminate, and red represents functionally
abnormal. 1) Functional and predictor scores for all exon 16 variants.

Figure 4: iPSC-SGE of MYBPC3. A) Schematic of saturation genome editing of MYBPC3 with
a wild type GFP background allele. For MYBPCS3, edited iPSCs are differentiated into
cardiomyocytes for phenotyping. B) Representative cardiomyocytes from exon 32 library
experiment. iPSCs are depicted in the top row, and have no MYBPC3 expression. Middle row
shows a wild type-like cardiomyocyte where mApple and GFP signals localize to sarcomeres.
Bottom row represents a reduce abundance variant where GFP signal localizes to sarcomeres,
but mApple is dim and diffuse. C) Flow plot from an exon 32 cardiomyocyte sort. GFP is on the
y-axis and mAppleo on the x-axis showing a broad distribution of mApple to GFP ratio. D)
Schematic of sequencing and scoring variants based on frequencies across four bins. E) Exon
32 SNV scores by genomic position colored by molecular consequence. Note that MYBPC3 is
on the minus strand. Missense variants with low abundance show the boundary of the C10
domain. F) Histogram of all MYBPC3 exon 32 iPSC-SGE function scores. G-I) MYBPC3
iPSC-SGE scores compared with CADD, AlphaMissense, and REVEL.

Figure 5: Clinical integration of MYBPC3 iPSC-SGE data. A) Gaussian mixture model fit to
full distribution of MYBPC3 iPSC-SGE scores. Thresholds are drawn at the density ratio where
variants have a 95% or greater chance of being sampled from the left or right distribution.
Variants scoring below 0.231 were functionally abnormal and variants scoring above 0.326 were
functionally normal. B) GMM thresholds fit to CADD scores for exon 16. Variants with scores
above 16.12 were considered to be predicted deleterious and variants below 8.28 were
predicted normal. C-D) ClinVar pathogenic/likely pathogenic and benign/likely benign variants
plotted with GMM thresholds. E) iPSC-SGE and CADD scores for ClinVar VUS measured in the
assay. Dashed lines represent normal and abnormal thresholds for each score range. F-G)
Donut plots depicting the breakdown of ClinVar variants before (F) and after (G) the application
of functional data from iPSC-SGE. H) Histogram of all exon 32 variants colored by variant class.
Blue represents functionally normal, gray represents indeterminate, and red represents
functionally abnormal. 1) Functional and predictor scores for all exon 32 variants.

Figure 6: CRISPR screen of Mendelian disease genes in iPSC derived neurons. A)
Schematic of iPSC neuron CRISPR screen. Cas9 iPSCs are transduced with library of guide
RNAs targeting 4,502 genes. After selection for guide integration with blasticidin, iPSCs are



cultured for 3 weeks before differentiation into neurons. Neuron differentiation is carried out until
day 21 and guides are sequenced and scored. B) CRISPR screen rank plot of average day 21
neuron CRISPR scores for each gene in the screen. C) Volcano plot gene fold change in day 21
neurons vs. iPSCs by -log10 P values. Dashed curved line represents 5% false discovery rate
defined by pseudo-gene scores from rand NTC guide pairs. Blue dots represent genes that are
significantly depleted in neurons and red dots represent genes that are enriched in neurons.
Orange dots are non-significant genes and gray dots are NTC pseudo genes.
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Chapter 4: Calibration of variant effect predictors on genome-wide data masks
heterogeneous performance across genes
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Abstract

In silico variant effect predictions are available for nearly all missense variants, but
played a minimal role in clinical variant classification because they were deemed to provide only
supporting evidence. Recently, the ClinGen Sequence Variant Interpretation (SVI) Working
Group updated recommendations for variant effect prediction use. By analyzing control
pathogenic and benign variants across all genes they were able to compute evidence strength
for predictor score intervals, with some intervals generating moderate, strong, or even very
strong evidence. However, this genome-wide approach could obscure heterogeneous predictor
performance in different genes. We quantified the gene-by-gene performance of two top
predictors, REVEL and BayesDel, by analyzing control variants in each predictor score interval
in 3,668 disease-relevant genes. Approximately 10% of intervals had sufficient control variants
for analysis, and ~70% of these intervals exceeded the maximum number of incorrect
predictions implied by the SVI recommendations. These trending discordant intervals arose
owing to the divergence of the gene-specific distribution of predictions from the genome-wide
distribution, suggesting that gene-specific calibration is needed in many cases. Approximately
22% of ClinVar missense variants of uncertain significance in genes we analyzed (REVEL =
100,629, BayesDel = 71,928) had predictions in trending discordant intervals. Thus,
genome-wide calibrations could result in many variants receiving inappropriate evidence
strength. To facilitate a review of the SVI's calibrations, we developed a web application
enabling visualization of gene-specific predictions and trending concordant and discordant
intervals.

Introduction

Clinical genetic testing is of critical importance to precision medicine. Individualized risk
assessment and clinical management depend on correctly interpreting sequence variants as
either disease-causing (pathogenic) or not disease-causing (benign). When interpreting
variants, scientists and clinicians combine evidence from various sources including an
individual’s phenotype, case-control studies, family variant segregation analyses, population
frequencies, in vitro functional assays, and in silico computational variant effect predictors.
Evidence from these sources is weighted as either supporting, moderate, strong, or very strong
based on its accuracy in predicting pathogenicity or benignity. Guidelines set forth by the
American College of Medical Genetics and Association for Molecular Pathology (ACMG/AMP)
define how multiple pieces of evidence of different strengths can be combined to achieve
pathogenic, likely pathogenic, likely benign, or benign interpretations’. Variants lacking sufficient
evidence are interpreted as variants of uncertain significance (VUS) and should not be used to
inform medical management'. Rare missense variants are particularly challenging to interpret
because many key pieces of evidence are missing or uninformative, and consequently often
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become VUS?™. Increased genetic testing and the expansion of clinical tests to more genes
have resulted in an explosion of VUS and, currently, approximately 86% of missense variants in
the ClinVar database are VUS (n=976,946/1,132,728 accessed August 2023)°. Timely resolution
of this large and rapidly growing VUS problem requires high-quality evidence that can be
generated for all variants.

Variant effect predictions from various tools are available for nearly all possible single
nucleotide variants in most genes. Thus, variant effect predictors could have a profound impact
in reducing VUS. However, predictor evidence was limited to supporting strength in the 2015
ACMG/AMP guidelines because of the relatively low sensitivity and specificity of predictors
available at the time'. Predictors have substantially improved in accuracy since the publication
of these guidelines®", and guidelines for calibrating evidence strength for variant interpretation
using a Bayesian framework opened the door to re-evaluating predictor evidence strength'13,

Recognizing this opportunity, the ClinGen Sequence Variant Interpretation (SVI) Working
Group updated its guidance for the use of predictor evidence for clinical variant interpretation™.
In this guidance, the predictor score range from an aggregated set of 1,913 genes in the ClinVar
database (Figure 1A, B) was divided into sliding windows, and a positive likelihood ratio and
posterior probability of pathogenicity was calculated from the control variants in the window®.
From this sliding window analysis, the ClinGen SVI defined predictor score intervals,
corresponding to specific evidence strength'®'®. This genome-wide calibration avoided a key
problem that has bedeviled gene-specific evidence strength calibrations, namely that many
genes have very few to no known pathogenic and benign variants to use as calibration controls.
Genome-wide calibration enabled the calculation of predictor evidence strength from a large
number of control variants and thus constituted a massive step forward. Perhaps the most
surprising outcome was that REVEL, the best-performing predictor, could generate strong or
very strong evidence for approximately 3.5% of possible missense variants in the genome. This
outcome is in contrast to the 2015 ACMG guidelines, where REVEL and all other predictors
could generate only supporting evidence. Thus, the genome-wide calibration could transform
predictor use, leading to the reinterpretation of a substantial fraction of VUS.

Previous studies have shown that predictors perform inconsistently across genes®® .
Here we investigated how the genome-wide calibration for the two predictors that achieved the
highest strength of evidence, REVEL and BayesDel, performed when applied to individual
genes. First, we computed the number of correct and incorrect predictions needed in each
interval to deem it either trending concordant or trending discordant with the evidence strength
assigned by the genome-wide calibration. Then, using previously classified pathogenic and
benign variants as controls, we computed the number of incorrect predictions present in each
interval for 3,668 disease-relevant genes currently in ClinVar. As expected, 90% of intervals
lacked enough control variants to evaluate. For the remaining intervals, approximately 30%
were trending concordant, and 70% were trending discordant across both predictors, implying
that the evidence strength assigned to that interval for the gene in question was inappropriate.
Because strong evidence could drive reinterpretation of VUS, we analyzed more than 350,000
ClinVar missense VUS across both predictors and found that close to a quarter of variants were
in trending discordant intervals, while approximately one-fifth of variants were in trending
concordant intervals. Analysis of the distribution of variant effect predictions and the disposition
of concordant and discordant intervals for each gene revealed that the fundamental assumption
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underlying genome-wide calibration, that predictor scores are similarly distributed for all genes,
is problematic for some genes. In some genes, the distribution of variant effect predictions
matched the all-gene distribution and separated pathogenic and benign variants well. However,
for other genes, the distribution of predictions did not match the all-gene distribution, which
suggests that some of these genes should be recalibrated. Finally, we developed a web
resource that enables clinicians and researchers to visualize the distribution of variant effect
predictions for 3,668 genes and view trending concordant and discordant intervals. Thus, we
demonstrate the promise of the genome-wide calibration approach taken by the ClinGen SVI for
some genes, while revealing this updated guidance leads to a large number of variants
receiving inappropriately strong or weak evidence.

Methods
Dataset curation and filtering

To facilitate gene-specific analyses assessing concordance or discordance with the
genome-wide calibration, we generated three distinct datasets using supplemental data from
Pejaver et al. and downloads from ClinVar®'.

ClinGen SVI Calibration Dataset

The ClinGen SVI Calibration Dataset was created to gain insights into the distribution of
variants used to develop the genome-wide calibration. The ClinGen SVI Calibration Dataset is a
combination of the ClinVar 2019 training dataset and the ClinVar 2020 test dataset from
supplemental Data S1 and S3 in Pejaver et al.™. The variants in the ClinVar 2019 and 2020
datasets are 1+ stars (variants where at least one submitter has provided assertion criteria for
the classification), non-VUS, missense variants, with allele frequencies below 0.01, and are not
variants used to train any of the predictors analyzed in the genome-wide calibration including
REVEL and BayesDel. The ClinGen SVI Calibration Dataset consists of 20,948 variants from
2,711 genes (Table S1).

ClinVar 2023 Dataset
To include the latest ClinVar variants in our analyses, we generated the ClinVar 2023

Dataset by downloading a GRCh37 VCF (variant call file) containing all variants present in
ClinVar as of August 23rd, 2023. The VCF was then annotated with REVEL and BayesDel
(version 1) predictor scores and gnomAD (version 2.1.1) allele frequencies using the filter-based
annotation feature (hg19 assembly, dbsnfp42c for predictor scores and genome_211 and
exome_211 for gnomAD allele frequencies) in Annovar (version 2020 _06_07)'®. Like the
ClinGen SVI Calibration Dataset, the ClinVar 2023 Dataset was filtered to retain 1+ star,
non-VUS missense variants. Genes without any pathogenic variants were excluded, and
variants with allele frequencies exceeding 0.01 were also excluded. Allele frequencies were
derived from gnomAD exome data unless the variant was not found in exome data, in which
case allele frequencies from whole genomes were used'*. We then mapped Entrez gene IDs to
HGNC gene names for use in subsequent analyses. Next, we filtered our dataset on genes
classified as having a definitive, strong, or moderate association with disease from the GenCC
database (last accessed March 12th, 2024) as performed in Stenton et al."”. The final filtered
ClinVar 2023 Dataset consisted of 89,947 variants across 3,668 genes (Table S2).
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ClinVar 2023 Dataset without training variants

To analyze REVEL and BayesDel performance while excluding training variants, we
cross-referenced the ClinGen SVI Calibration Dataset with a ClinVar VCF file from December
2020. We considered any variants absent from the ClinGen SVI Calibration Dataset and present
in the ClinVar December 2020 download to be training variants because the ClinGen SVI
Calibration Dataset was filtered to exclude REVEL and BayesDel training variants. The training
variants identified by this analysis were removed from the Clinvar 2023 Dataset (Table S2)
creating the Clinvar 2023 Dataset without training variants, which consisted of 71,791 variants
across 3,623 genes (Table S3).

ClinVar 2023 VUS Dataset

To analyze how many variants of uncertain significance were in trending concordant,
trending discordant, or insufficient variants intervals, we downloaded a GRCh37 VCF file
containing all variants present in ClinVar as of August 23rd, 2023. We then filtered this dataset
to retain 1+ star, missense VUS, creating the ClinVar 2023 VUS Dataset (Table S4)

REVEL and BayesDel variant effect predictor score distributions for each gene

We downloaded predictions for all possible variants for REVEL (82,100,677 variants,
downloaded 02.02.2023) (DataS1, https://zenodo.org/records/11256843) and
BayesDel_170824_noAF (82,352,098 variants, downloaded 10.05.2023) (DataS2,
https://zenodo.org/records/11256843). We visualized the REVEL and BayesDel predictions for
all possible variants as density distributions in Figures 1A and 1B. To generate density
distributions for gene-specific REVEL predictions, we mapped each variant to a gene using the
provided Ensembl transcripts and the comprehensive gene annotation file from GENCODE
release 9, which contained transcript information from Ensembl release 64. The gene-annotated
REVEL all variant file contained all 82,100,677 variants (DataS3,
https://zenodo.org/records/11256843). The BayesDel all variant file had no transcript or strand
polarity information, so, to map each variant to a gene, we merged the REVEL all variant
annotated file with the BayesDel all variant file on shared chromosome number, genomic
coordinates, reference alleles, and alternate alleles. The gene-annotated BayesDel all variant
file had 77,814,694 variants (DataS4, https://zenodo.org/records/11256843).

Incorrect prediction tolerance in each evidence strength interval

We defined an “evidence strength interval” as the variant effect predictor score interval
denoted in the genome-wide calibration for a given evidence strength. For example, for REVEL,
the prediction interval between 0.183 and 0.290 generated supporting benign evidence, and in
our analysis corresponds to the “supporting benign evidence strength interval™'“.

We calculated the “incorrect prediction tolerance” for each evidence strength interval in
the ClinGen SVI Calibration Dataset (Table 1, Table S1).

number of incorrectly predicted variants in evidence strength interval %100
total number of variants in evidence strength interval

incorrect prediction tolerance =
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The incorrect prediction tolerance for each interval defines the maximum percentage of
incorrectly predicted variants that can occur in the interval, as implied by the genome-wide
calibration. For example, the genome-wide supporting pathogenic interval for REVEL had 392
incorrectly predicted benign or likely benign control variants out of 1,534 total variants, leading
to an incorrect prediction tolerance of 25.88%.

Next, to quantify the extent of incorrect predictions within each evidence strength interval
in each gene, we calculated the “incorrect prediction percentage”. The incorrect prediction
percentage is the percentage of variants in each gene in the ClinVar 2023 Dataset (Table S$2)
classified as pathogenic, likely pathogenic, benign, or likely benign that were incorrectly
predicted by either REVEL or BayesDel within each evidence strength interval.

The incorrect prediction tolerance is the maximum percentage of allowed incorrect
predictions in the ClinGen SVI Calibration Dataset, whereas the incorrect prediction percentage
is the percentage of incorrect predictions in a given interval for a given gene. Both the incorrect
prediction tolerance and the incorrect prediction percentage are calculated in the same way;
however, the incorrect prediction tolerance remains the same for each interval throughout our
analysis, whereas the incorrect prediction percentage changes on a gene and interval-wise
basis.

number of incorrectly predicted variants in evidence strength interval
———— - 100
total number of variants in evidence strength interval

incorrect prediction percentage =

For example, the supporting pathogenic interval for REVEL in BRCA1 had 31 incorrectly
predicted benign or likely benign control variants out of 82 total variants, leading to an incorrect
prediction percentage of 37.8%. This calculation was repeated for every interval in each of the
3,668 genes in the ClinVar 2023 Dataset (REVEL: Table S5, BayesDel: Table S6).

Assessing evidence strength interval concordance or discordance for individual genes.

To determine whether an evidence strength interval in a gene was concordant with the
genome-wide calibration, we compared the percentage of incorrectly predicted control variants
observed in the interval to the incorrect prediction tolerance for that interval. We employed a
statistical approach based on the binomial distribution to account for the often small number of
control variants in each evidence strength interval. Here, for each evidence strength interval, we
used the binomial distribution and the incorrect prediction tolerance (Table 1) to calculate the
minimum number of control variants in the interval necessary to have an 80% chance of
observing at least one incorrectly predicted variant in that interval (Table 2).

incorrect number of incorrectly predicted variants in the evidence strength interval

n = minimum number of control variants needed in the evidence strength interval

Piorrec; = PTObabllity of anincorrectly predicted variant (e. g. incorrect prediction tolerance)
P(xincorrectzl) =1- P(x = 0)
X, " _ n_xincorrect
0.8 =1 —-n Cxincorrect X pincorrect X (1 pinw’"r“t)



loglog (0.2)
" loglog (1—p

incarrect)

For example, for the moderate pathogenic interval in the REVEL predictor, we set picorest €qual
to the incorrect prediction tolerance of 10.75% or 0.1075, yielding a minimum of 15 variants
needed to have an 80% chance of observing at least one incorrectly predicted variant in the
interval. We repeated this calculation for all the evidence strength intervals for both REVEL and
BayesDel. If the number of control variants in the interval equaled or exceeded the minimum
number of control variants, and the incorrect prediction percentage of the interval was less than
or equal to the incorrect prediction tolerance, the interval was deemed “trending concordant”
with the genome-wide calibration. We deemed such intervals trending concordant in recognition
of the fact that, as more control variants accrue, some of the concordant intervals could become
discordant.

To determine whether an evidence strength interval in a gene was discordant with the
genome-wide calibration, we again compared the percentage of incorrectly predicted
pathogenic or benign control variants observed in the interval to the incorrect prediction
tolerance for that interval. Here, we used the binomial distribution to calculate the minimum
number of control variants necessary to have an 80% chance of observing at least one correctly
predicted variant in the evidence strength interval (Table 3).

correct = number of correctly predicted variants in the evidence strength interval

= minimum number of control variants needed in the evidence strength interval

n
(n - xwrrect) = number of incorrectly predicted variants in evidence strength interval
p

corroct = probability of a correctly predicted variant or (1 — incorrect prediction tolerance)

P(xCOTTQCtZ:l): 1 - P(x = 0)

0.8 =1-nCx X p “eorect

correct

n = loglog (0.2
loglog 1_pcorrect

For example, for the moderate pathogenic interval in the REVEL predictor, we set p ..t €qual to
one minus the incorrect prediction tolerance of 10.75% (1 - 0.1075, or 0.8925) yielding a
minimum of 1 variant needed to have an 80% chance of observing at least one correctly
predicted variant in the interval. We repeated this calculation for all evidence strength intervals.
If the number of control variants in the interval equaled or exceeded the minimum number of
control variants, and the incorrect prediction percentage of the interval was greater than the
incorrect prediction tolerance, the interval was deemed “trending discordant” with the
genome-wide calibration. We deemed such intervals trending discordant in recognition of the
fact that, as more control variants accrue, some of the discordant intervals could become
concordant.

xcarrectx (1 — p

correct COTT@Ct)



While the number of variants needed for concordance varied by evidence strength
interval, the number of variants needed for discordance was almost always one, except for the
supporting pathogenic intervals, which required two variants. This dichotomy is a result of the
binomial theorem. If the probability of success (e.g. correctly predicting a variant’s effect) is high,
then the number of data points required to observe at least one success is low. Therefore, the
number of variants needed to have an 80% chance of observing at least one correctly predicted
variant is much lower than the number of variants needed to have an 80% chance of observing
at least one incorrectly predicted variant. Intervals that contained too few variants to be deemed
either trending concordant or trending discordant were deemed to have insufficient evidence.

Since the incorrect prediction tolerance for the BP4 very strong and BP4 strong evidence
strength intervals for REVEL was 0%, we were unable to quantify the number of variants
needed in those intervals for concordance or discordance using the binomial-based method
described above. As an alternative, we tallied the number of BP4 very strong and BP4 strong
evidence strength intervals for REVEL that contained only correctly predicted variants vs. the
number that contained any incorrectly predicted variants.

Results

To analyze the genome-wide calibrations for REVEL and BayesDel, we first used the
incorrect prediction percentage equation (Figure 1C) to quantify the proportion of incorrect
predictions in each evidence strength interval in the ClinGen SVI Calibration Dataset' (Table
$1). This proportion defined the incorrect prediction tolerance for each interval, representing the
maximum allowable incorrect predictions while remaining consistent with the posterior
probability for that interval in the genome-wide calibration. For example, the supporting
pathogenic interval for REVEL in the ClinGen SVI Calibration Dataset (Table S1) had a total of
1,534 variants, 397 of which were incorrectly predicted, making the incorrect prediction
tolerance for this interval 25.88%. The incorrect prediction tolerance was calculated across all
intervals for both REVEL and BayesDel, and we found that the incorrect prediction tolerance
was similar across both predictors at each evidence strength interval (Table 1).

Many genes had an excess of incorrectly predicted variants across the range of evidence
strength intervals

To determine if the genome-wide calibrations are appropriate for individual genes, we
computed the percentage of incorrectly predicted variants (incorrect prediction percentage) for
each evidence strength interval for all 3,668 genes in the ClinVar 2023 Dataset (Figure 1C,
Table S2). In intervals where the number of variants equaled or exceeded the minimum number
of control variants required for our analysis (see Methods), we compared each interval’s
incorrect prediction percentage to the interval’'s genome-wide incorrect prediction tolerance.
Intervals were deemed trending concordant when the incorrect prediction percentage was less
than or equal to that interval’s genome-wide incorrect prediction tolerance. Intervals were
deemed trending discordant when the incorrect prediction percentage exceeded that interval’s
genome-wide incorrect prediction tolerance (Figure 1D).

For example, for BRCA1 (MIM: 113705), the REVEL supporting pathogenic interval had
82 variants, enough to determine whether the interval was trending discordant or trending
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concordant (Table S1, S2). 31 of the 82 variants (37.8%) were incorrectly predicted, exceeding
REVEL’s supporting pathogenic incorrect prediction tolerance of 25.88%. Thus, the REVEL
BRCA1 supporting pathogenic interval was deemed trending discordant.

We applied this approach to all evidence strength intervals across 3,668 genes for
REVEL and BayesDel. The REVEL calibration produced seven evidence strength intervals per
gene, meaning that across the 3,668 genes, there were a total of 25,676 intervals. 23,235 (90%)
of these intervals had insufficient variants to determine concordance or discordance and, of
these, 14,958 (60%) had no variants (see Methods). Of the 2,441 intervals with sufficient
variants for analysis, 1,783 (73%) were trending discordant and 658 (27%) were trending
concordant. The BayesDel calibration produced five evidence strength intervals per gene,
meaning that across the 3,668 genes, there were a total of 18,340 intervals. 15,692 (86%) of
these intervals had insufficient variants, and of these, 7,794 (50%) had no variants. Of the 2,648
intervals with sufficient variants, 1,916 (72%) were trending discordant and 732 (28%) were
trending concordant. Thus, most intervals in most genes lacked sufficient control variants to
assess concordance or discordance, with many intervals containing no variants. Of intervals
with sufficient variants, most were trending discordant with respect to the genome-wide
calibrations.

Over half of all pathogenic evidence intervals with sufficient variants were trending
discordant for both predictors (~65% for REVEL and ~67% for BayesDel). The proportion of
discordant pathogenic intervals increased as the evidence strength increased (REVEL.:
supporting = 60%, moderate = 66%, strong = 83%; BayesDel: supporting = 62%, moderate =
68%, strong = 81%). Moreover, ~82% of intervals with sufficient variants were discordant across
all of the benign evidence intervals for both predictors (REVEL.: supporting = 80%, moderate =
87%, BayesDel: supporting = 79%, moderate = 84%; Figure 2 A, B). We saw similar trends
when the analysis was repeated on the ClinVar 2023 dataset without training variants (Figure
S1 A, B). In general, these findings underscore the variability in gene performance when
applying the genome-wide calibrations.

Intervals that were trending discordant in our analysis were largely driven by genes with
very few control variants. However, several important genes with many control variants had
trending discordant intervals (Figure 3). Multiple intervals in these genes tended to trend
discordant. For example, multiple pathogenic intervals in MSH2 (MIM: 609309), BRCA1, and
BRCA2 (MIM: 600185) trended discordant for both predictors, while multiple benign intervals in
ENG (MIM: 131195), USH2A (MIM: 608400), and NF1 (MIM: 613113) trended discordant.
Genes with many control variants were also more likely to trend discordant in pathogenic
intervals than benign intervals, highlighting the potential to overestimate variant pathogenicity.

The benign very strong and strong evidence strength intervals for the REVEL predictor
have an incorrect prediction tolerance of 0% since there were no pathogenic variants in these
intervals at the time of the SVI calibration. Therefore, we were unable to evaluate these intervals
using the method described above. Instead, we tallied the number of correctly and incorrectly
predicted variants in these intervals to assess how the SVI calibrations performed. In the
REVEL benign strong interval, there were a total of 1,378 variants across 648 genes. Of these,
1,379 variants in 645 genes were correctly predicted, and nine variants in the benign strong
intervals of nine different genes were incorrectly predicted. The genome-wide calibration
suggests that these intervals should be free of incorrectly predicted variants, so we deemed



them trending discordant. To ensure that pathogenic splicing variants mis-annotated as
missense variants in ClinVar were not responsible for the discrepancy between REVEL
predictions and control variant classifications, we analyzed all nine discrepant control variants
using SpliceAl’®. One variant with a REVEL score in the very strong benign interval but
classified as pathogenic in ClinVar is ODAD1 (MIM: 615038),
NM_001364171.2(ODAD1):c.853G>A (p.Ala285Thr). This variant had a splice donor gain score
of 0.54, indicating this variant has a high probability of affecting splicing, which could explain the
discrepancy. Indeed, RNA studies from individuals homozygous for this variant revealed
transcripts with aberrant splicing that resulted in premature truncation, likely causing ODAD1
loss of function®?°. The other eight incorrectly predicted variants had donor/acceptor loss and
donor/acceptor gain scores of less than 0.2 in SpliceAl, suggesting that these variants have a
low probability of affecting splicing, and thus that splicing does not account for the discrepancy
between their REVEL predictions and ClinVar classifications.

In the REVEL benign very strong interval, there were a total of 81 variants across 66
genes. Of these, 80 variants across 65 genes were correctly predicted, and one variant in one
gene was incorrectly predicted. We deemed this very strong interval trending discordant. The
incorrectly predicted variant had donor/acceptor loss and donor/acceptor gain scores of less
than 0.2 in SpliceAl, suggesting that this variant has a low probability of affecting splicing, and
thus that splicing does not account for the discrepancy between the REVEL prediction and
ClinVar classification. Overall, the appearance of these pathogenic variants in the most stringent
benign strong and very strong intervals underscores the shortcomings of genome-wide
calibration and highlights the need for gene-specific approaches that can provide more
granularity.

To better understand the clinical impact of using the genome-wide calibration, we
investigated concordance across the 78 genes recommended by the ACMG for reporting
secondary findings (ACMG SF). These genes are associated with disorders with significant
morbidity and mortality with a high lifetime penetrance and have established medical or surgical
interventions?'2?2, Of the 78 ACMG SF genes, 24 had at least one trending discordant interval for
REVEL, and 31 had at least one trending discordant interval for BayesDel. In total, 73/148
(~50%) of REVEL intervals with sufficient variants and 82/165 (~50%) of BayesDel intervals with
sufficient variants were trending discordant with the genome-wide calibrations (Figure 2C, D).
However, 75/148 (~50%) of REVEL intervals and 83/165 (~50%) of BayesDel intervals were
trending concordant. ~70% of intervals with sufficient variants for both REVEL and BayesDel
provide pathogenic evidence (Figure 2C, D).

We note that our ACMG SF analysis was conducted with predictor training variants
included, though we observed similar trends when training variants were excluded (Figure S1C,
D). Since the training sets for REVEL and BayesDel included variants in the ACMG SF genes,
these predictors are expected to perform well on them. Indeed, the ACMG SF genes had more
trending concordant intervals than other genes, but the genome-wide calibrations still yielded
inappropriate evidence strength in many cases. One example is MLH1 (MIM:120436), where
four of five REVEL evidence strength intervals were trending discordant with the genome-wide
calibrations. Thus, the ACMG SF genes highlight a key limitation of the genome-wide calibration
strategy, and, because variants in these genes are clinically actionable, this limitation could
have serious consequences.
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The distributions of predictions for individual genes reveal causes of trending discordant
intervals

We next investigated trending discordant intervals to understand the origin of
discordance. We identified three distinct patterns, two of which are potential causes of trending
discordant intervals. In some genes, the genome-wide calibration was not discordant with any of
the evidence strength intervals, such as in CSF1R (MIM: 164770) for REVEL and COL7A1
(MIM: 120120) for BayesDel (Figure 4A, B). As previously noted, most intervals that were not
trending discordant lacked sufficient variants to be deemed trending concordant. Nonetheless,
for these genes, the control variants appeared to match the genome-wide predictor score
distribution, suggesting that the genome-wide evidence strength calibration intervals may be
correct.

In other genes, the predictions separated benign and pathogenic control variants, but the
distribution of predictions was shifted to the right, meaning that the genome-wide calibration of
evidence strength intervals did not capture the true distribution of pathogenic and benign
variants for those genes (e.g. MSH2, Figure 4C, D). In extreme cases like MSH2, benign
control variants were shifted so far to the right that the supporting pathogenic intervals
contained far more benign control variants than pathogenic variants, suggesting that these
intervals in fact would provide benign evidence. In other genes, the predicted variant effect
scores separated benign and pathogenic control variants, but the distribution was shifted to the
left (e.g. ENG, Figure 4E, F). In these genes, predictions in the benign evidence strength
interval would actually be predictive of pathogenicity. Thus, analysis of distributions of
predictions for individual genes revealed distinct patterns of discordance between control
variants and the genome-wide calibration, highlighting the necessity for gene-specific
recalibration in many cases. The removal of REVEL and BayesDel training variants does not
change the conclusion of this analysis (Figure S2).

Many variants of uncertain significance receive incorrect evidence strength

Variants of uncertain significance have an unknown relationship to disease and should
not be used for clinical decision-making. Our analysis suggests that the genome-wide
calibration could lead to many VUS receiving inappropriate evidence strength. Reclassification
of these VUS, based on an inappropriate evidence strength, has the potential to do harm. To
determine the extent of this problem, we calculated the number of VUS in the 3,668 genes in
the ClinVar 2023 Dataset in trending discordant intervals. For REVEL, 177,078 (42%) of VUS
were in intervals with sufficient control variants. Of these, 76,449 (18% of total VUS) variants
had predictions in trending concordant intervals and 100,629 (24%) had predictions in trending
discordant intervals (Figure 5A). For BayesDel, 127,409 (35%) of VUS were in intervals with
sufficient control variants. 55,481 (15% of total VUS) had predictions in trending concordant
intervals and 71,928 (20%) had predictions in trending discordant intervals (Figure 5B).
Removal of REVEL and BayesDel training variants yielded a nearly identical distribution of VUS
across interval classes (Figure S3). Thus, as expected, the majority of VUS had predictions in
evidence-strength intervals with insufficient control variants. However, more than half of the VUS
with predictions in intervals with sufficient control variants were in trending discordant intervals



and thus would receive inappropriate evidence. While genome-wide calibrations are a major
step forward, they could result in inappropriately high or low evidence strength for many VUS.

A web application to view genome-wide calibrations for all genes in ClinVar

We developed a web application to enable facile visualization of REVEL or BayesDel
prediction distributions for all possible single nucleotide variants, individual control variants, and
genome-wide calibration intervals for the 3,668 genes in our ClinVar 2023 Dataset and 3,623
genes in our ClinVar 2023 Dataset without training variants. Our web app can be accessed at
https://calibration.gs.washington.edu. With variant interpretation workflows in mind, our app
enables clinicians and researchers to plot a predictor score distribution for a gene of interest
annotated with the evidence strength intervals from the genome-wide calibration. This
functionality facilitates the interpretation of variants within each gene, presenting graphs of both
the whole genome and gene-specific variant effect prediction distributions. Genome-wide
calibration intervals are labeled according to their concordance or discordance, aiding users in
understanding the predictive performance of these intervals. Additionally, users can download a
table containing the variants used to generate the graphs, enhancing accessibility, and enabling
further analysis.

Discussion

Calibration of variant effect predictors has the potential to revolutionize the use of
predictor evidence in variant interpretation. The ClinGen SVI developed a calibration method
enabling predictor evidence to be evaluated rigorously, demonstrating that, in principle,
predictors can yield strong and moderate evidence. Their innovative method relies on
aggregating control variants across genes, which enables calibration for genes with few control
variants. This genome-wide calibration is, however, at odds with the ClinGen SVI group’s
recommendations for the calibration of functional data which requires gene-specific calibration™?.
The underlying assumption of the functional evidence calibration recommendation is that
functional evidence for different genes will have different distributions, thus necessitating gene-
and dataset-specific calibration. However, the genome-wide calibration of predictor evidence
assumes that gene-specific differences in the variant effect prediction distributions either do not
exist or do not appreciably impact evidence strength calculations. Thus, while the ClinGen SVI
showed that genome-wide calibration improves evidence strength accuracy, especially for
genes with few control variants, they also note that gene-specific calibration is appropriate when
sufficient control variants are available™.

To assess the degree to which the genome-wide calibration is appropriate for individual
genes, we evaluated the ClinGen SVI-defined evidence strength intervals by calculating the
incorrect prediction tolerance for each evidence strength interval for REVEL and BayesDel. We
focused our analysis on these two predictors since they achieve the highest level of evidence in
the genome-wide calibration and are the most commonly recommended by variant curation
expert panels®'*2*-26_ \We found that predicted variant effect distributions were not uniform
across genes and, consequently, many genes did not conform to the assumptions of the
genome-wide calibration method. Because predicted variant effect distributions could be shifted
either right or left, the genome-wide calibration results in variants in some genes receiving
evidence that is either stronger than indicated by control variants, weaker than indicated by
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control variants, or even conflicting (e.g. receiving pathogenic evidence when benign is
indicated). Moreover, we show that if the genome-wide calibrations were applied to existing
variants of uncertain significance, a large fraction would receive inappropriate evidence.

We found that some genes are incorrectly calibrated and have shifted variant effect
predictor score distributions compared to the distribution of all possible predictor scores.
Although most trending discordant intervals for these genes have very few control variants, the
addition of more clinically interpreted variants over time is unlikely to resolve discordance for
these genes. This is because the distribution of control variants in these genes is also shifted
when compared to the distribution of all control variants used for calibration. This effect is
illustrated by genes like MSH2 where the distribution of all scores is right-shifted and moves
benign predictions to the right, and ENG where most predictions are left-shifted and moves the
pathogenic distribution to the left. For this reason, we suggest that variant curation expert
panels and variant review scientists use our web application
(https://calibration.gs.washington.edu) to examine the distribution of all REVEL or BayesDel
predictions for compatibility with genome-wide calibration before using either predictor for
variant classification.

Further, we found that some genes with shifted distributions have many control variants
and can be recalibrated individually. For example, MSH2 is a gene with many control variants
but is trending discordant in all pathogenic evidence intervals for both REVEL and BayesDel.
However, MSH2 has sufficient control variants to enable gene-specific calibration. Therefore, for
cases like MSH2, which trend discordant in a single direction and have sufficient control
variants, we suggest individual gene calibration. Other genes that do not align with evidence
strength intervals assigned by the genome-wide calibration include BRCA1 and BRCA2
(https://calibration.gs.washington.edu). Indeed, the hereditary breast, ovarian, and pancreatic
cancer variant curation expert panel also made this observation for their recommended
predictor, BayesDel. They noted that scores are shifted to the right, which would lead to most
known benign variants being classified as indeterminate. Thus, they recalibrated the BayesDel
predictor for these genes, assigning BayesDel predictions moderate evidence strength in their
recent guidance?’.

The main limitation of our analysis of gene-level concordance with genome-wide
calibration is the paucity of control pathogenic and benign variants for most genes. To account
for this, we used the binomial theorem to define the minimum number of control variants in each
interval to assess individual gene concordance with genome-wide calibration. Following this
framework, we found that the majority of evidence strength intervals that had sufficient control
variants were trending discordant with genome-wide calibration. This finding was largely driven
by genes with very few control variants since the number of variants required to be trending
discordant was far less than the number required to be trending concordant. The addition of
more correctly predicted control variants as new pathogenic and benign assessments are
deposited into ClinVar could lead to trending discordant intervals becoming trending concordant,
but this outcome is unlikely. For example, GJB3 (MIM: 603324) is trending discordant in the
REVEL supporting and moderate pathogenic intervals. Both intervals contain three control
variants, with two of the three incorrectly predicted. To become trending concordant for the
supporting interval, an additional five correctly predicted pathogenic control variants and no
incorrectly predicted variants would be required. To resolve the GJB3 moderate pathogenic
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interval, an additional 16 correctly predicted pathogenic control variants would be required.
Although it is possible that the intervals in GJB3 are correct and all new control variants would
be correctly predicted, such an outcome is unlikely given the current number of incorrectly
predicted variants. For these reasons, we conclude most discordant intervals will not resolve
with the addition of new control variants.

Because we showed that ~35% of genes had at least one trending discordant interval,
our findings have considerable clinical implications. Variants in these genes may be given an
inappropriate evidence strength. While variant effect predictions comprise just one line of
evidence used in clinical variant classification, inappropriate evidence strength could contribute
to inappropriate variant classification. For genes like MSH2, where the distribution of control
benign variants was shifted to the right, the majority of control variants in the pathogenic
supporting interval were benign. MSH2 variants with scores in this interval would receive
inappropriate evidence for pathogenicity and possibly inappropriate classifications. Our
gene-specific analysis highlighted the scale of this problem and identified genes that are not
compatible with genome-wide calibration. Thus, we suggest a cautious approach when using
genome-wide calibrations of predictor scores and, at minimum, validating that individual gene
distributions mirror the genome-wide distribution used for calibration.

Our analysis revealed that gene-specific differences in predictor performance reduce the
efficacy of the genome-wide predictor calibration approach. Addressing this shortcoming will
require taking gene-specific differences into consideration. Indeed, predictors have emerged
that leverage human variant frequency information in a gene-specific fashion. For example,
popEVE transforms scores based on gene-specific constraints reflected in variant frequencies?,
which may make them better-suited for genome-wide evidence strength calibration. However,
our results strongly suggest that future genome-wide calibrations should, at minimum, include
gene-specific evaluation. Moreover, gene-specific predictor calibration approaches should be
developed to reduce gene-specific effects. Genes that already have sufficient control variants
should be individually calibrated, as has already been done by some variant curation expert
panels®?7?° In genes lacking sufficient control variants, a potential solution is to include control
variants from other sources, such as biobanks. For example, the TP53 variant curation expert
panel used variants found in unaffected individuals at comparatively high frequency and never
found in an individual with cancer as presumptive benign missense controls when calibrating
functional assays®’. A complementary approach would be to use the calibration strategy recently
developed for functional data'? where evidence strength is computed for just two intervals, one
benign and one pathogenic. This approach aggregates control variants over larger score
ranges, gaining power to compute evidence strength but assigning the same strength to
divergent scores. Thus, the ClinGen SVI genome-wide predictor calibration approach is a
massive step forward, and the next step is development of methods that enable accurate,
gene-specific predictor calibration.

Figure legends:

Figure 1 Gene-specific analysis workflow

Histograms depict REVEL and BayesDel predictions for all possible single nucleotide variants
and control pathogenic and benign variants from all genes in the ClinGen SVI Calibration
dataset. Dashed vertical lines indicate the genome-wide evidence strength intervals (A, B). The
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equation used to calculate the number of incorrectly predicted variants in each evidence
strength interval is shown (C). The incorrect prediction tolerance for each evidence strength
interval from the ClinGen SVI Calibration Dataset, which is the maximum percentage of
incorrectly predicted variants allowed in each evidence strength interval, is shown (D). An
example gene illustrating three different results of our analysis: an evidence strength interval
trending concordant, an evidence strength interval trending discordant, or an evidence strength
interval having an insufficient number of variants for analysis (E).

Figure 2 Analysis of evidence strength interval concordance with the genome-wide
calibration

We analyzed predictions for each evidence strength interval in different sets of genes in the
ClinVar 2023 dataset and determined whether each interval had too few variants for analysis or,
whether those with sufficient variants were trending concordant or discordant. A stacked bar
graph depicts our evidence strength interval class for all disease-relevant genes for the REVEL
predictor (A); all disease-relevant genes for the BayesDel predictor (B); ACMG secondary
findings genes for the REVEL predictor (C) and ACMG secondary findings genes for the
BayesDel predictor (D). The number of evidence strength intervals in each class is also shown.

Figure 3 Some trending discordant intervals arise from genes with many control variants
The relationships between the number of variants in either REVEL (A, all pathogenic intervals;
B, all benign intervals) or BayesDel (C, all pathogenic intervals; D, all benign intervals) evidence
strength intervals and the percent of incorrectly predicted variants in each interval are shown as
scatterplots. Each dot represents an evidence strength interval in a particular gene colored by
evidence strength. Horizontal dashed lines indicate the incorrect prediction tolerance as defined
by the genome-wide calibration for each interval, colored by evidence strength. Dots above the
horizontal dashed line of the same color represent trending discordant intervals. All trending
concordant intervals are colored gray and intervals with insufficient variants are not shown.
Select trending discordant intervals with many control variants are labeled by gene in each plot.
Since each plot represents either all pathogenic intervals or all benign intervals for the indicated
predictor, each gene is represented multiple times per plot.

Figure 4 Gene-specific predictor score distributions reveal causes of discordance
Gene-specific histograms depict REVEL and BayesDel predictor scores for all possible single
nucleotide variants and control pathogenic and benign variants from the Clinvar 2023 dataset.
Genes were chosen to illustrate genome-wide calibration alignment with gene-specific
distributions with no discordance (A, B); misalignment of genome-wide calibrations with
gene-specific distributions owing to a right-shift (C, D); or misalignment of genome-wide
calibrations with gene-specific distributions owing to a left-shift. Dashed vertical lines indicate
the genome-wide evidence strength intervals articulated by the ClinGen SVI Working Group.
REVEL BP4 strong and very strong evidence strength intervals are not depicted.



Figure 5 Many ClinVar variants of uncertain significance are in trending discordant
intervals

Donut plots depict the number of one-star, missense VUS from the ClinVar 2023 VUS Dataset
that were in trending concordant, trending discordant, or insufficient variants intervals across all
3,668 disease-relevant genes analyzed for REVEL (A) and BayesDel (B).
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Figure 3:
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Figure 5:

A

246 914

REVEL

n = 423,992 variants

O XD

\J\J

n = 363,393 variants

BayesDel

71928

. Trending concordant . Trending discordant . Insufficient variants

Table 1: Incorrect prediction tolerance per evidence strength interval for REVEL and BayesDel

Evidence | BP4 Very BP4 BP4 PP3 PP3 PP3
strength | Strong/Strong | Moderate | Supporting | Supporting | Moderate | Strong
interval

REVEL 0% 3.60% 11.76% 25.88% 10.75% 1.93%
BayesDel | N/A 3.17% 11.63% 28.52% 12.86% 2.02%




Table 2: Number of variants needed per evidence strength interval for concordance

Evidence | BP4 Very BP4 BP4 PP3 PP3 PP3

strength | Strong/Strong | Moderate | Supporting | Supporting | Moderate | Strong

interval

REVEL N/A 1 1 2 1 1

BayesDel | N/A 1 1 2 1 1
Table 3: Number of variants needed per evidence strength interval for discordance

Evidence | BP4 Very BP4 BP4 PP3 PP3 PP3

strength [ Strong/Strong | Moderate | Supporting | Supporting | Moderate | Strong

interval

REVEL N/A 44 13 6 15 83

BayesDel | N/A 50 14 5 12 79
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Chapter 4 addendum: Clustering variant effect predictor score distributions to improve
accuracy of calibration

Introduction

We demonstrated that calibration of variant effect predictors (VEPSs) using the aggregate
of all pathogenic and benign variants in ClinVar is problematic. Since genes encode proteins
with vastly different structures that are expressed in many different contexts, it is reasonable to
expect that a VEP score could have different consequences for different genes. We evaluated
evidence strength intervals from Pejaver et al. ' and identified that on the individual gene level,
evidence strength is inappropriate for 73% of evidence strength intervals. As a potential
consequence, variants that are interpreted with these thresholds may be incorrectly interpreted
as likely pathogenic or likely benign. One possible solution described by Pejaver et al. is
individual gene calibration where gene specific thresholds can be derived. However, most genes
have too few ClinVar pathogenic or benign variants to be calibrated individually. Thus, we
developed a new method for calibrating VEP data based on clustering protein domains on VEP
score distributions. This method ensures that calibration of cluster data is based on functional
elements with similar VEP score distributions. Thus, aggregation of ClinVar variants within
clusters allows for more accurate calibration, while still increasing the total number of variants
available as compared to individual gene calibration. We applied this method to AlphaMissense
2 since the model is untrained on clinical labels, allowing for more robust calibration on all
ClinVar variants.

Methods

Filtering AlphaMissese data

Alphamissese data was filtered to contain only predictions from curated human disease genes
with moderate or above evidence from the GenCC database *. Variants were then filtered out of
the AlphaMissese score sets if they had a SpliceAl score above 0.2 for any of the predicted
splice alterations “. After likely splice altering variants were filtered out we limited our analysis to
genes where missense variants are known to cause disease by filtering out any gene with zero
pathogenic variants in ClinVar 2°. The filtered AlphaMissese scores were then mapped to Pfam
domains °.

Clustering AlphaMissense score distributions

Alphamissese score distributions for all predictions for gene-pfam pairs were clustered on
Jensen-Shannon divergence. The optimal clustering distance was determined with K-means
clustering where the optimal number of clusters was the point at which the within cluster sum of
square errors only minimally decreases as more cluster are added.

Local calibration of clusters
We calibrated Alphamisses score distribution clusters as in Pejaver et al.”. Briefly, a posterior is
calculated for all possible sliding windows fo ClinVar pathogenic/like pathognenic and


https://paperpile.com/c/GqsBT1/p1pQ
https://paperpile.com/c/GqsBT1/Td4j
https://paperpile.com/c/GqsBT1/RiKHb
https://paperpile.com/c/GqsBT1/88fd6
https://paperpile.com/c/GqsBT1/Td4j+HMB5m
https://paperpile.com/c/GqsBT1/Cv3V0
https://paperpile.com/c/GqsBT1/p1pQ

benign/likely benign variants in a given cluster. We use the precomputed prior estimation from
Pejaver et al. to map calibration curves to AMCG evidence strength intervals.

Results

Clustering AlphaMissese distributions on protein domains defines optimal calibration
clusters

We chose to focus our calibration efforts on Pfam domains because we found score
distributions of Pfam domains within genes to be significantly divergent. Thus, Pfam domains
were likely to be a driving factor in the diversity of predictor shape distributions. Compared to
predictions outside of Pfam domains, those within Pfam domains tended to have
AlphaMissense scores closer to 1, and were more likely to be predicted deleterious (Figure 1A,
C). Additionally, the majority of pathogenic missense variants occur within Pfam domains
(Figure 1B, D). We constructed an all by all heatmap of gene Pfam pairs clustered by
Jesnen-Shannon distance to identify clusters of domains with similar AlphaMissese score
distributions. We then optimized the number of clusters using K-means clustering to minimize
the amount of within cluster sum of square error, resulting in 27 clusters for calibration (Figure
1F). Score distributions for ClinVar variants within each cluster closely mirror the full score
distributions used for clustering (Figure 2). Additionally, when the full score distribution of
predictions is left skewed, the pathogenic variants in the tail tend to also be left shifted as in
cluster 20. Conversely, when score distributions are right skewed, the benign variants in the
cluster also tend to be right skewed as in cluster 10. Since these skewed clusters tend to be
dominated by benign or pathogenic variants that are tightly distributed toward the extremes for
the score range, the remainder of the score range becomes evidence for the opposite class
which fill the tail of the score distribution. For example, in cluster 10, an AlphaMissese score of
0.7 corresponds to benign evidence for the small proportion of variants that have scores as low
as 0.7 in that cluster. In contrast, a score of 0.7 in a more bimodally distributed cluster typically
represents pathogenic evidence.

Local calibration of clusters defines diverse cluster specific PP3/BP4 thresholds

We applied sliding window local calibration to the 27 optimally derived clusters based on
JSD. 16 of the 27 cluster had sufficient variants for calibration. Even though calibration was not
possible for 11 clusters, the 16 that were calibrated represented over 98% of the AlphaMissense
predictions from clustering data. We show that bimodally distributed clusters tend to produce
balance calibration curves for both the benign and pathogenic evidence regions of the score
distribtoin (Figure 3A-C). Right-skewed distributions tended to have more pathogenic varints
which were also heavily right skewed and benign variants that filled the remainder of the score
distribution. For these reasons, local calibration yielded extremely right shifted pathogenic
evidence and broadly right shifted benign evidence (Figure 3D-F). Finally, left skewed
distributions tended to have left shifted benign and pathogenic evidence windows (Figure 3G-l).

Discussion
Genome wide calibration of VEPs has revolutionized how predictor evidence is used in
clinical interpretation. By aggregating all ClinVar variants, sliding window local calibration can



identify predictor score thresholds corresponding to different strengths of evidence. Additionally,
this calibration can be performed on any gene, even those with little to no ClinVar variants.
However, we demonstrated that genome wide predictor calibration is inappropriate for up to
73% of genes ’. We showed that the reason calibration was inappropriate for some genes was
not because predictors performed poorly, but rather becuase underlying predictor score
distributions varied widely across genes. Thus, we developed a new method for predictor
calibration that clusters predictor score distributions for Pfam domains and performs local,
sliding window calibration on those clusters.

Cluster calibration solves two important problems in the calibration and use of VEP data
in variant interpretation. First, the problem of too few ClinVar variants per gene is solved by
aggregating the ClinVar variants within clusters. Since clusters have similar underlying score
distributions, the aggregation of ClinVar variants within clusters is less likely to have varied
performance across genes within a cluster vs. the whole genome. Second, using Pfam domains
as the unit for clustering resulted in more accurate calibration suggesting that the driving factor
in variable AlphaMisses scores distributions is protein domain architecture across genes. By
clustering on domains we captured this diversity and appropriately applied evidence across
dominas.

Looking forward, this calibration method should be rigorously validated against known
gold standard ClinGen Variant Curation Expert Panel (VCEP) interpretations as well as
unbiased biobank datasets. Improved calibration should lead to likelihood ratios that more
closely correlate with known interpretations and more closely correlate with patient phenotypes
in large scale biobank studies. Since most variants fall into clusters with many ClinVar variants,
a significant proportion of variants may receive greater than supporting evidence for variant
interpretation. Application of this clustering approach along with scaling up novel MAVE
approaches should result in a substantial reduction in the uncertainty currently plaguing clinical
genetic testing.

Figure Legends:

Figure 1: Clustering AlphaMissense distributions on Jensen-Shannon divergence. A)
Distribution of all AlphaMissense score for the all regions annotated within Pfam domains. B)
Distribution of AlphaMissense scores for all 1+ star ClinVar variants within Pfam domains. C)
Distribution of all AlphaMissense scores for the all regions outside of annotated Pfam domains.
D) Distribution of AlphaMissense scores for all 1+ star ClinVar variants outside of annotated
Pfam domains. E) All by all heatmap of gene-Pfam pairs colored by Jensen-Shannon
divergence (JSD). Darker colors have JSD closer to zero and thus, have similar shapes. Lighter
colors have JSD values closer to one and have more divergent distribution shapes. F) K-means
clustering elbow plot for determining optimal clustering.

Figure 2: Optimally clustered distributions of the top 16 clusters by number of variants.
Gray plots represent score distributions for all predictions within a cluster and, and the red and
blue plots below represent the ClinVar variant distributions for the same cluster.

Figure 3: Local calibration of optimal JSD clusters. A-C) calibration of cluster 18, the cluster
with the larger number of variants. Left plot represents benign evidence calibration, middle plot
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depicts the ClinVar distribution in red and blue and the density plot for all variants in gray, and
the right plot represents the pathogenic evidence calibration. D-F) Calibration of the significantly
right shifted cluster 10. G-I) Calibration of the left shifted cluster 21 demonstrating how
clustering on score distributions influences evidence thresholding.
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Chapter 5: Transforming the future of clinical genetics with technology development

Variant interpretation remains a critical barrier to the implementation of precision
medicine as the majority of newly identified rare missense variants are still interpreted as VUS in
ClinVar. This work aimed to help resolve this problem in three distinct ways. First, we
demonstrated the substantial impact MAVEs have in clinical variant interpretation, offering a
solution for resolving about 50% of VUS across different tumor suppressor genes. As the MAVE
community continues to generate more assays with improved technologies, we will undoubtedly
be able to make significant advances in further reduction of the uncertainty in clinical genetics.
While MAVEs could offer substantial hope, technologies were still limited by their reliance on
utilitarian cancer derived cell lines and inability to assess variants in proper cellular contexts.

Next, to address the cell context limitation, we developed iPSC-SGE where variant
libraries are edited into iPSCs at the endogenous locus of the gene of interest. IPSC-SGE is
advantageous over traditional MAVEs for two reasons. First, variant effects are measured in the
context of a second allele and genetic interaction between engineered variants and the
background allele can be measured. Second, iPSCs harboring variant libraries can be
differentiated and variant effects measured in differentiated cell types. This offers the benefit of
variant assessment in correct cell context and allows access to phenotypes from genes which
are not expressed in utilitarian cell lines. Beyond use in variant interpretation, iPSC-SGE
enables investigators to make deeper mechanistic discoveries and to use that information to
gain a deeper understanding of phenotypes in patients and to select possible therapeutics to
screen in the presence of variants.

Finally, even with a near perfect functional assay, as was the case with BRCA1, VUS
reclassification remains constrained by limitations in other forms of evidence. In particular, data
from variant effect predictors (VEPs) has been historically underutilized. The updated ACMG
guidance on the calibration and use of VEP data sought to solve this problem by calibrating a
set of widely used VEPs with a genome-wide aggregate set of ClinVar variants across genes.
Our comprehensive evaluation of these guidelines revealed that many genes have discordant
ClinVar distributions compared with genome-wide calibration thresholds. To address this
limitation, we clustered predictor score distributions from Pfam domains to achieve more
accurate calibration while maintaining robust sets of ClinVar variants across domains. This
calibration method, in combination with the latest VEP models, is primed to assign stronger
evidence for most variants while improving accuracy of calibration over current methods.

Taken together, these innovations are poised to have a significant impact on genome
guided precision medicine. iPSC-SGE fills the gaps of conventional MAVEs conducted in
utilitarian cell lines and improved VEP calibration will provide more accurate and stronger
evidence for variant interpretation across all genes. Investment in scaling of MAVEs is already
happening as part of the Impact of Genomic Variant on Function (IGVF) consortium, where
hundreds of thousands of variant effects are being generated with Hap1 SGE and trangene
based variant abundance assays. The data from these assays will be used to resolve VUS from
clinical testing across 40 genes. Application of the same level of investment into iPSC-SGE will
undoubtedly offer similar levels of VUS resolution with the added benefit of contextual insight.

Beyond variant interpretation with standard ACMG guidelines, iPSC-SGE data
represents an opportunity to train machine learning models on variant effect data in context.



This will enable the generation of context aware and context specific variant effect predictors. At
present most predictors lack context awareness and make blanket predictions about variant
pathogenicity. Since many variants only cause phenotypes in specific cell types, the generation
of context aware predictors is appealing. Further, measuring varints in specific cell context allow
for the computation design of variant specific therapies like protein mini-binders that could
stabilize certain interactions. iPSC-SGE allows for the screening of such molecules at scale and
in the presence of multiple variants. Thus, iPSC-SGE in combination with better calibrated VEPs
will usher us into a new era of precision medicine, where VUS are substantially reduced in
traditionally difficult to assess genes and variant specific therapies are tested at scale for
prioritization in clinical trials.
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