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assively parallel sequencing has long
M entered clinical care for pediatric and

adult nephrology patients, where a
genetic etiology is considered after appropriate
clinical evaluation.'" However, technological
advances in genetic testing have outpaced the
capacity to interpret the wealth of genetic data
generated. Currently, the pathogenicity of a
given variant is assigned to 1 of 5 categories
(from “benign” to “uncertain significance” to
“pathogenic”) using a framework established
by the American College of Medical Genetics
and Genomics and the Association for Mo-
lecular Pathology, integrating population,
computational, functional, and segregation
data.” Despite advances in in silico meta-
predictors (e.g., REVEL score’) and protein
structure predictions (e.g., AlphaMissense”),
the majority of reported variants remain of
“uncertain  significance” (47.8%, ClinVar
Miner accessed January 2024) and are there-
fore not used for clinical diagnosis, manage-
ment, prognostication, or genetic counseling,
highlighting the limited clinical utility of many
genetic results. Furthermore, penetrance,
defined as the risk that carriers of a given ge-
netic variant will develop a clinical phenotype,
as well as phenotypic severity (expressivity),
varies along a continuum rather than existing
as categorical or dichotomous (case/control)
traits. Currently, variant pathogenicity is
treated as a fixed attribute without accounting
for environmental, demographic, or polygenic
context, all of which can influence disease
expression.” Estimating disease penetrance is
particularly critical in dominant disorders and
in females with X-linked diseases. Relevant

nephrology examples include APOLI-associ-
ated kidney disease, monoallelic COL4A3/A4/
A5 variants, and genes associated with cystic
kidney disease.” Despite the importance of
penetrance data in allowing for more wide-
spread integration of genomic testing into
clinical practice and precision medicine, in-
formation on penetrance is unavailable for
most individual variants, especially rare ones.
Recognizing this challenge, the ClinGen Low
Penetrance/Risk Allele Working Group iden-
tified low penetrance variants as distinct from
highly penetrant disease-causing variants, the
classification frameworks of the latter being
inadequate to capture the penetrance spec-
trum.” Large-scale population studies with
detailed phenotyping are needed to improve
the evidence sustaining the penetrance asso-
ciated with any given genetic variant.

What did the study show?

Responding to this call, the study by Forrest
et al.® used patient electronic health records to
create machine-learning (ML) models for 10
selected autosomal dominant disorders with
incomplete or age-dependent penetrance,
including autosomal dominant polycystic kid-
ney disease (ADPKD). Gradient-boosted, tree-
based ML models were derived and internally
validated in the Mount Sinai Data Warehouse
cohort of approximately 1.3 million in-
dividuals, including 1792 polycystic kidney
disease (PKD) cases. PKD cases were defined
by ultrasound criteria or International Classi-
fication of Diseases, Tenth Revision (ICD-10)
codes, including cystic kidney disease (Q61)
and chronic kidney disease (CKD) (N18). The
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Figure 1| Machine learning (ML)-based estimation of penetrance for genetic variants. ML models trained and validated using
electronic health records (EHR) in >1,300,000 individuals from the Mount Sinai Data Warehouse and the BioMe ML cohort (approximately
22,000 individuals with broad racial, ethnic, and socioeconomic diversity) to generate continuous disease scores for polycystic kidney disease
(PKD) with positive and negative predictive values (PPV and NPV) of approximately 0.7. These ML disease scores are then integrated with
exome data in approximately 29,000 individuals to generate ML-based penetrance estimates for 1648 variants in 10 dominant diseases
(including variants in PKD1 and PKD2). ML penetrance correlated with ClinVar and AlphaMissense predictions and was associated with clinical
outcomes. Compared with traditional case versus control assignments, ML-based penetrance yielded more precise quantitative estimates and
facilitated the interpretation of variants of uncertain significance (VUS) by mapping clinical trajectories over time. ADPKD, autosomal

dominant polycystic kidney disease.

models analyzed continuous clinical data
(routine laboratory and vital sign measure-
ments) and demographics to estimate indi-
vidual disease probability (ML-based disease
scores). Notably, the PKD model’s most
important features were serum or plasma
creatinine, urea nitrogen, and estimated
glomerular filtration rate. (It should be noted
that the model did not include the use of im-
aging data.) Models were tested in the inde-
pendent BioMe ML cohort and finally applied
to the BioMe exome cohort, intersecting
ML-derived disease probabilities with exome
variants to generate ML-based penetrance es-
timates for each genetic variant adjusted for
age, sex, body mass index, and genetic ancestry
(Figure 1). ML penetrance was computed for
1648 rare variants across 31 autosomal domi-
nant disease-predisposition genes (including
PKDI and PKD2 for ADPKD), spanning
different classes of variants and previously
uncharacterized loss-of-function  variants.
When compared across ClinVar classes, ML-
based penetrance behaved as expected: it was
highest for pathogenic and loss-of-function

variants, intermediate for variants of uncer-
tain significance, and lowest for benign vari-
ants. Penetrance estimates decreased as variant
population frequency increased and were
supported by functional data for several genes
(BRCA1, KCNQI, and LDLR). AlphaMissense
scores (building on the protein structure pre-
diction tool AlphaFold) showed only a weak
correlation with ML penetrance estimates,
highlighting that computational predictions
alone cannot reliably predict clinical pheno-
type. ML penetrance was further associated
with disease-relevant clinical outcomes in
heterozygous individuals. For ADPKD, the top
significantly associated outcomes were cystic
kidney disease, CKD, kidney failure, and sec-
ondary hypertension, with odds ratios per 0.1
increase in ML penetrance ranging between
1.05 (for hypertension) and 1.11 (for CKD).
Eight carriers of highly ML penetrant PKD1/
PKD2 loss of function variants (splice-site,
nonsense, or frameshift variants) showed
markedly reduced estimated glomerular filtra-
tion rate (lowered by 40 ml/min) and reduced
hemoglobin over time and were diagnosed
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with PKD, CKD, and/or kidney failure, vali-
dating ML-based penetrance estimates for
these canonical variant carriers. Interestingly,
ML-based penetrance also helped to stratify
clinical significance for variants of uncertain
significance. For instance, 2 carriers of a
variant of uncertain significance in PKD?2 that
was estimated as highly ML-penetrant
(penetrance = 0.89; 95% confidence interval,
0.72-0.97, PKD2 NM_000297.4: c.1927G>A,
p-(Asp643Asn)) had decreased estimated
glomerular filtration rate and hemoglobin over
time. Both carriers had multiple diagnoses of
renal calculi, acute renal failure, and CKD. By
contrast, 2 carriers of a variant of uncertain

significance in PKD2 that was weakly
ML-penetrant (penetrance = 0.17; 95% confi-
dence interval, 0.10-0.17, PKD2

NM_000297.4: c.154C>A, p.(Leu52Met)) had
no changes in these parameters and no kidney
disease diagnoses.

Why is the study important?

Ultimately, both clinicians and patients seek to
understand the risk that carriers of a given
genetic variant will develop a clinical pheno-
type (penetrance). Traditionally, this has been
addressed from a molecular perspective, using
metrics such as evolutionary conservation,
predicted effects on protein structure and
function, and variant prevalence. This frame-
work implicitly assumes that rare variants with
a high predicted molecular impact are also
highly penetrant. However, analyses of large-
scale biobank data demonstrate that this view
is overly simplistic.” Assigning fixed pathoge-
nicity categories to variants and reducing in-
dividuals to dichotomous case-control labels
fails to capture the inherently continuous and
multifactorial biological reality. Phenotypic
expression is shaped not only by genetic vari-
ation, but also by demographics, environ-
mental exposures, and oligogenic or polygenic
background.

Forrest et al. address this challenge from the
opposite direction by looking at ranges of
phenotype, that is, the quantifiable “end prod-
uct” of the integration of all the nuances of
known and unknown genetic, demographic,
and environmental factors. They profile
phenotype spectra using large electronic health
record datasets and ML-derived disease scores
that span continuously from 0 to 1, more
faithfully reflecting clinical reality. The authors

then assign ML-based penetrance scores to in-
dividual variants, capturing disease risk within
specific clinical contexts while adjusting for
relevant covariates (Figure 1). This strategy
overcomes key limitations of traditional pene-
trance estimates and positions ML-derived
penetrance as a possible tool for dissecting
complex  variant-phenotype  relationships.
Particularly for ADPKD, however, the absence
of imaging, family history, and segregation data
in the models limits accurate assessment of
variant penetrance and classification. Although
genotype and phenotype—most notably kidney
volume—are prognostic markers for ADPKD
with clear-cut pathogenic variants, ML-based
disease and penetrance models are likely to be
most valuable for nontruncating uncharac-
terized PKD1/PKD?2 variants. These approaches
may also prove useful for other conditions, such
as monoallelic COL4A3/A4/A5 variants, for
which genotype-phenotype correlations and
predictive frameworks remain limited. An
inherent constraint of ML-based penetrance, as
presented here, is its limited transposability
across populations (as many notably non-
European ethnicities are still underrepresented
in population databases). The relatively weak
correlation observed for variants shared be-
tween the UK Biobank and BioMe—restricted
to a subset of disorders—highlights the context-
dependent nature of penetrance and constrains
variant score generalizability. Nonetheless, this
study provides a valuable framework for
refining genetic risk assessment, guiding addi-
tional screening, and informing clinical
decision-making in precision medicine.
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