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1. Emava&lordynon mtopoilaydv dyvemoTting KMVIKNS 6NNociog

Y10 mhaicwo g Epyoaciog 1.1 mpaypoatomombnke emovaSloAdynon OAmv TV TopaAloymv
dyvootng kKuvikng onpaciog (Variants of Uncertain Significance — VUS) nov Bpickoviot 6t
Baon CanVaS pe Bdon ta kpiripia tov American College of Medical Genetics and Genomics
(ACMQG). Ta mv tekunpioon g KAwvikng epunveiog allomombnkav owbéoiues Pacelg
dedopévov ko M oxetikn  PipAoypoaeia, v EQOPUOCTNKE  GUOTNUOTIKY|
avalntnon/rapakorovdnon vedtepmv dedopévaov pécwm Tov epyoieiov LitVar2, to omoio
vrootnpilet TV avaKTnom evnuepopévng PrpAloypagiog yio cuyKeKPLUEVES TAPAALAYEG GE TOKTA
YPOVIKA SLOGTNLLATO.

[MapdAinia, Bpioketar og e£EEMEN N AVATTLEN LITOAOYIGTIKOD HOVTEAOL PBaciopuévov og pebdoovg
UNYOVIKNG Hanong, pe otdéyxo v vmootpién ¢ oadikaciog emava&loAdynone kot tnv
epdpynon g owbéoung tekunpioons. Xto mhaiclo avtd otepevvdrtor kot 1 aglomoinom
TPOEKTAOEVUEVOV  YAWGOIKOV poviédwv (foundation models) yio v ovtopotomompévn
eCayayn/cvovoyn tAnpoeopiog and PipAoypaeukd dedopéva, Le 10104TEPT EROACT) GE TOPAALAYES
oL eUPOVIlovTal cLYVOTEPO GTOV EAANVIKO TANBLGUO.
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2. Yrnoloywiopog PRS

Y10 mhaicwo ¢ Epyociag 1.3 mpaypotomomOnke diepedvnon e duvatdTnTag EQOPUOYNG
noAvyovidlokav deiktav kwvovvov (Polygenic Risk Score — PRS) pe PBdon kowég yevetikég
naporrayéc (SNPs), alomoidvtag to dféoipa dedopévo aAANAOVYNONS TOV UNTPDOL. g
GUVOAO TOPOALOYDV avagopds ypnooromOnke n Alota PRS SNPs mov mepihappdvoviar 6to
yovidroko maved TruSight Hereditary Cancer Panel g I[llumina (120 SNPs).

['a tov oxomd avtd mpaypatoromOnie mhotikny perém o apyeio VCF mov avtictoyovv o 1061
dropa, ta omoia eAéyyOnkav oto Epyactpio ['evetikng tov AvBpdmov tov EKEDE «Anpdkprrooy
Y. KAnpovopkn mpodidbeon oe Koapkivo pécm ariniovymong véog yevidg (Next Generation
Sequencing — NGS). An6 ta 1061 dtopa, tovddyiotov éva amod ta 120 PRS SNPs aviyvedbnke ce
1005 acbeveic (94,7%). EmmAéov, 30 and ta 120 SNPs aviyvevdnkoav ce tovAdyiotov évav acBevn
oto e&etalopevo detypo (Ewodva 1), mboavog Aoyw younAng cvyvotnrag opopéveov SNPs otov
Vo e€étacr TANOLGUO KOUM TEYVIKAOV TEPLOPICU®V NG avAAvong (m.y. kdAlvym kot eiktpo
TOLOTNTOG).
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QOverall detection frequency of PRS SNPs (across tested individuals)
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Exova 1: Zvyvotnro aviyvevong SNPs wov govv aviyvevbei oe évay i meploootepovg aoleveig.

H avdivon tov PRS SNPs 6to chvoro tov eEgtaciévev atopmv KaTESEIEE OTL VTTOGVUVOAO TOV
SNPs epgoaviCet vymir cvyvotnta aviyvevong ommv vrd eE€taon opdoo (Ewova 2), evd v
oplopéveg katnyopieg vocou (Kapkivog tov eyke@aiov — BrainCa, peddvopo — CMM3, kopkivog
tov veppmv — RCC, kapkivog tov Bupeogidods — TRC) mapatnpeitar oyxetikd youniotepn
ovyvotnta aviyvevong twv SNPs oe oyéon pe to cuVolkd TPATLTTO, YEYOVOS OV EVOEYETAL VO
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oyetiCeton pe 1o 0t ta suykekpiéva PRS SNPs €xovv emiheyel kupimg/pele el ektevéstepa yo
GAAOVE TOTOVG KapKivov.

[MapdAinia, avamtiyxdnke KOSKAG/VTOAOYIGTIKO pipeline ylo v avtopaTomomuévn e€oymyn
t®v PRS SNPs an6 apyeia VCF kot tov vroAoyiopd PRS avd dtopo, pe duvatdtnta epoproyng
o€ eVpOTEPO GVHVOLO OEOOUEVMDV.

INUEIOVETOL OTL TO TOPOTAVED ATOTEAEGILATO ATOTEAOVV OPYLKT ATOTOHT®ON NG dofec1udtTTog
kot katovopng T@v PRS SNPs 610 610061110 vTOGUVOAO d€50UEVOV KOl OTTOLTEITOL TTEPOUTEP®
Tekunplioon og peyoldtepo detypa, Witepa yio Katnyopieg vooov e tkpo aplfpd eEetacuévov
aTOp®V, O®oTE Vo eE0B0VV 15YVPOTEPA CLUTEPAGLATO.

Per-disease SNP detection % vs Overall %
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Eixéva 2: Zvoyétion g ovyvotnrag aviyvevans twv PRS SNPs ato ovvolo twv eCetaouévav aclevav kai ava katnyopio. voooo.
BrCa, xopkivog paorov. CMM3, peldvauo. ColPol, modbmodes moyéog eviépov. CRC, kapkivog mayéog eviépov. ENC, kapkivog
evoounpiov. OVCA, xopxivos wolOnkav. PGL2, paraganglioma. Pheo, poioypwuoxitioue. PrCa, kapkivog npoataty. RCC,
kopkivog veppov. TRC, kopkivog Qupeoeidong.
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Abstract:

Background: The vast number of variants with unknown significance in extensive datasets like
ClinVar presents significant challenges for automated annotation tools. Rare variants add an
additional layer of complexity in accurately assessing clinical significance. National genetic
variation registries, such as CanVas$ (Cancer Variation reSource), provide valuable insights into
population-specific genetic diversity, enhancing automated annotation approaches.

Material and Methods: We propose a framework leveraging machine learning and deep
learning to improve genetic variant annotation using ClinVar and CanVa$S as complementary
datasets. CanVas integrates germline genetic data from ~11,000 Greek cancer patients,
analyzed for up to 100 cancer susceptibility genes, with ~7,000 variants manually and
thoroughly annotated. Detailed data include allele frequencies, clinical significance,



segregation, and phenotypic traits. First, we will train tree-based algorithms and Support Vector
Machines on BRCA1/BRCA2 variants from ClinVar, chosen due to their extensive study and
critical role in cancer. These models will be validated on CanVas$ to assess population-specific
applicability. Next, we will broaden the approach to annotate missense variants from other
cancer genes, using convolutional neural networks to analyze missense variants.To address rare
variants, self-supervised learning techniques like contrastive learning will be applied to ClinVar’s
unlabeled variants, fine-tuned on BRCA1/BRCA2, and validated on CanVas.

Results: We anticipate high accuracy in pathogenicity predictions, with effective generalization
to the Greek population and scalability to broader missense variants.

Conclusion: By integrating advanced algorithms with population-specific data, this framework
offers robust tools for variant annotation, enhancing personalized risk assessment and clinical
decision-making, providing impactful insights on rare and uncertain variants.
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A neural network architecture approach for variant prioritization and annotation
using CanVas, a population-specific cancer patient database, as a training set

Despoina Kalfakakou2, Constantinos Bampos?®, Athanasios Papathanasiou?, Florentia Fostira?, Paraskevi Apostolou?, Irene Konstantopoulou?,
Georgios A. Pavlopoulos?®, Vasileios Megalooikonomou?, Drakoulis Yannoukakos?.
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2Human Molecular Genetics Laboratory, INRaSTES, NCSR Demokritos, Athens, Greece
3Multidimensional Data Analysis and Knowledge Management Laboratory, Computer Engineering and Informatics Department, School of Engineering, University of Patras, Patras, Greece

“Bioinformatics and Integrative Biology Laboratory Institute for Fundamental Biomedical Research, BSRC Alexander Fleming, Athens, Greece Canvas database:
http://ithaka.rrp.demokritos.gr/CanVaS/genes

Background

The vast number of variants with unknown significance in extensive datasets like ClinVar presents significant challenges for
automated annotation tools. Rare variants add an additional layer of complexity in accurately assessing clinical significance.
National genetic variation registries, such as CanVaS (Cancer Variation reSource), provide valuable insights into population-

Results

specific genetic diversity, enhancing automated annotation approaches.
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Figure 1. Based on the CanVas database, we have deployed two main architectures. The
first is used to classify variants, while the second is designed to classify phenotypes.
Although there are differences between these architectures, they both share a common
primary input: variant and amino acid sequence properties. To ensure comprehensive
variant annotation, we interrogated 12 different databases. Additionally, we employed
various tools and servers to predict the impact of variants on the corresponding
transcriptional activity. The main features extracted for our analysis included Composition-
Transition-Distribution (CTD) properties and total amino acid properties.

Material and Methods

We propose a framework leveraging machine learning and deep learning
to improve genetic variant annotation using ClinVar and CanVaS as
complementary datasets. CanVasS integrates germline genetic data from
~11,000 Greek cancer patients, analyzed for up to 100 cancer susceptibility
genes, with ~7,000 variants manually and thoroughly annotated. Detailed
data include allele frequencies, clinical significance, segregation, and
phenotypic traits. First, we will train tree-based algorithms and Support
Vector Machines on BRCA1/BRCA2 variants from ClinVar, chosen due to
their extensive study and critical role in cancer. These models will be
validated on CanVas$ to assess population-specific applicability. Next, we
will broaden the approach to annotate missense variants from other
cancer genes, using convolutional neural networks to analyze missense
variants.To address rare variants, self-supervised learning techniques like
contrastive learning will be applied to ClinVar’s unlabeled variants, fine-
tuned on BRCA1/BRCA2, and validated on CanVasS.

We anticipate high accuracy in pathogenicity
predictions, with effective generalization to the Greek
population and scalability to broader missense variants.

Conclusion

By integrating advanced algorithms with population-
specific data, this framework offers robust tools for
variant annotation, enhancing personalized risk
assessment and clinical decision-making, providing
impactful insights on rare and uncertain variants.
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