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OCHOBHbIe Warv npu NOCTPOEHUN
a/iropuTMa MallHHOro obyyeHus

* BOMPOC > AaHHble > 0COH6EeHHOCTU > a/lTopUTM>
OLleHKa
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Vihinen M. How to evaluate performance of prediction methods? Measures and their interpretation in variation effect analysis. BMC
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PacnpocTpaHeHHbIe nporpamMmmsbl
nns npeackasaHna NatoreHHOCTU
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Bonpoc — nartoreHHa /in AgaHHas
MyTayma~?
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CpaBHeHMne MeToa0B npeackasaHus
Ha pa3HbIX Habopax AaHHbIX

Total variants Deleterious Benign Total proteins

Disease mutation catalogues

ClinvarHC 29,752 19,461 10.291 2979
Humsavar 43,6878 19,329 24549 10,231
Swissvar 12,729 4526 8203 5036
Varibench 10,266 4309 5957 4203

Functional mutation catalogues

TP53-TA 1886 582 1304 1
BRCAI1-DMS 1683 408 1275 1
UniFun 11,519 9503 2016 2209

Mahmood K, Jung C, Philip G, et al. Variant effect prediction tools assessed using independent, functional assay-
based datasets: implications for discovery and diagnostics. Human Genomics. 2017;11:10. doi:10.1186/s40246-017-
0104-8.



CpaBHeHne MeToaoB npeackasaHus
Ha pa3HbIX Habopax AaHHbIX
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Mahmood K, Jung C, Philip G, et al. Variant effect prediction tools assessed using independent, functional assay-
based datasets: implications for discovery and diagnostics. Human Genomics. 2017;11:10. doi:10.1186/s40246-017-
0104-8.



MeToabl AeNCTBUTENbHO MJI0X0 NnpeacKkasbiBaloT

MyTauuu, BAMaroLlne Ha PyHKUNU UK Ka4yecTBO

npeackasaHun anas natoreHHbIX HabopoB AaHHbIX
3aBblilLeHO?



CpaBHEHME METOA0B Ha pPas/INnYHbIX
Habopax AaHHbIX
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2015;36(5):513-523. doi:10.1002/humu.22768.



bCe MeToAdbl N/1I0X0 Npeacka3biBakoT
MaTOreHHOCTb MyTaLnii B 6eKax, B KOTOPbIX
MOTYT ObITb 1 NATOrE€HHbIE U HENTPa/IbHbIE
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Bbi60Op AaHHbIX BaXKHEE NPUMEHSEMOTO
asiTroputTma

Quang D, Chen Y, Xie X. DANN: a deep learning approach for
annotating the pathogenicity of genetic variants. Bioinformatics.
2015;31(5):761-763.




[1peackaszaHne natoreHHOCTn 3aMeH
B HEKOAMPYIOLLEW YacTn reHoma

One Hot Code Sequence
ATTCCCGTAATCTACGATTAAGTCACAACCAAACCATGGATTACGGTCTGCGTTGGAATCAGGGCCATGC
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Linear
transformation
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B paboTe 1ncnosib3oBaHo nopsaka 2 M/iH CautoB AOCTYMHbIX
NHKa3e | u3 164 TMnoB KNeTokK

Kelley DR, Snoek J, Rinn JL. Basset: learning the regulatory code of the accessible genome with deep
convolutional neural networks. Genome Research. 2016;26(7):990-999. doi:10.1101/gr.200535.115.



[1peacka3aHne natoreHHOCTU 3aMeH
B HEKOAMPYIOLLEN YacTn reHoma
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«At a false-positive rate of 10%, Basset identifies

55%—-80% of true-positive DHS sequences»
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Kelley DR, Snoek J, Rinn JL. Basset: learning the regulatory code of the accessible genome with deep convolutional
neural networks. Genome Research. 2016;26(7):990-999. doi:10.1101/gr.200535.115.



OCHOBHbI€ BbIBO/b!

* [lpoBepAThb, UTO BOMPOC KOPPEKTEH U
[0CTAaTOYHO AAaHHbIX

* YunTbiBaTb 0COH6EHHOCTM HABOPOB AAaHHbLIX NpWn
00y4yeHnn (ULCTOYHUK, HAAEXHOCTD,
nepecevyeHne HaAbopoB Mmexay coobon)

* Habopbl AaHHbLIX, UCMO/b30BaHHbLIX NpWY
00y4YeHUn OO/MKHbI ObITb AOCTYIMHbI

* BO3MO)XHbI€ MCTOYHMKMN 3aBblLLIEHHbIX OLEHOK
— NMPSMOE nepekpbiBaHMe Mmexay oby4vatoLnm
N TECTOBbLIM HABOOPOM AaHHbIX, a TakKXe
coBnajgeHne cBoUCTB 6enKoB (6enokK CoaepPXuT
MVTaL TOMBbKO OOHOTo Tuna)
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