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Transfer learning. ®opmanbHoe onpenerneHue

Myctb 1) — paHHble, 7 — 3apada. MiHoekcom S byaem nomeyaTb
NCXoaHble AaHHble, nHaekcom T — ueneBble AaHHbIe.

D = {X,P(X)} rne X— npoctpaHcTso npusHakos, P(X) — ux
pacnpeneneHus.

T = {¥, f(-)} rne Y— npoctpaHcteo oteeTos, S (') — chyHkumm
npescKkasaHus.

Transfer learning HanpaBreH Ha ynyJlleHne yHKUUN npeackasaHngd
fr () Ha ganHbIX DT, ncnonbsys sHavua B Psu Ts,

| Xs # Xr

MpUYeM BbIMOMHEHO XOTS Bbl OOHO: Vs # Vr

P(Xs) # P(XT)
P(Ys|Xs) # P(YT|XT)




BpeaHbie myTauuu
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— MyTauuu, npueoasiLune K
N3MEeHeHUto B bernke u
aCCOLIMMPOBAHHbIE C
3aboneBaHneEM.

OcTanbHble — HenTparbHbIE.




[locTaHOBKa 3agayu

Llenb paboTbl: npumMmeHeHne metoaoB Transfer Learning k 3agaye
Knaccuukaummn BpegHbix MyTaumin y Mbillien n cobak.

(McxogHble gaHHbIE - YenoBeK, LeneBble - Mblllb, cobaka)
3agaum:

e [logrotoBuUTb HAbOPbLI MyTaLUU N N3BIEYb NPU3HAKN OSS
Krnaccudukauum

e Ob6yunTb KnaccudukaTopbl Ha JaHHbIX NO YENOBEKY, BblOpaTb
Hauny4dLwme knaccudukaTopsbl.

e [lpumeHnTb MeToabl Transfer Learning K nony4yeHHbIM Habopam
MyTaLMK C NCMNONb30BaHMEM KrnaccudukaTopoB.



Habop npunsHakoB

C nomMmoubio nporpammbl Polyphen HaGopbl NpuU3HakoB NONy4YeHbl U3:
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[MNOTHOCTBL
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Micnonb3yemble KnaccudunkaTopbl

L L

Naive Bayes (HanBHbIn BanecoBckuin kKnaccudukaTop)
Boosted Naive Bayes (bycTuHr HanBHbIX 6anecoBCKMX KracCndmnkaTopoB)
Logistic regression (Jlornctnyeckas perpeccus)

SVM: Linear, Gaussian, Polynomial (MaLwunHa onopHbIX BEKTOPOB C
pasnUYHbIMN SAEPHBIMU PYHKLMAMN)

Random forest (Cny4ainHbin nec)
Neural Network (HenpoHHas ceTb)

Deep Forest (I ny6okuin nec)

Habopb! AaHHbLIX N0 YEeNOoBEKY:

HumDiv. BpeaHble myTaummn — accoummpoBaHHble ¢ DOME3HbIO
HumVar. BpegHble — accoummpoBaHHble C U3MeHEHUEM (PYHKUMK Bernka.



Roc-KkpuBble Ha AaHHbIX 1o yenoseky (HumbDiv)
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Sy — Deep Forest: AUC = 0.989, acc = 0.951
el —— Random Forest: AUC = 0.989, acc = 0.940
,," —— Neural network: AUC = 0.982, acc = 0.939
0.2 il Gaussian SYM: AUC = 0.981, acc = 0.940
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ra —— Boosted GNB: AUC = 0.970, acc = 0.805
’,/’ — Gaussian NB (GNB): AUC = 0.964, acc = 0.805
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MeToabl Transfer learning

1. TlepeHoc obpa3yos

2. HoBoe npunsHakoBoe NpoCTPaHCTBO



1.

[lepeHoCc 0bpa3LoB

3. Yem 6auke paHHble, TeM bonblue Beca
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1. TlepeHoc obpasuoB. Pe3synbTaThl

3HayeHne TOYHOCTU Kraccudmkaumm ¢ ncnosnb3oBaHnem Transfer learning (TL) n 6es.

Cobaka

Mbiwb

O6y4eHue Ha

O6y4eHue Ha

Ob6y4eHue Ha

Ob6y4eHue Ha

Knaccudpmkatop HumDiv HumVar HumDiv HumVar
+TL — +TL — +TL — +TL —
Random Forest 0.855 |0.638 [0.889 |0.884 |0.846 |0.682 |0.841 |0.682
Polynomial SVM 0.874 |0.657 |0.715 |0.454 |0.764 |0.764 |[0.812 |0.528
Gaussian SVM 0.686 |0.662 |0.753 |0.618 |0.655 |[0.539 |0.833 |0.560
Logistic Regression | 0.908 |0.667 |0.855 |0.701 |0.777 |0.576 |0.875 |0.565
Linear SVM 0.672 |0.672 |0.715 |0.715 |0.597 |0.597 |0.852 |0.568

Pe3ynbTaT Knaccudpukaunm nporpammont SIFT
Ha AaHHbIX Mo cobake: acc = 0.852; Ha AaHHbIX NO MbiwK acc = 0.849
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2. HoBoe npun3HakoBoe NPOCTPaHCTBO

IcxoaHble AaHHbIe

L

1. Tpoucxogut obyyeHne n nogbop napamMeTpoB HEMPOHHOM CETU HA NCXOOHbIX
OaHHbIX.
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2. HoBoe npun3HakoBoe NPOCTPaHCTBO

IcxoaHble AaHHbIe

L

2. HenpoHHasi ceTb oTCEKAETCA Ha NpeanocriegHeM cnoe.
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Transfer learning. HoBoe npn3HakoBoe NPOCTPAHCTBO

o

= -
=

3. LleneBble gaHHble NPOMNYCKaKTCA Yepe3 NOCTPOEHHYI HEMPOHHYH CETb U
AanbHenwas knaccudukaumns NponsBoanTCs yke Ha Nnpeobpas3oBaHHbIX AAHHbIX.

KnaccudumkaTtop

LleneBble gaHHble

L



2. HoBoe npu3HakoBOe NpoCTpaHCTBO. Pe3ynbTaThl

Bbe3 npeno6paboTku

C npenobpaboTkon

Knaccudukarop p-value
acc | [loB. uHTepBan | acc | [loB. MHTepBan
Deep Forest 0.879 (0.873, 0.884) 0.881 (0.877,0.887) | 0.3201
Random Forest 0.875 (0.869, 0.882) 0.884 (0.879, 0.889) 0.0028
Neural Network 0.840 (0.830, 0.850) 0.866 (0.854, 0.873) 0.0017
Gaussian SVM 0.866 (0.858, 0.875) 0.878 (0.872, 0.884) 0.0023
Polynomial SVM 0.866 (0.858, 0.874) 0.866 (0.859, 0.871) 0.6051
Logistic Regression | 0.867 (0.859, 0.874) 0.876 | (0.869, 0.883) 0.0038
Linear SVM 0.871 (0.863, 0.878) 0.873 | (0.865, 0.880) 0.6766

*acc - accuracy (TOYHOCTb)

Pe3ynbTaT knaccudpukaumm nporpammont SIFT: acc = 0.849
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PesynbTaThl

e [logroToBneHbl HAOOPLI BpedHbIX N HEUTPArbHbIX MyTauuin y MbILLEN U
cobak.

e Ha Habopax gaHHbIX NO YenoBeky 0by4YeHbl 9 pasnMYHbIX KraccugukaTopos,
CeMb M3 KOTOPbIX OCTaBleHbl AN JanbHenwWwero aHanmaa.

e PaccmoTpeHbl gBa Tuna metogoB Transfer learning u nx npumMmeHeHne Ha
NOMy4YEeHHbIX Habopax AaHHbIX NO MNEKONUTAIOLLINM.

e HekoTopble KrnaccugukaTopbl Nocre npuMmeHeHus TexHuk Transfer learning
nokasanu pesysnbTarT, Nydwmnn yem nporpamma SIFT, wmpoko

MCNonb3yLasca ANs peLleHns JaHHOM 3aaa4uu.

BbiBOoA: ncnonb3oBaHne metoaos Transfer learning aBnaeTcs nepcnekTMBHbIM

ONS pelleHns 3agadn knaccudukaumm BpeaHbiX MyTaLluiA.
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Cnacnoo 3a BHUMmaHue!



Deep Forest
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Z.-H. Zhou and J. Feng, “Deep Forest: Towards An Alternative to Deep Neural Networks,” Feb.
2017.

Final Prediction



NcTouHnKM HAabopOoB AaHHbIX

(HumVar dataset)

(n3ameHeHne pyHKunKM Bernka)

OpraHusm BpeaHble myTauum HeutpanbHbie MmyTauumn
Yenosek UniprotKB database Pasnuuua mexagy roMosiorMyHbIMu
(HumDiv dataset) | (cBsi3b ¢ 60M1€3HbIO) BMugamu

Uenosek UniprotKB database MyTauun BHYTpY Buaa, Yactble B

nonynaumnn

Cobaka OMIA database Pasnnuna mexxay romonormyHbIMu
BMOAMMU
MbliLwb MGI database MyTauum BHYTpM BUAa, YacTble B

nonynaumnn
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Roc-kpuBble Ha gaHHbIX Mo Yyenoseky (HumVar)
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0.3 Deep Forest: AUC = 0.912, acc = 0.842

Random Forest: AUC = 0.907, acc = 0.830
Neural network: AUC = 0.904, acc = 0.827
Polynomial 5VM: AUC = 0.901, acc = 0.828
Gaussian SVM: AUC = 0.901, acc = 0.829

—— Logistic Regression: AUC = 0.890, acc = 0.814
—— Linear SVM: AUC = 0.890, acc = 0.815

—— Boosted GNB: AUC = 0.885, acc = 0.812

— (Gaussian NB (GNB): AUC = 0.869, acc = 0.812
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