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Feature Engineering

~ [logrotoBKa AaHHbIX

Coming up with features is difficult, time-consuming, requires expert knowledge.
"Applied machine" learning is basically feature engineering. @Andrew Ng

O6Lan cxema KJlacCn4ecKoro MallMHHOro 06y4YeHns BbIrNaanT Tak. [laxe B criyyae
HenpoceTen Hekas NpefobpaboTKa UCXOAHbIX AAHHbIX BCE PaBHO He ObIBAET JINLIHEN
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MoBTOPATE A0 XOPOLWEro KayecTBa Mogenen

v [eHepauma NnpnsHakoB

Feature engineering is the process of transforming raw data into features that
better represent the underlying problem to the predictive models, resulting in
improved model accuracy on unseen data. @Dr. Jason Brownlee

leHepaLMAa NPpU3HAKOB - NMpoLiecc npnaymbiBaHUA Cnoco6oB onucaHus AaHHbIX C NMOMOLLbIO
MPOCTbIX 3HayeHun, KOTOpPbIle A0JDKHbI OTPa)>kaTb XapaKTepPUCTUKHU 06BHEKTOB nccneaoBaHum,
Yepe3 KOTopble BblpaXXalkoTCH LesieBble 3Ha4YeHUA

M3HayanbHO 06beKTbl B HalLeM gaTaceTe MOryT 6bITb NPeACTaB/EHbI B BUAE OMUCAHUIN,
KOTOpble He IBMSTCA NPU3HAKOBbIMU, TG0, O4EBUAHO, TPEBYET HEKOTOPOW Npeao6paboTKu:

1. Be6-CTpaHuMUpbl

2. annbl

3. CCbIJIKM Ha y4aCTHUKOB rpynnbl

4. namepeHus B pasHbix eanHuuax (cMm, M, ) U 1.4
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Bonblwas yacTb Mogenen HecnocobHa paboTaTb C TaKUMU NMpeAcTaBIEHUAMU B CbIpOM BUAe
W UM NPOCTO He 3anycTuTcs, TMbo 6yaeT BblgaBaTbh HeafeKBaTHbIe pe3ynbTaThl

I'Ipou,ecc co3aaHunda Npu3HaKoB 3aBUCUT OT MOAeJIN, KOTOPYHO Mbl co6mpaeM0ﬂ ncnonb3oBaThb.
na ogHux mogenen nonesHo [06aBUTb NMPU3HaKK, NOoJIy4eHHbIE }J,eﬂeHVleM/I'lepeMHO)KeHVIeM
MCXOAHDbIX. ,El,pyrme MoAeNn MOryT NpoBeCcTn 3Th onepaunn caMm m 9KOHOMHee/MeHee
nepeo6yqaﬂ0b. Kak BapuaHT, ,D,O6aBJ'IeHVIe NPU3HaKOB, ABHO 3aBUCALLUUX OT APYr Apyra MOXeT
Oa)Xe MeLllaTb HEKOTOPbIM MoAeNIAM.

Hanpumep, nnoxas naes o6aBnsiTb B 0ObIYHYHO IMHENHYIO MOAENb KaK NpuaHaku X1 un X2,
Tak U UX CyMMy.

Pecypc 1 ‘\
Pecych.—> /:Lcablﬁﬂee — [lpusHakm —— MopgenupoBaHne ——  BbiBOAbI
Pecypc n ‘

KpnTnyeckumn

aTan

Boobue roeops, Hago NoHUMaTb, 4To npouecc feature engneering ABNSETCA KPUTUYECKUM
mMecTom, bottleneck, B MalwumHHOM 06y4eHnn. Bee, 4To Bawa Mofaenb 6yaeT 3HaTb O flaHHbIX
peluaeTcAa Ha aToM aTtane. bosblle, YeM Bbl e JafuTe - OHa He y3HaerT.

Ecnu Bbl B laHHbIX flaguTe ABHYHO NojcKa3sKy 06 OTBeTe - TO OHa 6y[leT UCMOob30BaTh 3Ty
MOACKasKy, a peasibHble 3aKOHOMEPHOCTU MOXET U He BblyunTb. K npuMepy, MOXHO AaTb el B
KayecTBe Npu3Haka id nokynaTens, KOTOpbI KaXayto Hefento NoKynaeT O4HO U To Xe. Ecnu
TaKUX CUTyaLuii 6yeT MHOro, TO OHa U Bbly4muT, YTO HaZ0 NpeAckasbiBaTh Bce Mo id. Korga xe
K BaM NpUAET HOBbIN MNOKynaTesb UK y CTApOro, YTo-TO MOMEHSIETCS B NOBEAEHUM, MOAENb
HauyHeT BECTU cebs HeaJleKBaTHO.

TOYHO TaKyHo XXe poSib MOXET CbIrpaTb MHPOPMaLINS O HOMepe 3KCMepUMEHTa, nabopaTopuu,
B KOTOPOMI ero NpoBOAMAN, acnMpaHTe, KOTOPbIV ero NPOBOAN U TA,

Takas cutyaums 6yget HasbiBaTbcA data leakage.

Hy M NMOHATHO, YTO €CJi1 Bbl AagaunTe MOAENN TOJIbKO HEPEJIEBAHTHYHO VIHCI)OpMaLWII-O, OHa
HW4Yero N3 Hee He BbITalUT.

At the end of the day, some machine learning projects succeed and some fail.
What makes the difference? Easily the most important factor is the features
used. @ Prof. Pedro Domingos

The algorithms we used are very standard for Kagglers. ...We spent most of our
efforts in feature engineering. ... We were also very careful to discard features
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likely to expose us to the risk of over-fitting our model. @Xavier Conort, Ton-

v Tunbl NpU3HaKOB

Tpa,D,VILWIOHHO NMPU3HaKN AENATCA Ha

v BeuwecTBeHHblE

BelecTBeHHbIE NPU3HaKK ObIBatOT:

* UCKPETHble. Hanpumep - Yncno namkoB OT NoJib3oBaTeNen

MOHATHO, YTO pasfeneHune 4acTo ycnoBHoe. TOT e BO3pacT MOXHO NocUYUTaTb U AUCKPETHOM
nepemMeHHoi (Nofb3oBaTesb BCErga Ham coobLaeT CBOM MNOJIHbIe rofa), U HEMpPepPbIBHOW
(BO3pacT MOXHO CYMUTaTb C IGO0 TOYHOCTbLIO, HO HUKTO He 6yaeT) )

Tak)Xe NHOrfa BelLeCTBEHHbIe NPpU3HaKn pendTt Ha OTHOCUTEJIbHbIE (C‘-II/ITaI-OTCFI
OTHOCUTENIbHO YEro-T1o, y>kxé HOpMUpPOBaHHbIE U T}J,) N MHTEepBaJibHbIE.

v KaTteropuarsbHblie

3HauyeHue - MPUHANIEXXHOCTb K KaKOW-TO U3 KaTeropuid. TpauLIMOHHO AENATCA Ha CUNIbHO
oT/INYaloLLMecs No CBONCTBAM:

* yrnopsifoyeHHble (opAnHanbHble) - AN KaXKA0MN Napbl BO3MOXHbIX KATEropuUit MOXeM
CKasaTb, Kakasl 60/blle, a Kakasi MeHblle. Hanpumep - knacc mecTta. Minu paamep
ofexXabl
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2220

* HeynopsifioueHHble (HOMUHaNbHbIE) - KAaTEropum Mexay cob6oi HecpaBHUMbI. O6bIYHO

Henb3s cKasaTb, YTO KpacHbI TenedoH 6onblie cuHero. nu 4to conHeyHas noroaa
60/bLLUe CHEeXXHOM

N
.
- "‘ 4 4 )‘
4 i ¢ =
ConHeuHo O6nauyHo CHeXxHo Loxanneo BeTpeHo MoposHo

YacTo Mbl CcTanknBaemcs c 6VIHaprIMM KaTeropuaabHbIMU NPpU3HaKaMu - And KOTOPbIX
M3BECTHO TOJIbKO ABE€ BO3MOXHbIX KaTeropummu (HaanMep, 6UONOrNYECKUIA NOS qenoseKa).

v [1lpeobpasoBaHus

v BelwecTBeHHbIX NPM3HaKoB

BuHapusauusa

Hanpumep, HaM MOXET 6bITb HE MUHTEPECHO, CKOJIbKO KOHKPETHO pas BCTPETUIOCH AABJIEHME B
HabNOAEHUM - TAaBHOE, YTO OHO BOO6LLLE BCTPETM/IOCH. Torga Mbl MPOCTO NMpeBpaLlaeM Hall
BELLECTBEHHbIN NPU3HaK B BUHAPHbIN "6b1N10 N ABNEHUE", N paboTaeM yXKe C HUM.

OkpyrneHue

YacTo AaHHble A0 HAC AOXOAAT C OYEHb BbICOKOM TOYHOCTbBIO Nocne 3anaTon. Hy>kHO nu 310
Haluei Mofenu - YyacTo HeT. MHorga no ¢akTy ABa HabNIOAEHMA HE Pa3IMYatoTCs Mo 3TOMY
npu3Haky (pasHuua B npegenax cTaTolmMOKK), HO MO NPU3HaKY UX OTIIMYUTb MOXHO. ITO
MOXET MPUBOAMUTL K NEPe0byYeHMto. B Takmx cnyyasx pasyMHO Npu3Haku OKpYranTb.

v Bining (BuHupoBaHue)

OnaTb Xe, HaM He MHTEPECHbI TOYHbIe 3HAaYEeHUS - Hanpumep, YTo Buaeo Habpano 1000
nankos, a He 1001.
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K TOMY Xe, Yncrno I'IpOCMOTpOB/l'IaﬁKOB HEKOTOPbIX BUAEO MOXXET ObITb 0O4YeHb 60/1bLLUNM B
CpaBHEHUK C OCTaJIbHbIMW, YTO 6yp,eT npunBoanUTb K HeaaeKBaTHOMY noBeaeHuto. B utore
4yacTb 3HaA4YeHUN Y Hac BCTpeyaeTca 4acCcTo, a 4aCTb - O4eHb peako. 3TO MOXeET npunBoauTb K
HeaJeKBaTHOMY noeBeaeHMo MO4EJIN.

Fixed-width bining

npOCTO 6beM HaluW 3HAYeHUS Mo Anana3oHaM CI)VIKCMpOB&HHOVI ANnHbl. Tak YyacTto nocTynaroT
C BO3pacToMm.

['mctorpamma BospacTa paspaboTtynka
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¥ Adaptive Binning

9To He Bceraa paboTaeT Xxopowo. Hanpumep, pacnpeaeneHune 3apniaTt y Hac 04eHb CUMbHO
CKOLLIEHO BMpaBo.

rMcTorpaMma foxofa paspaboTturka
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YacTtoTa BCcTpeyaemMocTun
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0 25000 50000 75000 100000 125000 150000 175000 200000
[loxoq paspaboTtyvka

N 6uHMpoBaHue ¢ GUKCUPOBAHHOWM AJIMHOWN 6MHA HAaM HEe MOMOXET CrPaBUTbCS C PpeaKUMM
3HaYEHUAMMU.

B aton ChUTyauuun nomMoraeT 6VIHMpOBaHVIe, HanpuMep, No KBaHTUNIAM - KOrga rpaHuLbl 6uHa
npeactaBnAaroT cob0oi KBaHTUNN.
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[McTorpamma foxona paspaboTynka ¢ KBaHTUNAMU
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YacToTa BCTpeyaeMocT
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KaHTunm [oxop, paspaboTumka

JNlorapundmupoBaHue

C cuTyauuen, Kkorga pacnpefeneHo CKoLweHo BNpaBo paboTaeT v Apyrov NOAXoL, -
nponorapuMm@upoBaTb BEINUYUNHY.

McTorpamma foxopa paspaboTymka nocne norapuMerupoBaHns

YacTtoTa BCTpe4YaeMocTn

9.5 10.0 10.5 1.0

[oxop pa3paboTynka (norapudmmyeckasn Wkana)

0606wWweHnemM aToro noagxoaa saenetcs Box-Cox Transform, o6Lien Lenbo KOTOpon sBnseTca

npuaaTb AaHHbIM BUJ 6051ee MNOXOXU Ha HOpMaJibHEeO pacnpeaerieHune, ¢ KoTopbiM paboTaeT
60/blLEe YNCO MOoJEeNen U CXoAUMOCTb Jyylle

v KaTeFOpVIaJ'IbeIX NPM3HaKoB

Label encoding

MpocTo 6epeM 1 KaXkaon KaTeropmm ogHO3Ha4YHO conocTaBisieM Ymcno. OYeHb NpocTom
crnoco6, ecnu Npu3Hak opAnHabHbIN - ByaeT paboTaTb NOYTH BCErga.

Ecnu e Haw NMPU3HaK - HOMWHanNbHbIN, TO MOTYT BO3HUKHYTb I'Ip06ﬂeMbI. Mbl He MOXXeM
CKasaTb, YTO casiaToBbI 60blLue KpacHOro (B 60NbLUNHCTBE cnyqaeB). Ho Mmogenb HU4Yero

MpoO 3TO HE 3HAET U MNnocJie Hallero kKoanposaHuA CMOKOWHO Takue CpaBHEHNA MOXXET
https://colab.research.google.com/drive/1PGKY3vX4uOoNOmYY-fn4Wkcanly99BM_#scrollTo=PL2Bh_0zEY-t 6/91
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Nnpon3BoOAUTb. 3TO MOXeT npnBoanTb K 6onee HNU3KOMY Ka4dyeCTBy MOAeJIN U Bbly4HUBAHUIO €O
Henpasmanon VIH(bOpMaU,I/II/I. Kpome TOro, Hanpumep, gepeBbam peUJeHMIZ , 4YTOObI BblAENNTb
B TaKOM CJ/1y4ae KOHKPETHYHO KaTeropuro npunaeTca aenatb cpa3dy HECKOJ1bKO NencTeum,
KOTOpPbIE, B CUJY XXaOAHOCTU airTOpUTMa UX NoCTpoeHnad, MoryTtT n He 6bITb HangeHbl

HekoTopble Mogenu (Hanpumep, lightgbm) aBTomaTnyeckn MoryT nepekoanpoBaTh Bce
NpaBuUbHO, ECNIY UM COOBLLUTD, YTO NepeaHHbIi MPU3HaK - KaTeropuasnbHbIi. 1A
HEKOTOpbIX 3TO NPUAETCH AenaTb BPyYHYHO.

¥ One-hot encoding

CxemoMm, KoTopast YacTo UCMONb3yeTcs Ha NpakTuKe, anseTcs one-hot encoding. OH cocTonT
TOM, YTO BMECTO OAHOr0 KaTeropnanbHOro npmaHaka X co3gaetcst Habop GUHAPHbIX
KaTeropmasnbHbIX MPMU3HAKOB, KOTOPble 0TBeYatoT Ha Bonpoc "X == C? ", rae C npoberaeT BCe
BO3MOXHble 3HaYeHUs KaTeropmanbHOro npmMsHaka.

Tenepb 4TOObI O6yCJ'IOBVITbCFI Ha KOHKpPEeTHOEe 3Ha4YeHne KateropmnasibHoro rnpn3Haka, gepesy
peLueHvu7| OOCTaTO4HO 3aAaTb O4NH BOIMPOC.

LiBeTt KpacHbin | XXenTblt | 3eneHbin

KpacHbiin
KpacHbin
Kentbin

3eneHbIn

Kentoein 0 0 1

OfHaKo y TaKoW CXeMbl €CTb OAUH MUHYC - Mbl NOJTy4aeM JIMHENHO 3aBUCUMbIe MPU3HaKK. 3TO
MOMXXET MJI0X0 BAINSITb HA HEKOTOPbIe Moaenu (Aans cnyvyas HEMPOHHbIX CETEN - 06bIYHO HET, HO
Mosie3HO AepXXaTb B roJioBe).

1 0 0 0

1+0+0+0=1
0 1 0 0 0+1+0+0=1
0 0 1 0 0+0+1+0=1 Kowka + Cobaka + Yepenaxa + Pbiba = 1
0 0 0 1 0+0+0+1=1 (NMMHeHas 3aBUCUMOCTb)
1 0 0 0 1+0+0+0=1
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MNMoToMy MHOrAa oAHYy M3 KaTeropuin UCKIoYatoT Npu KOANPOBaHUK, HanpuMep, B NpuMepe
BbllLE MOXXHO UCKNOUUTDb Fish, Beib ecnv Bce Tpy Apyrux NpusHaka-kaTeropum pasHbi 0, TO

TAUUN Danun uTn vaTarnnua - FEich

Target encoding

Koaupyem Kaxkayto KaTeropmio KakMmM-TO YNCNEHHbIM NapaMeTPOM, XapaKTepusyoLLnM To,
YTO Mbl NpeAcKasbiBaeM. Hanprumep, MOXKHO KaXayro KaTeropuro KateropmasbHOro npusHaka
3aMeHATb Ha cpefHee

Ha camMoMm pene, Tak NPOCTO AenaTtb HEJIb3A, MOXXHO MOJY4YUTb nepeo6yquHyro Mozenb. Kak
OENaTb - MOXXETE I'IOﬂ,pO6HO NMOCMOTPETDb, K NpuUMepy, 3aeCb UK 3ECb

Embedding

Mo>HO Hay4YunTb Bally MOoJejib CaMy COMNOCTaBJIATb Kaxaom Kateropumu HEeKUmn BEKTOp
onpeueneHHon pa3MEepPHOCTH. [lna aTOro BHayane cConocTaB/isieM KaXKaou KaTteropuum
cnyanleM BEKTOP 3apaHHON ANUHbI. A fanee U3MeHsieM aToT BEKTOP KakK 06blYHblE Beca.

CnoBapb 1nn 6asa
l npencTasneHui

000 o0
00 o0
4 000 o0
000 o0

®
o
».
o

KaTeropmanbHble NpU3HaKku

I [ MonyuyeHne
npencTaBneHumn

v KOD,VIpOBaHVIe LUKITNYECKUX KaTeropmasibHbiX MpnU3HaKoB

B cliydae C TaKuMu npusHakamMu, Kak geHb Hegennm nin BpemMsa CyTok, Mbl CTaJlIKuBaemMcsa C
npo6neM017| TOro, 4TO HaM HY>XXHO NpPeasIoxXnNTb KoANpoBaHUE, KOTOPOE 6yp,eT YUYUTbIBATb, 4TO
NMnoHeaAeJIbHUK 671M30K K BOCKpP€EeCEHbIO TaK XXe, KaK NMoHeaeJibHUK XXe KO BTOPHUKY, U TA.

B cnyyae fepeBbeB peLLIeHUn U METOLOB Ha HNUX OCHOBAHHbIX MOXHO "3abuTb" - Takne MeToapl
camu pasbepyTcs. [119 HEKOTOPbIX APYrMX METOLO0B, TEX Xe HenpoceTen, NpaBUIbHO
KOAMpPOBaHME MOXET YNyYLLUTb Ka4yeCTBO U CXOLUMOCTb.

[aBanTe HaHeceM Halln KaTeropuu, Hanpumep, AHU Hefenu - Ha OKPY>XXHOCTb. Kak aTo
cpenatb? [lycTb NoHeAeNbHUKY COOTBETCTBYET 1, a BOCKpeceHbto - 7. [laneee nocymMtaem aBa
TaKUx BCNoMoraTesibHbIX NpU3HaKa rno cnegyowmnm popmMynam

1 import numpy as np
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2 weekdays = np.arange(1l, 8) #create an array of weekdays

3 print(weekdays)

4 sina = np.sin(weekdays * np.pi * 2 / np.max(weekdays)) #feature 1
5 cosa = np.cos(weekdays * np.pi * 2 / np.max(weekdays)) #feature 2

[123456 7]

1 import matplotlib.pyplot as plt

2 plt.figure(figsize=(7,7)) #Decide figure size

3 plt.scatter(sina, cosa) #Plot scatter of feature 1 vs feature 2

4 for i, z in enumerate( ("Mon", "Tue", "Wed", "Thu", "Fri", "Sat", "Sun") ): #for each
5 plt.text(sina[i], cosa[i], s=z) #add text labels to plot

6
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YTto pgenatb ganbwe? A No CyTu Mbl Y)XKe BCce caenanu. Tenepb pacCTOSHUA MeXay
noHeLeNbHUKOM U BTOPHUKOM U BOCKPECEHbEM U MOHeAeNIbHUKOM OAUHAKOBbIE:

(cosa[1] - cosa[@]) ** 2 #distance between Mc
(cosa[6] - cosa[@]) ** 2 #distance between St
dist_mon_tue)
4 dist_sun_mon)

1 dist_mon_tue (sina[1] - sina[@]) ** 2
2 dist_sun_mon (sina[6] - sina[@]) ** 2
3 print('Distance between Mon-Tue = %.2f'
4 print('Distance between Sun-Mon = %.2f'

Il
3R ¢+ o+

I}
(&)
N
Ul

Distance between Mon-Tue
Distance between Sun-Mon

1
(W)
N
Ui

TO XXe CaMoO€e BEPHO U AJIA NO6bIX OTCTOAWMX APYr OT ApYyra Ha oAnHaKoBO€ YNCJI0 OHen

1 dist _mon_wed = (sina[2] - sina[@]) ** 2 + (cosa[2] - cosa[@]) ** 2 #distance between Mc
2 dist_fri_sun = (sina[4] - sina[6]) ** 2 + (cosa[4] - cosa[6]) ** 2 #distance between Fr
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3 print('Distance between Mon-Wed = %.2f' % dist mon_wed)
4 print('Distance between Fri-Sun = %.2f' % dist_fri_sun)
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Takum o6pa30M, LUMKNn4yecKne npn3Hakm MOXXHO KogmpoBaTb nap017| NPU3HAKOB - sin u cos,
MONTYYEHHDbIX MO CXEME, OMNUCaHHOM BblLLeE.

Mpo6nembl noaxoaa

1. [lepeBbs peLleHnin MOryT peLlnTb 3agadvy 1 Tak. A Takoe KogupoBaHue UM, Hao6opoT,
6yaeT MeLaTb, T.K OHM paboTaroT C OA4HUM NPU3HAKOM 3a pas

2. Hapo noHnMaTb, YTO BaXXHOCTb UCXOAHOM KaTeropnanbHon Guyn HeouYeBUAHbIM
o6pa3om JenuTcs Mexay ABYMS MOSyYEeHHbIMU U3 Hee TakKnuM 06pasoMm.

3. B HekoTOpbIx 3agavax one-hot paboTaeT nydiue

v KogupoBaHue B3auMOLeNCTBUA NPU3HaKoB

Mp13HaK1 MOryT No-pasHOMY B3aMMOZENCTOBATb M HEKOTOPbIE MOAENN B NPUHLUME HE MOTYT
MoZennpoBaTh 3TO B3aUMOAENCTBUE.

BsaumopencrteoBaTb MOTYyT BeWWECTBEHHbIE NMeEpeEMEHHbIE N KaTeropumalsibHble

280 MaTepwnan

I 1
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Cuna vs. CKoOpocCTb

KaTeropunasnbHbl€ N KaTeropuasbHble
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MOFyT 6bITb U 6oNnee BbICOKYpPOBHEBbIE B3anMoaencTBus - B3aVIMO,D,el7ICTByI'OT MHOTIO pa3HbIX
NMPU3HaAKOB.

B3anmopencTema MoryT 6biTb caMble pasHble - MHOro CnocoboB KoaMpoBaTbh. Hanpumep,
[06aBNATb B YNCO NPU3HAKOB UX NMPON3BEAEHME.

v FeHepau,Mﬂ NPMU3HaKoOB Mpu nomMoLin Mmoaesnun

Ecnu y BaC €CTb MO[EJlb, 06y‘-IeHHaF| Ha ApyromM gartacete, MOXHO reHepupoBaTb Npu3HakKu
npun rMNOMOLLIN HEE. Hanpmmep, npu nomMoLiun cnyqaﬂHoro Neca

https://colab.research.google.com/drive/1PGKY3vX4uOoNOmYY-fn4Wkcanly99BM_#scrollTo=PL2Bh_0zEY-t 11/91
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lFeHepauya 6MHapPHOro NPU3HaAKOBOIro NPOCTPaHCTBA ¢ NnomMow,bio RandomForest

XopoLume UCTOYHUKM:

1. Feature Selection for High-Dimensional Data

2. How to Win a Data Science Competition: Learn from Top Kagglers

w

. Feature Engineering for Machine Learning: Principles and Techniques for Data Scientists
Paperback — April 14,2018 by Alice Zheng, Amanda Casar
. CanTt 1 Kypc IbskoHoBa

. Cepus cTtaten Ha towardsdatascience, nepBas us cepum
. A Few Useful Things to Know About Machine Learning

N o o b~

. [1po KoaupoBaHune LMKINYECKUX MPU3HAKOB

v npaKTVI‘-IeCKOG npunMmeHeHune

MNpumep Ha Titanic

Ons vnnocTpaumm 6yayT ncrnonb3oBaHHbl NnpuMepbl 3 kHurn "Real-World Machine Learning'

N3 OTKPbITOro PenosnTopus
W paTacert Titanic

B oTnnMume oT gaTaceToB ¢ KOTOPbIMU Mbl paboTanu 4o CUMX NOp, 3TO MPOCTO CNUCOK
nacca)xvpoB cyfHa. [laHHble B HEM He nNpefobpaboTaHHbl U B CbIpOM BUAE HE MOTyT 6biTb
NCMoNb30BaHHbI AN1s1 06y4YeHUs MOAENMN.

1 import pandas as pd

2 from IPython.display import clear_output

3 | wget https://raw.githubusercontent.com/brinkar/real-world-machine-learning/master/dat
4 clear_output()

5

6 #Download the data and save it in a variable called data

https://colab.research.google.com/drive/1PGKY3vX4uOoNOmYY-fn4Wkcanly99BM_#scrollTo=PL2Bh_0zEY-t 12/91
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7 dataset = pd.read_csv("titanic.csv") #Load the data using pandas
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8 dataset[:5] #Show the first 5 lines

PassengerId Survived Pclass

Name

Braund,
Mr. Owen
Harris

Cumings,
Mrs. John
Bradley
(Florence
Briggs

1. YacTb nosie MOXXHO UCKOUYUTD (MMST)

Sex Age SibSp Parch Ticket

male 22.0

female 38.0

2. YacTb npeobpasoBaTb B YyMcna (nos, nopT nocagku ...)

1

1

0 AB21171 7

0 PC17599 71

3. Hel'lpeprBHble AJaHHblE€ MOXXHO HOPMUPOBATb (3D,€Cb BMECTO 3TOro 6epeTCFI

KBaZpaTHblil KOPEHb U3 LiEHbI)

4. Ha ocHOBaHuu HEKOTOPbIX CO34aTb HOBbIE 6onee nonesHbole ona Mmoaenu (HOMep

KabWHbI)

cabin_data = array(['C65", ", "E36", "C54", "B57 B59 B63 B66]) -> [['C', 65, 1], [ X', -1, 0], [E', 36, 1],
[C', 54,1],[B', 57, 4]]

1 import numpy as np

O 00 NOUVT b WN

N NNNNNNRRRRRRRRPRRR
OV A WNRPROOUOMNOODUDNWNIERO®

https://colab.research.google.com/drive/1PGKY3vX4uOoNOmYY-fn4Wkcanly99BM_#scrollTo=PL2Bh_0zEY-t

binary = (data == cat)
if len(set(binary)) == 1:

# The categorical-to-numerical function

# Changed to automatically add column names

def cat_to_num(data): # one-hot encoding
categories = set(data)
features = {}
for cat in categories:

# Ignore features where all values equal

continue
new_key = f'{data.name}={cat}"’

features[new_key] = binary.astype("int")
return pd.DataFrame(features)

def cabin_features(data):
features = []
for cabin in data:

cabins = str(cabin).split(" "
n_cabins = len(cabins)

)

# First char is the cabin_char

try:
cabin_char = cabins[0][0]
except IndexError:

13/91
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27 cabin_char = "X"

28 n_cabins = 0@

29 # The rest is the cabin number

30 try:

31 cabin_num = int(cabins[@][1:])

32 except:

33 cabin_num = -1

34 # Add 3 features for each passanger

35 features.append( [cabin_char, cabin_num, n_cabins] )
36 features=np.array(features)

37 dic_of features = {

38 ‘Cabin_num' : features[:,1].astype("int"),

39 'N_cabins' : features[:,2].astype("int"),

40 }

41 out = pd.DataFrame(dic_of_features)

42 char_column = pd.DataFrame({'Cabin_char' : features[:,0]})
43 cabin_ch = cat_to_num(char_column['Cabin_char'])

44 return out.join(cabin_ch)

45

46 def prepare_data(data):

47 """Takes a dataframe of raw data and returns ML model features
48 e

49

50 # Initially, we build a model only on the available numerical values
51 features = data.drop(["PassengerId", "Survived", "Fare", "Name", "Sex", "Ticket", '
52

53 # Setting missing age values to -1

54 features["Age"] = data["Age"].fillna(-1)

55

56 # Adding the sqrt of the fare feature

57 features["sqrt_Fare"] = np.sqrt(data["Fare"])

58

59 # Adding gender categorical value

60 features = features.join( cat_to_num(data['Sex']) )

61

62 # Adding Embarked categorical value

63 features = features.join( cat_to_num(data[ 'Embarked']) )
64

65 # Split cabin

66 features = features.join( cabin_features(data['Cabin']) )
67

68 return features

69

70 features = prepare_data(dataset) #Create variable features
71 features[:5] #Display first 5 rows

https://colab.research.google.com/drive/1PGKY3vX4uOoNOmYY-fn4Wkcanly99BM_#scrollTo=PL2Bh_0zEY-t 14/91
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Pclass Age SibSp Parch sqrt_Fare Sex=female Sex=male Embarked=S Embarked:

Terlepb MoJeJib MOXXHO O6y‘-IaTbI

e . ~ N . ~ ~

1 from sklearn.linear_model import LogisticRegression

2 from sklearn.model selection import train_test_split

3

4 # We make a 80/20% train/test split of the data

5 features = prepare_data(dataset)

6 X_train, X test, Y train, Y test = train_test split(features, dataset["Survived"], test
7

8 model = LogisticRegression(max_iter=1000)

9 model.fit(X_train,Y_train)

10

11 # Make predictions

12 print('Accuracy of the model = %.2f' % model.score(X_test, Y_test))

Accuracy of the model = 0.78

v sklearn.preprocessing

[lna uenei npegBapuTenbHOM 06paboTKM NPU3HAKOB CYLLLECTBYET MHOXECTBO MHCTPYMEHTOB,
B TOM Uucsie MoAysib preprocessing B nakete sklearn.

AHanornyHble NoAMOAYNN UMK Lienble 6UBNMOTEKMN eCTb U 419 PasHbIX 3aga4y, CBA3AHHbIX C
HelpoHHbIMK ceTaMu (torchvision, torchaudio u npouee)

1 from sklearn.compose import make_column_transformer
2 from sklearn.compose import make_column_selector
3 from sklearn.preprocessing import OneHotEncoder

# Make one shot encoded representation
one_hot_encoder = make_column_transformer(
(OneHotEncoder(sparse=False, # if False return array, if True return sparse matrix
handle_unknown="ignore'), # ignore if an unknown categorical featur
make_column_selector(dtype_include="category')), # selection of dtypes to include
remainder="passthrough') # all columns that were not specified in transformers will

A v~ wWN R

1 # preprocessing features using sklearn.preprocessing

2 features = dataset.drop(["PassengerId", "Survived", "Fare", "Name", "Sex", "Ticket", "(
3 axis=1)

4 # make Cabin features, examples: None -> 'X', C85 -> 'C', B42 -> 'B'

5 features['Cabin'] = dataset['Cabin'].fillna("X").apply(lambda x: x[@]).astype("category

6

7 def get_cab_num(cab):

8 try:

9 return int(cab.split()[@][1:]) # get cabin num (C85 -> 85)
10  except:

11 return -1 # if dont know num, return -1 (X -> -1)

https://colab.research.google.com/drive/1PGKY3vX4uOoNOmYY-fn4Wkcanly99BM_#scrollTo=PL2Bh_0zEY-t 15/91
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13 features['Cabin_num'] = dataset['Cabin'].fillna("X").apply(lambda x: get_cab num(x)) #

14

15 features['N_cabins'] = dataset['Cabin'].fillna("X").str.split(" ").apply(lambda x: len(

16

17 features['Sex'] = dataset['Sex'].astype("category"”) # male/female

18

19 features['Embarked'] = dataset['Embarked'].fillna("X").astype("category") # Categories:
20 features['sqrt_Fare'] = np.sqrt(dataset['Fare']) # normalize by sqrt
21 features['Age'] = dataset['Age’'].fillna(-1) # NaN -> -1

=

# 80/20% train/test split of the data

2 X_train, X_test, Y_train, Y_test = train_test_split(features, dataset["Survived"], test

N

one_hot_encoder.fit(X _train) #fit one-hot encoder to X train
X _train = one_hot_encoder.transform(X_train) #transform X train with the one-hot encode
3 X_test = one_

hot_encoder.transform(X_test) #transform X _test with the one-hot encoder

1 model = LogisticRegression(max_iter=1000) #specify maximum iterations
2 model.fit(X_train,Y_train) #fit model to the training data

3

4 # Make predictions
5 print('Accuracy of the model = %.2f' % model.score(X_test, Y_test)) #calculate the acct

Accuracy of the model = 0.78

[lo6aBneHne B MOAEeNb NMPU3HAKOB, NMOTyYEHHbIX HA OCHOBE APYroW

v

MoZenu

1 ### https://scikit-learn.org/stable/auto_examples/ensemble/plot_feature_transformation.

2

3 import numpy as np
4 np.random.seed(42)

5
6
7
8 from
9 from
10 from
11 from
12 from
13 from
14 from

15
16

17 n_estimator

sklearn.
sklearn.
sklearn.
sklearn.
sklearn.
sklearn.
sklearn.

import matplotlib.pyplot as plt

datasets import make_classification

linear_model import LogisticRegression

ensemble import RandomForestClassifier, GradientBoostingClassifier
preprocessing import OneHotEncoder

model_selection import train_test_split

metrics import roc_curve

pipeline import make_pipeline

10

18 X, Y = make_classification(n_samples=80000) # define dummy dataset
19 X_train, X _test, Y_train, Y_test = train_test_split(X, Y, test_size=0.5)

20

21 # It is important to train the ensemble of trees on a different subset

https://colab.research.google.com/drive/1PGKY3vX4uOoNOmYY-fn4Wkcanly99BM_#scrollTo=PL2Bh_0zEY-t 16/91
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22 # of the training data than the linear regression model to avoid
23 # overfitting, in particular if the total number of leaves is

24 # similar to the number of training samples

25 X_train, X_train_lr, Y_train, Y_train_lr = train_test_split(

26 X_train, Y_train, test size=0.5)

27

28

29 # Supervised transformation based on random forests

30 rf = RandomForestClassifier(max_depth=3, n_estimators=n_estimator)
31 rf_enc = OneHotEncoder()

32 rf_1m = LogisticRegression(max_iter=1000)

33 rf.fit(X_train, Y_train)

34 rf_enc.fit(rf.apply(X_train))

35 rf_1m.fit(rf_enc.transform(rf.apply(X_train_1r)), Y_train_1r)

36

37 Y_pred_rf_1m = rf_lm.predict_proba(rf_enc.transform(rf.apply(X_test)))[:, 1]
38 fpr_rf_1lm, tpr_rf 1Im, _ = roc_curve(Y_test, Y_pred_rf_1lm)

39

40 # Supervised transformation based on gradient boosted trees
41 grd = GradientBoostingClassifier(n_estimators=n_estimator)

42 grd_enc = OneHotEncoder()

43 grd_1m = LogisticRegression(max_iter=1000)

44 grd.fit(X_train, Y_train)

45 grd_enc.fit(grd.apply(X_train)[:, :, 0])

46 grd_1m.fit(grd_enc.transform(grd.apply(X_train_1r)[:, :, ©0]),

47 Y_train_1r)

48

49 Y_pred_grd_1lm = grd_lm.predict_proba(

50 grd_enc.transform(grd.apply(X_test)[:, :, ©0]))[:, 1]

51 fpr_grd_1lm, tpr_grd 1m, _ = roc_curve(Y_test, Y_pred_grd _1lm)
52

53 # The gradient boosted model by itself

54 Y _pred_grd = grd.predict_proba(X_test)[:, 1]

55 fpr_grd, tpr_grd, _ = roc_curve(Y_test, Y_pred_grd)

56

57 # The random forest model by itself

58 Y_pred_rf = rf.predict_proba(X_test)[:, 1]

59 fpr_rf, tpr_rf, _ = roc_curve(Y_test, Y pred rf)

60

61 # Plot figure 1

62 plt.figure(1l, figsize=(10,10))

63 plt.plot([e, 1], [0, 1], 'k--")

64 plt.plot(fpr_rf, tpr_rf, label="RF')

65 plt.plot(fpr_rf_1lm, tpr_rf_lm, label="'RF + LR")

66 plt.plot(fpr_grd, tpr_grd, label="GBT')

67 plt.plot(fpr_grd_1lm, tpr_grd_1lm, label='GBT + LR'")

68 plt.xlabel('False positive rate')

69 plt.ylabel('True positive rate')

70 plt.title('ROC curve')

71 plt.legend(loc="best")

72 plt.show()

73

74 # Plot figure 2

75 plt.figure(2, figsize=(10,10))

76 plt.xlim(@, 0.2)
https://colab.research.google.com/drive/1PGKY3vX4uOoNOmYY-fn4Wkcanly99BM_#scrollTo=PL2Bh_0zEY-t 17/91
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77
78
79
80
81
82
83
84
85
86
87

plt.
plt.
plt.
plt.
plt.
plt.
plt.
.ylabel('True positive rate')
plt.
plt.
plt.

plt

ylim(0.8, 1)

plot([o, 1], [0, 1], 'k--")

plot(fpr_rf, tpr_rf, label="RF")
plot(fpr_rf_1lm, tpr_rf_lm, label="'RF + LR")
plot(fpr_grd, tpr_grd, label="GBT')
plot(fpr_grd_1lm, tpr_grd_1m, label='GBT + LR")
xlabel('False positive rate')

title('ROC curve (zoomed in at top left)')
legend(loc="best")
show()

https://colab.research.google.com/drive/1PGKY3vX4uOoNOmYY-fn4Wkcanly99BM_#scrollTo=PL2Bh_0zEY-t
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ROC curve
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[puMepbl flaHHbIX KOTOPbIe HelenecoobpasHo OTNpaBnATb B
MOJieNlb B CbIpOM BUJE

IP agpec:

XXX.XXX.XXX.XXX -> PEr1oH, npoBanaep
KoopAaunHaTbl aTOMOB:

AlphaFold

"kKak BOO6LLEe MaTeEMATUYECKM MOXXHO BblpasnTb CTPYKTYpY 6enka. [1o Toro Mbl NOCTOSAHHO
HesIBHO noapasyMeBasiv, YTo 3TO KOOpPAMHATbl aTOMOB (BCeX, KapKacHbIX, Ca MK KaKUX-TO
eLlé), Ho Ha NpaKTUKe 3TO OYeHb HeylauHoe NpeACcTaBeEHUE, MOCKOMbKY OHO He
eQMHCTBEHHOE. Mbl 06bIYHO CYMTAEM, YTO NpeAcKasaHne paboTaeT Kak HeKoTopas
AeTepMUHMPOBaHHasA QYHKUNSA: NPUHMMAET Ha BXOA, NOC/ef0BaTe/IbHOCTb M BCeraa
BO3BpalllaeT OAMH eAMHCTBEHHbIN OTBET. Ho Kakon M3 6eCKOHeYHOro Habopa KoopanHat
"KaHOHMYecKnin"?

... UHBAPMaHTOM CTPYKTYpbl ABNsieTCA MaTpuua (Tabnumua) Bcex nonapHbIX pacCTOAHWUIA
Mexay atToMmamu. "

u | £ r /
~ OTO60p NpU3HaKOB

nars ¥ S
B npowwsibiX Nekunax Bbl MO3SHAKOMUITUCL C TEM, HTO TaKO€e NPU3HaKW. CerogHs Mbl
norbiTaeéMCA HAYy4YUTbCA OTAENIATDb NMoJie3Hble€ NPU3HaKu OT 6ecrnonesHblx, a TakXXe NOHMXaTb

https://colab.research.google.com/drive/1PGKY3vX4uOoNOmYY-fn4Wkcanly99BM_#scrollTo=PL2Bh_0zEY-t 19/91
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pasMepHOCTb NPOCTPaHCTBa NPU3HAKOB.

v 3a4yeM oTOMpaTh NPMU3HAKN?

Bo-nepBbix, N(pU3HaKOB MOXET ObITb C/IMLLIKOM MHOTO, 60/1bLUe YeM HYXKHO. 9TO MOXeT
BO3HUKHYTb B CUTYyaUMsIX, KOrAa UCMOJb3yeTcs BCA MMELAscs Ha AaHHbIi MOMEHT
nHdopmMaumsa, MOTOMY YTO HEM3BECTHO, Kakasi €€ YaCTb MOXET NOHAA006UTbCSA, a Kakasi — HeT.
B Takux cnyyasix MOXXHO NOBbICUTb KAYeCTBO peLLeHUs 3afauu, Bbibupas ToNbKO
LEeACTBUTENbHO BaXKHble Npu3Haku. CylecTByeT Apyrov NOAXOA: MOXHO cpopMUpoBaTh
HOBble MPU3HaKM Ha OCHOBE CTapblX, TAKUM 06Pa30M MPU3HAKOB CTAHET MEHbLLE, HO UX
MHOOPMATMBHOCTb COXPaHUTCA.

Bo-BTOpbIX, CYyLLECTBYIOT MPU3HAKK, N3-32 KOTOPbIX NPU peLleHnn 3aga4ym BO3HUKAEeT MHOIo
npo6sieM. 3TO WYMOBbIE NPU3HAKN — NMPU3HAKK, KOTOPble He CBA3aHbI C Lie1IeBOM
nepeMeHHOM U HUKaK He OTHOCATCA K peluaeMon 3agade. K coxaneHuto, He Bcerga MOXHo
NOHATb NO obyyatoLLen BbIBOPKE, UTO B HEN NMPUCYTCTBYIOT Takne npusHaku. MNonesHo
pacCcMOTpeTb HECKOJIbKO NPUMEPOB NPUCYTCTBUSA LUYMOBbIX MPU3HAKOB B AaHHbIX. [1ycTb B
Bbl6opKy fo06aBnsAtoT 1000 npM3HAKOB. 3HAYEHUS KaXXA0ro NpM3HaKa reHepupyroTest U3
CTaHAapTHOro HopMasnbHOro pacnpegenenHus. MoHATHO, YTO 3TU NPU3HAKKM 6ECNONE3HbI, OHK
HWKaK He NOMOryT pelnTb 3agadvy. Ho, MOCKONbKY X MHOIO, MOXKET Tak oka3aTtbcs (M3
COOBpaXKkeHW TeOpuM BEPOATHOCTEN), YTO OAMH U3 HUX KOPPENMPYET C LieNIeBON NEPEMEHHON.
MNpu 3TOM OH 6yAeT KoppenupoBaTh TOSIbKO Ha 06y4atoLLen BbIGOPKE, @ Ha KOHTPOSIbHOM
BblOOPKE KOppensaunm HabnoaatbCa He 6yaeT, MOCKOSIbKY NPU3HaK abCosOTHO CllyYanHbIN.
OfHaKo BHYTPY MOAENN 3TOT NPU3HAK MOXKET ObITb YYTEH KaK BaXXHbI U UMETb KaKOW-TO BEC.
Monyyaetcs, 4TO Mofesb 3aBUCUT OT NMPU3HaKa, KOTOPbIN HAKaK He MoOMOoraeT pelnTb 3ajadvy.
N3-3a aTOro KayecTBo Moaenu u ee 0606LLatoLLLast CMOCOBHOCTb OKaXXYTCA HUXKE, YEM
XOTenocob 6bl.

B 60nee 06L1eM Cllydyae MOXKHO rOBOPUTb, YTO B MHOFOPa3MePHOM NMPOCTPAHCTBE MOoYTH
BCeraa MOXHO HaiTu Koppensaumu. CM. KapTUHKY.

https://colab.research.google.com/drive/1PGKY3vX4uOoNOmYY-fn4Wkcanly99BM_#scrollTo=PL2Bh_0zEY-t 20/91



07.12.2021, 16:36 L04_Feature_Engineering.ipynb - Colaboratory

B MHOropasmMepHOM NPOCTPaHCTBE MNOYTWN BCerga MOXHO HaluTu Koppensuuu.
M3 koppenauuu He cnefyeT NPUYUHHO-CNeACTBEeHHAA CBA3b.

W BospacTt Mucc AMepuku
YBUICTBA rOpAYMMY Napamy v ropaYuMn NpegMeTamu

24 T\’. -8
-7

22.75 7
-6
21.5 -5
-4

20.25 <
-3
1n bl

B-TpeTbMX, nepea HaMm MOXXET CTOATb 3aa4vya YCKOPEHUA MOAESIN. [leno B TOM, 4TO YeMm

BospacTt
CmepTu (CLUA)

60/bllie NPMU3HAKOB, TeM 6oJiee CNIOXHasA MoAesb NoslyyaeTcs, U TeM 60Jiblle BpeMeHU
Heo6XoAMMO, YTOObl MOCTPOUTbL NPOrHo3. CywecTBYHOT 3a4a4m, B KOTOPbIX MPOrHO3bl HYXHO
CTPOUTb OYEHb BbICTPO, HaNpuUMep, Bblaya peKoMeHAalumnii TOBapOB Ha CalTe UHTEPHET-
MarasuHa. [onb3oBaTtesib YTO-TO MLLET, HAXKMMAET Ha CCbIJIKY B MOMCKOBOW Bblgaye u
nepexoauT Ha CTPaHWLY MHTEepPeCyroLero ero Toeapa. Ha aton cTpaHuue ecTb Nose, B
KOTOPOM MOKa3biBalOTCA peKoOMeHAaL M1 K 3TOMy ToBapy, HanpuMep noxoXxue ToBapbl,
KOTOpble [0/KHA BblAaBaTb MoAeNb. Ba)kHo, UTo6bl OHa BblgaBana peKOMeHAaLUN OYEHb
6bICTPO, CTPaHMLa He A0/HKHA A0JIF0 3arpy»aTbCsi, YTO6bl NO/Ib30BaTeNb He NoAymall, YTo ¢
CalNTOM YTO-TO He Tak, U He yLlesn K KOHKYPEHTY. B aToM cny4yae Heo6xoANMMO, YTO6bl MOAENb
6blf1a 04eHb B6bICTPON, U OAWNH U3 NOAXOA0B K YCKOPEHUO MOJENN — 3TO OT6OP NPU3HAKOB,
KOTOPbIX AO0CTAaTOYHO, YTOObI NPOrHO3bl 6bIIN XOPOLUNMMMN.

[MonHbIM nepebop

Mo>XHO nonbiTaTbCca NepebpaTb BCe BO3MOXHble KOMOUHaUun npnaHakoB. Ho aaxke gns 100
NPU3HaKoB TaKoW MOAXOA byAeT cuMTaTbCA A0 KOHLUa BceneHHoW.

MoToMy nNpuberaroT K 9BpUCTMKAM, KOTOPbIe, 04eBMAHO, MOTYT MPOMycKaTb ONTUMasibHOe
pelueHmne

v OgHOMEpHbIN OTOOP NPU3HAKOB

CaMbIi NPOCTOM NOAXOA, K OTOOPY NPU3HAKOB — 3TO OAHOMEPHbIN Noaxod. B HEM
OLleHMBAaETCA CBA3b KaX40ro np1MsHaka c LeneBon nepeMeHHon, Harnpumep, namepsieTcs
Koppenauma. Takon noaxoa — [OBOJIbHO MPOCTOWN, OH He YYUTbIBAET CIIOXKHbIe
3aKOHOMEPHOCTU, B HEM BCE NPU3HaKM CYMTAIOTCA HE3aBUCUMbIMU, TOTAa Kak B MalMHHOM
06y4YeHMM MOAENN YUNTbIBAIOT B3aMMHOE BNIUsIHUE NPU3HAKOB, UX Nap uan gaxke 6onee
CNOXHble AENCTBUA Ha LieNeBYO NEPEMEHHYIO.
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dopmanusauyusa 3agadn

MycTb y Hac ecTb [N 06bekToB ¢ K npuaHakamu 1 Ans Kaxaoro o6bekTa 3ajaHa Lienesas
nepemMeHHas nnu oteeT. 0603Ha4YMM MaTpULy 06bEKTOB-NPU3HAKOB Yepe3 X € RVM 4
BEKTOp oTBeTOB yepe3 Y . [115 ya06CTBa BBEAEM CrieflytoLine JOMNOoSHUTE NbHbIE
0603HavYeHus:

 X- cpefiHee 3HayYeHMe NpuU3HaKa j no Bcel BbiGopKe

e Y - cpegHee 3HayeHuWe LienIeBOV NEPEMEHHON Ha BCew BblIbopke

3afaya — oUeHUTb NpeacKasaTesbHyo cuiy (MHOPMAaTUBHOCTb) KaX10ro NpusHaka, To ecTb
HACKOJIbKO XOPOLLIO MO AaHHOMY MPU3HaKy MOXHO NpeAcKasbiBaTh LiEeNEBYHO NePEMEHHYIO.
[laHHble oLeHEeHHON MHHOPMATUBHOCTM MOXHO UCMOMb30BaThb, YTO6bI 0TO6paTh K NyyLumx
NMPU3HAKOB MW NPU3HAKMK, Y KOTOPbIX 3HavyeHne NHGopMaTUBHOCTM 6osblue nopora
(Hanpumep, HEKOTOPOI KBAHTUAN pacnpeaeneHmsa MHPOPMaTUBHOCTH).

v Koppenauus

OAWH 13 caMbIX NPOCTbIX METOAO0B N3MEPEHUSA CBA3N MeXAY NPU3HAaKOM N OTBETaMU — 3TO
koppensuus. Koppensiumsa (o1 nat. correlatio «cooTHoLLeHME»), UM KOppensiLMoHHas
3aBMCUMOCTb — CTaTUCTMYecKasi B3aUMOCBSI3b [BYX UK 6onee crnyyYaiHbiX BEMYMH (6o
BEJIMYMH, KOTOPbIE MOXXHO C HEKOTOPOW A OMNYCTUMOW CTENEHbIO TOYHOCTU CYMTaTb
TakoBbIMM). Mpy 3TOM U3MEHEHNSI 3HAYEHUI OQHOW UM HECKOSIbKUX U3 3TUX BESTUYUH
CONYTCTBYKOT CUCTEMATUYECKOMY N3MEHEHWNIO 3HAYEHUIN APYIrOM NN APYTUX BENIUYMH.

KoadduumenT koppensiyum no npustaky j (R;) onpegensietcs popmynoir:

. > i (Xz'j —fa) (Y,- —57>
\/Zf\; (Xz'j - 73>2 Sy (Y@ - 57)2

YeM 6osblue No MOAY/THO KOPPENALMA MeXay NPU3HAKOM U LiefIeBO NepeMeHHON, TeM 6oree

NH(pOPMAaTUBHbBIM ABMSIETCA AaHHbIN Npu3Hak. [pn 3TOM OHa MakcuMarsibHa no Moaysto

(Rj = +1), ecnu Mexay NpU3HAKOM W LENIeBON NepeMeHHON eCTb JIMHENHas CBA3b, TO eCTb
€CNN LIeNeBYHO NePEMEHHYH MOXKHO CTPOro JIMHENHO Bblipa3uTb Yepes 3HaYeHue NpusHaka.
OTO 03HAYAET, YTO KOPPENALUSA U3MEPSAET TONIbKO JIMHENHYO MHPOPMATUBHOCTb, TO €CTb
CrMOCO6HOCTb NpM3HaKa IMHEWHO NpeACcKasbiBaTh LieN1eBytO NepeMeHHyo. Booblue roBops,
KOppensauusa paccymMTaHa Ha BELLLECTBEHHbIE NMPU3HAKM U BeLL,eCTBEHHbIe OTBETbI. TeM He
MeHee, eé MOXKHO UCMONb30BaTh B Clly4ae, eCiv NPU3HaKKU U OTBETbI GUHapHble (MMeeT
CMbICJ1 KOAUPOBaTb 6UHAPHbIN NPU3HAK C MOMOLLbIO 3HaYeHun 1)

1 import pandas as pd

2 lwget https://raw.githubusercontent.com/brinkar/real-world-machine-learning/master/dat:
3 #Download the data and save it in a variable called data

4 dataset = pd.read_csv("titanic.csv") #lLoad the data using pandas

5 dataset.head(5) #Show the first 5 lines
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1
2
3
4
5

6
7
8
9

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32

--2021-12-07 13:25:33-- https://raw.githubusercontent.com/brinkar/real-world-machin

Resolving raw.githubusercontent.com (raw.githubusercontent.com)... 185.199.109.133,
Connecting to raw.githubusercontent.com (raw.githubusercontent.com)|185.199.109.133|
HTTP request sent, awaiting response... 200 OK

Length: 61194 (60K) [text/plain]
Saving to: ‘titanic.csv.l’

titanic.csv.1 100%[ ===================>] 59.76K --.-KB/s in 0.01s

2021-12-07 13:25:33 (4.96 MB/s) - ‘titanic.csv.1l’ saved [61194/61194]

PassengerId Survived Pclass Name Sex Age SibSp Parch Ticket

Braund,
0 1 0 3  Mr. Owen male 22.0 1 0 A/521171 7
Harris

Cumings,
Mrs. John

Bradley
(Florence

Briggs

female 38.0 1 0 PC17599 71

import numpy as np

# The categorical-to-numerical function
# Changed to automatically add column names
def cat_to_num(data): # one-hot encoding
categories = set(data)
features = {}
for cat in categories:
binary = (data == cat)
if len(set(binary)) == 1:
# Ignore features where all values equal
continue
new_key = f'{data.name}={cat}"’

features[new_key] = binary.astype("int")
return pd.DataFrame(features)

def cabin_features(data):

features = []

for cabin in data:
cabins = str(cabin).split(" ")
n_cabins = len(cabins)
# First char is the cabin_char
try:

cabin_char = cabins[0][0]

except IndexError:

cabin_char = "X"

n_cabins = 0
# The rest is the cabin number
try:

cabin_num = int(cabins[@][1:])
except:
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33 cabin num = -1

34 # Add 3 features for each passanger

35 features.append( [cabin_char, cabin_num, n_cabins] )
36 features=np.array(features)

37 dic_of features = {

38 ‘Cabin_num' : features[:,1].astype("int"),

39 'N_cabins' : features[:,2].astype("int"),

40 }

41 out = pd.DataFrame(dic_of_features)

42 char_column = pd.DataFrame({'Cabin_char' : features[:,0]})
43 cabin_ch = cat_to num(char_column['Cabin_char'])

44 return out.join(cabin_ch)

45

46 def prepare_data(data):

47 """Takes a dataframe of raw data and returns ML model features
48 e

49

50 # Initially, we build a model only on the available numerical values
51 features = data.drop(["PassengerId", "Survived", "Fare", "Name", "Sex", "Ticket", '
52

53 # Setting missing age values to -1

54 features["Age"] = data["Age"].fillna(-1)

55

56 # Adding the sqrt of the fare feature

57 features["sqrt_Fare"] = np.sqrt(data["Fare"])

58

59 # Adding gender categorical value

60 features = features.join( cat_to_num(data['Sex']) )

61

62 # Adding Embarked categorical value

63 features = features.join( cat_to_num(data[ 'Embarked']) )
64

65 # Split cabin

66 features = features.join( cabin_features(data['Cabin']) )
67

68 return features

69

70 features = prepare_data(dataset) #Create variable features
71 features.head(5) #Display first 5 rows

Pclass Age SibSp Parch sqrt_Fare Sex=female Sex=male Embarked=S Embarked:

0 3 220 1 0 2.692582 0 1 1
1 1 38.0 1 0  8.442944 1 0 0
2 3 26.0 0 0 2815138 1 0 1
3 1 350 1 0 7.286975 1 0 1
4 3 35.0 0 0 2837252 0 1 1

1 from scipy import stats
2 from sklearn.model selection import train_test_split
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4 features = prepare_data(dataset) # produce feature
5 X_train, X test, Y_train, Y_test = train_test split(features, dataset["Survived"], test

6

7 correlations = [] # create a storage for correlations

8 for column in features:
9 r , p_value = stats.pearsonr(X_train[column], Y_train) #compute Pearson and R

10 correlations.append((column,r)) #add to storage

11

12 correlations.sort(key=lambda tup: abs(tup[1]),reverse=True)

13

14 df = pd.DataFrame(correlations, columns=['Column', 'Correlation'])
15 df.head(df.shape[@])

Column Correlation

0 Sex=female
1 Sex=male
2 Pclass
3 Cabin_char=n
4 sqrt_Fare
5 Cabin_num
6 Cabin_char=B
7 Embarked=C
8 Cabin_char=E
9 Embarked=S
10 Cabin_char=C
11 Cabin_char=D
12 Parch
13 Cabin_char=F
14 N_cabins
15 SibSp
16 Age
17 Cabin_char=T
18  Embarked=Q
19 Cabin_char=A
20 Cabin_char=G
v AUC-ROC

0.541750
-0.541750
-0.321750
-0.300371

0.295597

0.237024

0.176650

0.159632

0.144024
-0.142371

0.127315

0.123186

0.078311

0.055922

0.051495
-0.047602

0.043465
-0.029137
-0.006097

0.005813

-0.005783
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MycTb pewaeTca 3agadya 6uHapHoM kKnaccudumkaumm, 1 He06X04MMO OLEHUTb BaXXHOCTb
npusHaka j Ansi peLleHust UMeHHO 3Tol 3agauun. B aToM cnyyae MOXHO nonpo6oBaTb
MOCTPOUTb KnaccudukaTop, KOTOPbI UCNONBb3YET NULLb STOT OAMH NPU3HAK J, U OLEHUTb €ro
KayecTBO. Hanpumep, MOXXHO pacCMOTPETb O4EHb NPOCTOM KnaccudukaTop, KOTOpbIn 6epéT
3HayeHMe NpusHaKa j Ha 06bekTe, CPaBHMUBAET €ro C MOPOroM t, M eC/iM 3HaYeHne MeHbLue
3TOro NOpora, TO OH OTHOCUT OGBEKT K NEPBOMY KN1accy, EC/M XXe MeHbLUe Nopora — To K
APYroMy, HyNeBOMY U/ MUHYC NEPBOMY, B 3aBUCMMOCTM OT TOro, Kak Mbl €ro 0603Hau4mnu.
[anee, NOCKONbKY 3TOT KilaccudukaTop 3aBUCUT OT nopora t, TO ero Ka4yeCTBO MOXXHO
N3MepUTb C MNOMOLLbIO TaKUX METPUK, Kak niowaab nog ROC-kpueon nnum Precision-Recall

~ - I ~ [ . - [ - P . S B .

1 from sklearn.metrics import roc_auc_score

2 from scipy import stats

3

4 features = prepare_data(dataset)

5 X_train, X test, Y_train, Y_test = train_test split(features, dataset["Survived"], test
6

7

8 rocs = [] #create a storage for ROCs

9 for column in features:
10 # use feature as score directly
11 rl1 = roc_auc_score(y_score=X_train[column], y_true=Y_train)
12 # use feature as score in reversed manner

13 r2 = roc_auc_score(y_score=-X_train[column], y_ true=Y_train)
14

15 r = max(rl, r2)

16 rocs.append((column,r))

17

18 rocs.sort(key=lambda tup: max(1l - tup[1], tup[1]),reverse=True)#tsort from highest to lc
19

20 df = pd.DataFrame(rocs, columns=['Column','Rocs’'])

21 df.head(df.shape[@])
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Column Rocs

0 Sex=female 0.765614

1 Sex=male 0.765614
2 sqrt_Fare 0.677138
3 Pclass 0.673802

4 Cabin_num 0.629328
5 Cabin_char=n 0.629101
6 Embarked=S 0.564660
7  Embarked=C 0.562676
8 Parch 0.558794

9 Cabin char=B 0.540978

v [lpo6nemMbl 0AHOMEPHOro oTéopa NpM3HaKoB

https://colab.research.google.com/drive/1PGKY3vX4uOoNOmYY-fn4Wkcanly99BM_#scrollTo=PL2Bh_0zEY-t

Y noaxofa, Npy KOTOPOM Ba)HOCTU BCEX NMPU3HAKOB OLIEHNBAIOTCS MO OTAENIbHOCTU, ECTb
CBOM HeJlocTaTKN. Ha NeBOM pUCYHKe n3obpaxkeHa AByMepHas BbI6OpKa, /151 KOTOPOW
Heo6x0AMMO pelnTb 3ajady Knaccudukaumn. Ecnm cnpoeuunpoBaTth AaHHYH BbIGOPKY Ha OCb
abcumcc, To oHa byaeT pasgenuma, XoTa n 6yayT NpUCyTCTBOBaTb OLWIMOKN. Ecnun e
crnpoeunpoBaTb AaHHYH BbI6OPKY Ha OCb OpAMHAT, TO BCe 06bEKTbI pasHbIX KNaccoB
rnepemeLllaroTcs, U BbibopKa 6yaeT Hepasaenvuma. B atom cnyyae npu ucnonb3oBaHum no6oro
MeToZa OJHOMEPHOr0 OLlEHMBAHNS UHOPMATMBHOCTM NEPBbIA NPU3HaK byaeT
WH(pOPMAaTUBEH, @ BTOPOW — COBEPLIEHHO HEMH(bOPMATUBEH. TEM He MeHee, BUAHO, YTO eC/u
MCNosib30BaTb 3TU NPU3HAKN OQHOBPEMEHHO, TO Knaccbl 6yayT pasaenumbl ngeanbHo. Ha
caMOM fefie, BTOPOW NpU3HaK BaXXeH, HO OH BaXXeH TOJIbKO B COBOKYMHOCTM C NEPBbIM, U
METOo/ibl OIHOMEPHOIO OLleHUBAHUA MHPOPMATUBHOCTM HE CNIOCOBHbI 3TO onpeaennTb. Ha
PUCYHKe crnpaBa rnokasaHa Bbl60pKa, Ha KOTOPOW OAHOMEPHbIE METOAbI OLLEHKM
MH(POPMATMBHOCTM paboTatoT eLlé Xy)Ke. B aToM cnyyae, ecnv cnpoeunpoBaTb BbIGOPKY Ha
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oCb abcumMcc UM opanHaT, TO 06beKTbI KNTAacCOB NepeMeLlatoTcs, U B 060MX cllydyasix AaHHble
6yayT COBEepLUEHHO Hepa3aenumMbl. U, cornacHo nto60My U3 onmncaHHbIX METOAO0B, 063
npusHaka HeuHbopMaTHBHbI. TeM He MeHee, eCNIN UCMONb30BaTb UX OLHOBPEMEHHO, TO,
HanpumMep, peluatoLLiee fePEBO MOXET UAEANTbHO PELLUUTb AaHHYHO 3ajady Knaccudukaumm.

anIMepZ BnusHue pOCTa u BeCa rnpu npegckasaHnm BepoATHOCTU cepaeyHOoro 3aboneBaHus.
MN36bITOYHbIN BEC MOXKET ABNATLCS BaXXHbIM d)aKTOpOM, HO OLUEHNTDb ABJIAETCA /1IN OH
N36bITOYHbIM UK HOPMaJibHbIM MO>XHO TOJIbKO 3HaA POCT NnavuneHTa.

v YXXapgHbin oT60p NPU3HaKOB

YXapgHble MeToAbl 0T60pa NPU3HAKOB, MO CyTW CBOEW, ABNSAIOTCA HaACTPONKAMM Haf
MeTofaMu 06y4eHust Mmogenein. OHM nepebupatoT pasfiMyHble NOAMHOXECTBA NMPU3HAKOB U
BbIGMPAIOT Te U3 HUX, KOTOPOE AaeT Hauydllee KauyecTBo onpeaenéHHon Moaeny MalwmnHHOro
06yyeHus. [laHHbIV NpoLecc yCTPOEeH crefdytoLimMm o6pa3omM. O6ydeHne MoAenmn cuMTaeTcs
YepHbIM ALLMKOM, KOTOPbI Ha BXOA NPUHMMAET UHPOPMALIUIO O TOM, Kakue U3 ero NpusHakos
MOXHO UCMONIb30BaTb NPU 06y4eHMUM MOJENN, 06y4aeT Mojiesb, U Aasblie KaKUM-TO METOA,0M
OLIeHMBAEeTCA KayecTBO Takoi MOAENM, HanpuMep, No OT/IOXKEHHOMN BbIGOPKeE UK Kpocc-
Banuaauun. Takum o6pasom, 3agada, KOTopyr He06X0AMMO PelnTb — 3TO ONTUMU3aALUS
byHKUMOHaNa KayecTsa MoZieNiv Mo NOAMHOXECTBY MPU3HAKOB.

MonHbIA Nepebop

S = {Sl ' Sn} — MHOXECTBO BCEX NPU3HaKOB
0 {S}-{S} 15,5} 1S,5,}-1S,S }

(5,8}, { ~ } {S~S)

v

2" — oueHb MHOrO
SKCMOHEHLManbHan GyHKLMSA

CaMblit NPOCTOM CNOCOo6 peLleHns gaHHOM 3agadn — 3TO NOJIHbIN Nepebop Bcex
NOAMHOXECTB NPMU3HaKOB U OLeHMBaHWe KayecTBa Ha KaxAoM nogmMHoxectse. UTorosoe
NOAMHOXECTBO — TO, Ha KOTOPOM Ka4yeCTBO MOZENMN Hauyyllee. ATOT Nepebop MOXHO
CTPYKTYpPMpPOBAaTb M NepebupaTtb NOAMHOXECTBA NOCc/eA0BaTeNbHO: CHavarsa Te, KOTopble

https://colab.research.google.com/drive/1PGKY3vX4uOoNOmYY-fn4Wkcanly99BM_#scrollTo=PL2Bh_0zEY-t 28/91



07.12.2021, 16:36 L04_Feature_Engineering.ipynb - Colaboratory
UMeT MoLWHOCTb 1 (Habopbl 3 1 Npu3Haka), NT0TOM Habopbl MOLLLHOCTM 2, U Tak Aanee. 3To
NnoAaxo4 0YeHb XOPOLUWIW, OH HaUAEeT ONTUMasibHOE NOAMHOXECTBO NPMU3HAKOB, HO NMPU 3TOM
OY€Hb CJIOXHbIN, MOCKONbKY BCEro TaknX NOLMHOXECTB 2d, rae d — unucno npusHakos. Ecnu
NPU3HAKOB MHOIO — COTHU U/IN TbICSAAYM, TO TaKOW Nepebop HEBO3MOXKEH: OH 3aMET CJIMLLKOM
MHOr0 BpeMeHU, BO3MOXXHO, COTHU NET unu 6onblue. [10aToMy Takon MeTog NoaxoanT oo
Nnpu He6ObLLIOM KONIMYECTBE NPU3HAKOB, TN60 eCNn N3BECTHO, YTO MHDOPMATUBHbIX
NMPU3HaKoB O4YeHb Maso, eAUHULbI.

XapgHoe pob6aBneHue

QA

(s}
OYHKUMA OWKBKHK

He ynyJwaeTcs

{S.S}
17 17
* 00
{SS S}
117 12 1K
i i i i i i >
S S S S
i1 iz 13 Ig
Ha kaxpom ware gobasngaem HOBbIN NPU3HaK, TOYKa OCTaHOBKW
KOTOpPbIA Hanny4dwm obpasom ankorpuTMa

MUHUMUSNPYET OYHKUMHO OLWMBKN

Ecnu e Nnpu3HaKoB MHOIO U U3BECTHO, YTO MHOTUE U3 HUX MH(DOPMATUBHbI, TO HYXXHO
NPUMEHATb XXaJHYt0 cTpaTernto. XXagHasa cTpaTerus UCnosnb3yeTcs BCeraa, Koraa nosHbli
nepe6op He NOAXOAUT ANA pelleHus 3aaadvn. Hanpumep, MoXXeT okasaTbCsl HEM0XOoM
cTpaTerus xagHoro HapalmeaHusa ()kagHoro fo6asneHus). CHavana HaxoaAuTcs OAuH
MpW3HaK, KOTOPbI laeT Hausydllee Ka4ecTBO Mofenu (HarMeHbLLYHo owmneKy Q):

i1 = argminQ(i).
Torza MHOXeCTBO, COCTOsILLEE U3 ITOrO NPU3HaKa:
J1 =11

Hanbue K 3TOMY MHOXXECTBY ,D,O6aBI'IF|eTCF| eLlie oAnH NpuU3HakK Tak, YTOObl KaKk MOXHO
CujibHeEE YMEHDbLWNTDb OLIJVI6Ky Mozaesnu:

’i2 = argminQ(il, ’L), J2 = ’il, iz.
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ﬂ,anee Kaxxabln pas ,D,O6aBﬂﬂeTCﬂ no oAHOMY NMpuU3Haky, o6pa3y+0Tcs1 MHOXXeCTBa J3, J4, N
Ecnn B KaKkON-TO MOMEHT HEBO3MOXHO p,06aBVITb HOBbIN NPU3HaK Tak, YTOObI YMEHbLWUTb
OLUVI6Ky, npouenypa oCctaHaBJZINBaeTCA. XXagHocTb npoueanypbl 3aKJIlO4YaeTCA B TOM, YTO KakK
TOJIbKO KaKoM-TO NpuU3HaK rnonagaeT B oNnTuMasibHOE MHOXECTBO, €ro HeJib3da OTTyAa yAaalnTb.

Feature selection

Model-based and sequential feature selection

Sequential Feature Selection for Regression

import joblib
import sys

sys.modules|[ 'sklearn.externals.joblib'] = joblib

1 import pandas as pd

2 from mlxtend.feature_selection import SequentialFeatureSelector
3 from sklearn.linear_model import LogisticRegression

4 import warnings

5 warnings.filterwarnings('ignore")

sfs = SequentialFeatureSelector(LogisticRegression(max_iter=1000),
k_features = 8, # number of features to select
cv=5) # determines the cross-validation splitting strat

O 00 N O

10 sfs.fit(X_train,Y_train)

11

12 df = pd.DataFrame.from_dict(sfs.get_metric_dict()).T
13 df.head(df.shape[0])

feature_idx cv_scores avg_score feature_names ci_bound std_dev
[0.7972027972027972,

1 (5,) 0.8111888111888111, 0.787876 (Sex=female,) 0.0376565 0.029298
0.753...

[0.7972027972027972,
2 (2,5) 0.8041958041958042, 0.792111
0.767...

(SibSp,

_ 0.0329145 0.0256086
Sex=female)

[0.8251748251748252, (Pclass, SibSp,

3 (0,2,5) 0.8041958041958042, 0.797705 _ 0.0380767 0.0296249
Sex=female)
0.774...
[0.8251748251748252, (Pclass, SibSp,
4 (0,2,3,5) 0.8041958041958042, 0.800522 Parch, 0.0330311 0.0256993
0.774... Sex=female)

1 import matplotlib.pyplot as plt
2 #produce errorbars

3 plt.errorbar(np.arange(1, 9),

4 df['avg_score'],
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5 yerr=df['std_err'])
6 plt.title('Error bar')
7 plt.xlabel('Features idx'")
8 plt.xticks(np.arange(1, 9), df["feature_idx"], rotation=90)
9 plt.show()
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OnuncaHHbIN Bbllle NOAX0A AOBOJIbHO ObICTPbINA: B HEM CTONIbKO UTEpPaLuMii, CKOIbKO
NPU3HaKoB B BblI6OpKe. HO NMpy 3TOM OH C/IULLKOM XXaZHbli, NnepebupaeTcs CAULIKOM Maso
BapMaHTOB U Mbl MOXXEM OKa3aTbCsl B MJI0XOM /I0OKanbHOM TOYKe. Mpoueaypy MOXHO
YCNOXHUTb. OAMH U3 NOAXOA0B K YCOXHEHUIO — 3To anroputmM ADD-DEL, KoTopbI He TONbKO
Ao6aBNsAeT, HO M yaanseT NpU3HakyM U3 ONTUMaNIbHOro MHOXXeCTBa. ANrOPMTM HauMHaeTcs C
npoueaypbl XXagHoro go6asneHnss. MHOXeCTBO NPU3HaAKOB HapallMBaeTCs 40 Tex nop, noka
nosly4aeTcs YMEHbLUMTb OLLMOKY, 3aTEM NPU3HAKM XKa4HO YAANAKTCS U3 NOAMHOXECTBA, TO
€CTb NepebuparoTcs BCe BO3MOXHbIE€ BapuaHTbl yaaneHns NpuaHaka, oLeHMBaeTCs oLwmbKa 1
yaanseTcs ToT NPpU3HaK, KOTOPbIV MPUBOAMUT K HaMb0bLLUEMY YMEHbLUEHUIO OLLIMOKKN Ha
BblOOpKe. 3Ta npoueaypa noBTopsieT fobaBneHne u yganeHne NnpusHakoB 40 TeX Nop, Noka
yMeHbluaeTcst owmnoka. Anroputm ADD-DEL BCE ele KaaHbIN, HO MNPy 3TOM OH MeHee XaAHblIi,
4yeM npeablayLni, NOCKONbKY MOXET UCMPaB/IATb OLMOKK, CAeNaHHble B Hayane nepebopa:
ecnu BHavane 6bin fobaBneH HemHOOPMaTMBHbIN NMPU3HAK, TO Ha 3Tane yganeHust oT Hero
MOXHO U36aBUTbCS.

Q A
{ S } HeTt Bo3moxHoOCTKM gobuTeca
yyuweHua GyHKUUM OWKGKKU nyTem
S } A0BABNEHWNA HOBLIX NPU3HAKOB
i iz

{S
{S,S..S.}

S P YaaneHue NpraHakos

HeT BO3MOXHOCTW SOOUTLCA
YAYYLWEHNA GYHKUWKW OWNOKI Ny Tem

]:{ Si ,Sl SI } ]/{S} YOaneHna HOBbIX NPU3HAKoB

3aHoBO NepexoanM
K A0BABNEHWIO HOBbIX MPU3HAKOB

J-1/48S
r

Ju{f
Jotfi,. g N{sm}

Yepenyem nepuogsl

nobasnennn | yaaneHus HeT BO3MOXHOCTW YNYYLWNTE GYHKUMIO
MpU3HaKos OWWBKW HA NyTEM YAANEHNS, HW NyTeM
[06aBNeHNUA HOBbIX NPUSHAKOB
! ! ! ] ] ! ! ! ‘ ‘ ] ! >
1 2 3 n n+1 n+2 n+3 m

TOYKa OCTAHOBKW anroputMa

1 sffs = SequentialFeatureSelector(

2 LogisticRegression(max_iter=1000), # represents the classifier

3 k_features = 8, # the number of features you want to select

4 forward=True, # means that sffs will select the features.

5 floating=True, # means that sffs will select the features.

6 verbose=0, # means that no progress will be printed

7 scoring="accuracy', # means that the selection will be decided by the accur:
8 cv=5) # means that dataset will be split into 5 folds and all the features v
9

10 sffs.fit(X_train.values,Y train) #performs the actual SFFS algorithm
11 df = pd.DataFrame.from_dict(sffs.get_metric_dict()).T
12 df.head(5)
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feature_idx cv_scores avg_score feature_names ci_bound std_dev

[0.7972027972027972,
1 (5,) 0.8111888111888111,  0.787876 (5,) 0.0376565 0.029298
0.753...

1 #produce errorbars

2 plt.errorbar(np.arange(1, 9),

3 df['avg_score'],

4 yerr=df['std_err'])

5 plt.title('Error bar')

6 plt.xlabel('Features idx")

7 plt.xticks(np.arange(1, 9), df["feature_idx"], rotation=90)
8 plt.show()
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v OT60p NPM3HAKOB Ha OCHOBE MoAenNemn

Mcnonb3oBaHue BeCcoOB NMPU3HaKOB

Bo MHorux mogensx (eg NMMHenHbIX) nepea nNpu3Hakamu cToAT Beca. Ecnv npusHakm
MacLTabupoBaHbl, TO BeCa Npu Npu3Hakax MOXXHO MHTEPNPETUPOBaTh Kak
MHbOPMaTUBHOCTU: YeM GOJIbLLE MO MOAYIO BEC NPU NPU3HaKe 7, TeM 60/bLUMI BKNAg, 3TOT
Nnpu3HaK BHOCUT B OTBeT Mogenun. OQHaKo ecniv Npu3HaKku He MacTabnpoBaHbl, TO TakK
ncnonb3oBaTb Beca yXe Henb3sA. Hanpumep, ecnu ecTb ABa NpU3HaKa, u 0AuH No Maclutaby B
1000 pa3 MeHblLUe Apyroro, TO BEC NEPBOro Npn3HaKa MoXeT 6biTb 04eHb 60/bLLMM, TONbKO
YTOO6bI MPU3HAKN BbINN OAMHAKOBbLIMU MO MacliTaby. Ecnn Heo6xoauMo 06HYNUTb Kak MOXHO
60/bllUe BECOB, YTOObI IMHENHAA MOAENb yYMTbiBana To/bKO Te MPU3HaKK, KoTopble Hanbonee
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Ba)KHbl A1 Hee, MOXKHO Mcnosib3oBaTb L1-perynspusauyuto. Yem 6onblue KoahPULMEHT npu
L1-perynsipusatope, TeM MeHbLLEe NPU3HaKOB 6yAeT UCMO/Ib30BaTb JIMHEHAs MOAENb.

PaccMoTpuM 310 Ha npumMepe JInHenHoro knaccndmnkatopa KOTopbli Mbl KOHCTPYMPOBaK Ha
2-M 3aHATUMN.

=w0x0+wlx1+ e WX

n-1""n-1
0
=1x]1 +2x0 —1x4 —2x0 = -3
4
CkansipHoe npouseegeHune np. dot(W, X.T)
-2
X

LogisticRegression

1 1r = LogisticRegression(max_iter=1000)

2 1lr.fit(X_train,Y_train)

3

4 df = pd.DataFrame(lr.coef_[0], X_train.columns, columns=['Coef'])
5 df.head(df.shape[©@])
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Coef

Pclass -0.537567
Age -0.011014
SibSp -0.303730
Parch -0.107775

sqrt_Fare 0.110567

Sex=female 1.345819

Sex=male -1.337264

Embarked=S -0.204194

Embarked=Q -0.131684

Embarked=C  0.213304

Cabin_num 0.002712
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from sklearn.feature_selection import SelectFromModel
# 1. A SelectFromModel instance selects the features
# whose coefficients are non-zero when the feature is included in the model.
# 2. The LogisticRegression instance runs the logistic regression
# algorithm on the training data.

#selecting features based on importance weights
1r_selector = SelectFromModel(LogisticRegression(max_iter=1000))
1r_selector.fit(X_train, Y_train)

SelectFromModel (estimator=LogisticRegression(max_iter=1000))

Cabin char=n -0.393624

1 X_train.columns[lr_selector.get support()] # Get a mask of the features selected

Index([ 'Pclass', 'Sex=female', 'Sex=male', 'N_cabins', 'Cabin_char=F",

'Cabin_char=E",
dtype="object’

)

'Cabin_char=C', 'Cabin_char=G'],

1 1r_selector.transform(X_train) # select only relevant features

array([[1., 0., 1.,
[2., .
[3., 0., 1.,

()
-

=
-

[3., O.,
[1., 1.
[1., 0., 1.,

=
-

® R
- -

from sklearn.ensemble

-
()

import

-
()
-

0.],

., 0., 0.1,
., 0., 0.1

RandomForestClassifier

rf = RandomForestClassifier(n_estimators=500)

1
2
3 # select features with RFC
4
5
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6 rf_selector = SelectFromModel(rf)

7 rf_selector.fit(X_train, Y_train) # Fit it on the training data
8

9 X_train.columns[rf_selector.get_support()]

Index([ 'Pclass', 'Age', 'sqrt_Fare', 'Sex=female', 'Sex=male', 'Cabin_num'], dtype=

4

v OT60p NPU3HAKOB - 3TO TOXKE BbIGOP rMneprnapmMeTpoB

Hukorpga He OT6VIpal7ITe NMPU3HaAKM Ha TOM Xe Ha6ope OaHHbIX, Ha KOTOPOM TECTUPYETECH.
NHave noJsiy4ynTe 3aBblllEeHHOE Ka4yeCTBO Ballen moaenu

v [Mpumep 06y4yeHns Ha 60NbLLIOM Yncie 6eCcnosie3HbIX NMPU3HAKOB

CreHepupyeMm criegywiunm gatacer.

Y Hac ecTb nNo 500 naumeHToB, 60/bHbIX M 3a40poBbIX. [Nns kaxaoro nasectHo 100000
C/yyalHbIX 6UHaAPHbIX NPU3HAKOB. YTo 6yAeT, eCnu Mbl NOMPOCUM Hally MOAESb HAay4YNTbCA
OTAENNATb 340POBbIX OT 6ONbHbIX?

from sklearn.metrics import roc_auc_score, average precision_score, accuracy_score

pat_cnt = 500 # patients
snv_count = 100000 # all features(binary)

genes = [f"SNP{ind}" for ind in range(snv_count)] # features names

# Generate 2 data sets, healthy and diseased patients.
# Each data set is a binary vector of length “snv_count’,
10 # in other words a SNV count vector of length 100000.

12 genes = [f"SNP{ind}" for ind in range(snv_count)]

13 healthy = pd.DataFrame(np.random.choice([0,1],

14 size=(pat_cnt, snv_count)),

15 columns=genes)

16 # We add a “State” column, indicating whether it's healthy or diseased.
17 healthy[ 'State'] = "H"

18 diseased = pd.DataFrame(np.random.choice([0,1],

19 size=(pat_cnt, snv_count)),
20 columns=genes)

21 diseased['State'] = "D"

22

23 patients = pd.concat([healthy, diseased], axis=0)
24

25 # We drop the State column to get a "X and a 'Y matrix.

26 X = patients.drop("State", axis=1)
27 Y = patients['State']
1 X.head()
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SNPO SNP1 SNP2 SNP3 SNP4 SNP5 SNP6 SNP7 SNP8 SNP9 SNP10 SNP1l1l SNP12 S

0 0 1 0 1 1 0 1 1 0 0 0 1
1 1 1 0 1 0 1 1 1 0 0 0 0
2 1 1 0 1 1 1 1 1 1 0 0 0
3 0 0 1 1 1 1 0 1 0 1 0 0
4 1 1 0 1 0 0 0 1 1 0 1 0

5 rows x 100000 columns

v be3 oT6bopa Npu3HaKoB

O 00 NOUVT B WN R

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31

# 1. Split the data into train and test sets

X_train, X_test, Y_train, Y_test = train_test_split(X,
Y== "D",
test_size=0.3,
random_state=42)

# 2. Train a logistic regression model on the train set
model = LogisticRegression(max_iter=1000)
model.fit(X_train, Y_train)

# 3. Predict the probabilities for train and test sets
# 4. Calculate ROCAUC and PRAUC scores for the prediction of train and test sets
# 5. Compare the performance of the model on train and test sets using the scores

Y_train_pred = model.predict proba(X_ train)[:, 1]

train_rocauc = roc_auc_score(y_score=Y_train_pred, y_true=Y_train)
train_prauc = average precision_score(y_score=Y_train_pred, y_true=Y_train)
train_accuracy = accuracy_score(y_pred=Y_train_pred > 0.5, y true=Y_train)
print("Train quality:")

print(f"ROCAUC : {train_rocauc:.02f}")

print(f"PRAUC : {train_prauc:.02f}")

print(f"Accuracy: {train_accuracy:.02f}")

# Test

Y_test_pred = model.predict_proba(X_test)[:, 1]

test_rocauc = roc_auc_score(y_score=Y_test pred, y true=Y_test)

test_prauc = average_precision_score(y_score=Y_test_pred, y_true=Y_test)
test_accuracy = accuracy_score(y_pred=Y_test pred > 0.5, y true=Y_test)
print("\nTest quality:")

print(f"ROCAUC : {test_rocauc:.02f}")

print(f"PRAUC : {test prauc:.02f}")

print(f"Accuracy: {test_accuracy:.02f}")

Train quality:
ROCAUC : 1.00
PRAUC : 1.00
Accuracy: 1.00

Test quality:
ROCAUC : ©0.53
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PRAUC : ©0.52
Accuracy: 0.51

Mogaenb nieanbHO Bblyuunna faHHble 06y4eHus], HO ¢ TecToM 6efa (KakK U A0HKHO 6biITb)

v C HenpaBWbHON NpoLieaypon oT6opa NpU3HaKoB

Boabmem Te Nnpu3HaKy, gna KOTopbiX CpeaHAA pa3Hula and 60NbHbIX U 30POBbIX
MaKcuMarsnbHa. 3aMeTbTe, Mbl laXe He MCMNOoJ1Ib3yeEM 4HEero-To CUIbHO CJZTOXKHOTO.

1# 1. Take the mean of all the reads for each gene in healthy

2 # and each gene in diesised.

3 # 2. Subtract the mean number of reads for each gene in diesised
4 # from the mean number of reads for each gene in healthy.

5

6 diffs = X[Y == "H"].mean(axis=0) - X[Y == 'D'].mean(axis=0)

7 # 3. Look at the top k most different genes

8 # by sorting the values in the resulting array from largest to smallest.
9 top = np.abs(diffs).sort_values(ascending=False)[0:10]
10 genes = top.index
11
12 # Print the gene names of the top k genes.
13 print('Genes’, genes)
14
15 # Select X
16 X_selected = X[genes]

Genes Index(['SNP56353', 'SNP26824', 'SNP96875', 'SNP15941', 'SNP6580', 'SNP73450',

'SNP21071', 'SNP82829', 'SNP5949', 'SNP92766'],
dtype="object")

n NMOCMOTPUM, Ha Ka4eCTBO MO EJIN

# 1. Split the data into train and test sets

X_train, X_test, Y_train, Y_test = train_test split(X_selected,
Y == "D",
test_size=0.3,
random_state=42)

# 2. Train a logistic regression model on the train set

model = LogisticRegression()

model.fit(X_train, Y_train)

O 00 NOUVT D WN R

=
(W)

# 3. Predict the probabilities for train and test sets
# 4. Calculate ROCAUC and PRAUC scores for the prediction of train and test sets
# 5. Compare the performance of the model on train and test sets using the scores
Y_train_pred = model.predict proba(X_ train)[:, 1]
train_rocauc = roc_auc_score(y_score=Y_train_pred, y_true=Y_train)
train_prauc = average_precision_score(y_score=Y_train_pred, y true=Y_train)
train_accuracy = accuracy_score(y_pred=Y_train_pred > 0.5, y_true=Y_train)
print("Train quality:")

18 print(f"ROCAUC : {train_rocauc:.02f}")
https://colab.research.google.com/drive/1PGKY3vX4uOoNOmYY-fn4Wkcanly99BM_#scrollTo=PL2Bh_0zEY-t
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19 print(f"PRAUC : {train_prauc:.02f}")

20 print(f"Accuracy: accuracy {train_accuracy:.02f}")

21 # Test

22 Y_test_pred = model.predict_proba(X_test)[:, 1]

23 train_rocauc = roc_auc_score(y_score=Y_test pred, y_ true=Y_test)

24 train_prauc = average_precision_score(y_score=Y_test_pred, y_true=Y_test)
25 train_accuracy = accuracy_score(y_pred=Y_test _pred > 0.5, y_true=Y_test)
26 print("\nTest quality:")

27 print(f"ROCAUC : {train_rocauc:.02f}")

28 print(f"PRAUC : {train_prauc:.02f}")

29 print(f"Accuracy: accuracy {train_accuracy:.02f}")

Train quality:

ROCAUC : 0.74

PRAUC : 0.73

Accuracy: accuracy 0.66

Test quality:
ROCAUC : 0.67
PRAUC : 0.66
Accuracy: accuracy 0.61

BHe3anHo, KayecTBO Ha TecTe BbIMAAUT pa3dyMHbIM. [la, He 04eHb KNacCHOe, HO eCTb. A
LLO/KHO 6bITb COOTBETCTBYIOLLIEE C/TyYANHOW MOZENN - MPU3HAKKU-TO C/yYaWHble.

[leno B TOM, YTO Mbl U3HaYasIbHO Bbi6pany Te NPU3HaKK, KOTopble paboTanm XOPOLLO Mo
CNyYyanHbIM NMPUYMHAM HA BCEM HalleM UCKYCCTBEHHOM AaTaceTe, @ He Ha TOJIbKO Ha TpewHe.

v C npaBuibHOM NpoLeayporn oTbopa Npu3HakoB

1 #Split the data into train and test sets (with two sizes)
2 X_train, X_test, Y _train, Y test = train_test split(X selected,

3 Y == IIDII,
4 test_size=0.3,
5 random_state=42)

6 # split again
7 X_trainl, X train2, Y_trainl, Y _train2 = train_test split(X_train,

8 Y_train,
9 test _size=0.8,
10 random_state=42)

OT6MpaeM NpusHaKu Ha OJJHOM JaTaceTe

1# 1. Find the difference between the mean expression

2 # of the genes

3 # 2. Sort the resulting list according to the difference in means

4 # (from greatest difference to least)

5 # 3. Take the top K genes and return them

6

7 diffs = X_trainl[np.logical _not(Y_trainl)].mean(axis=0) - X_trainl[Y_trainl].mean(axis:
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8 top = np.abs(diffs).sort_values(ascending=False)[0:10]
9 genes = top.index

O6yL|aeM Mojeslb Ha BTOPOM

1 model = LogisticRegression()
2 model.fit(X_train2[genes], Y_train2)
3 Y_train_pred = model.predict proba(X_ train2)[:, 1]

TecTupyem Ha TpeTbeMm

1Y _test_pred = model.predict_proba(X_test)[:, 1]

2 train_rocauc = roc_auc_score(y_score=Y_test_pred, y_true=Y_test)

3 train_prauc = average_precision_score(y_score=Y_test_pred, y_true=Y_test)
4 train_accuracy = accuracy_score(y_pred=Y_test_pred > 0.5, y true=Y_test)
5 print("Test quality:")

6 print(f"ROCAUC : {train_rocauc:.02f}")

7 print(f"PRAUC : {train_prauc:.02f}")

8 print(f"Accuracy: accuracy {train_accuracy:.02f}")

Test quality:
ROCAUC : ©.55
PRAUC : 0.56
Accuracy: accuracy 0.51

~ 3ajada NOHMXXeHUN pa3MepHOCTH

YacTo Mbl XOTUM [aHHble U3 NMPOCTPaHCTBO BbICOKOW pa3MepPHOCTH npeo6pasoBaTb B
NMPOCTPaHCTBO 6onee HN3KOWN, C CoXpaHeHnemM ogHOro Ui HECKOJIbKUX CBOWCTB, HarpuMep:

e 06BHEKTbI PEKOHCTPYMUPYIOTCA 06paTHO NOYTH 6E3 OLLMOKMU
* paccTosiHue MeXAay 06 beKkTaMmn COXpaHAEeTCs.

3ayeMm 310 HYXKHO? 10 MHOMMM NPUYUHAM:

1. MHOrve anropuTMbl NOKasbIBaloOT Ce6S NI0XO Ha MPOCTAaHCTBAaX 60J1bLLON pa3MepPHOCTH
B NpuHUune (MPOKNSTbe pasMePHOCTH).

2. HeKOTOpre - MPOCTO 6yp,YT 3Ha4YnUTEJIbHO OOJIblUE pa6OTaTb, npun 3TOM Ka4yeCcTtBO UX
pa6OTbI HEe UBMEHUTCA OT YMEHbLUEHNA PAa3MEPHOCTMU.

3. MoHMXeHne pa3aMepHOCTM MO3BOJISIET UCMOJIb30BaTb NaMATb 6onee 3PHEKTUBHO U
noaaBaTb MOAENN Ha 06y4yeHMe 3a OaMH pa3s 60/iblie 06 bEKTOB.

4. [loMmoraeTt NoHUXXeHue pa3MEPHOCTU U n36aBuTCS OT LyMa, KaK Mbl 060y,EI,VIM Oanblie.

5. 3apava BM3yannsaumm - XoueTcs B3rNsAHYTb Ha HalK 06beKTbl, a genaTb 310 B 100-
MepHoM nnn 100000-mepHOM NpOCTPaHCTBE HEY[06HO.
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6. YoaneHue BbI6pOCOB - B MPOCTPAHCTBAX MeHbLLE pa3sMEPHOCTU MOXEM UX YBUAETb

rnasamu, onAaTb Xe.

7. MoxeM yBuaeTb 3aKOHOMEPHOCTU B JAHHbIX - YTO OHU OblOTCA Ha AABHblE Knactepa u 1a.

v Manifold assumption

MOHATHO, YTO NPK 3TOM Mbl 6yieM TepsiTb YacTb MHOPMaL MK 06 06bekTax. Ho Mbl cunTaem,
YTO MpPU NPaBUJIbHbIX HACTPOIMKAX anropuTMa NoHMKEHUA pa3MepHOCTH, NoTepU byayT

HEe3Ha4YnTaJibHbl.

YTO HaM NMo3BONSAET 3TO AenaTb - Mbl npepgnosiaraem, YTo Halwn gaHHble Ha CaMOM [erne
NeXxxaTt B NMpPpOoCTpaHCTBE MEHbLUEM, YHEM MPOCTPAHCTBO UCXOAHbLIX MPU3HAKOB.
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B 60nbLUMHCTBE CrlyYaeB 3To AEUCTBUMTENBHO NpaBaa. Hanpumep, nuua nogen gaxe Ha
doTorpadusax 300x300, 04EBUAHO, NEXKAT B MPOCTPAHCTBE MEHbLLEN PAa3MEPHOCTHU, HEXENN

90000. Begb He kaxxgasa matpuua 300 Ha 300, 3anonHeHHast KAKUMKU-TO 3HadYeHussMun ot 0 o 1,

0acT HaM M306pa>KeHv|e yesioBeKa
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i
~ PCA (MeTog rnaBHbIX KOMMOHEHT)

AHanus rnaBHbIX KOMIMOHEHT - MPOCTENLLUN JINHENHDbIA METO[ CHMXKEHUS pa3MEpPHOCTH,
onucaH lNupcoHom B 1901 roay.

e Pearson K. On Lines and Planes of Closest Fit to Systems of Points in Space.
Philosophical Magazine 2. 1901; 559-572.

= win
CyLLI,GCTByeT HECKO/bKO CMoco60oB CCI)OpMyﬂVIpOBaTb 3ajavy Mmetofa riiaBHblX KOMIMOHEHT:

* yepes MaKCMMM3aLMIO AUCTIEPCUU;

* yepes anmnpoKCMMaLMIO AaHHbIX TIMHENHbIMU MHOTO06pasuaMM MeHblLLIen pasMepHOCTH;

e yepes NpUBAMNKEHNE MaTpuLbl C paHroMm k;

* yepes NoCTPOEHUS AS1St AaHHOW MHOrOMEPHOM C/ly4YaiHON BETMYMHBI OPTOrOHAsIbHOIO
npeo6pas3oBaHMs KOOPAMHAT, B pe3y/ibTaTe KOTOPOro KOppensauumn Mexay oTaebHbIMM
KoopAuHaTaMu 06paTATCA B HyJb.

MoHW)XeHue pasMepHOCTH MaTpuyHas 3anucb

McxogHble NprsHaky: Xij’ D WTYK

D TpeGosanne: WTW =1

D
_ _ T
Zijkz?yikxikkzlxikwkj

HoBble npusHaku: Zii’ d WITYK

NHerHbIA Nnogxon:

Torpa X = ZW

Z.=

Hogele 1
MPU3HaKK k

Mo

L X Z =XW' 5 .
]Vv.lk ik 3apava: || X — ZW ||?*—min z,w

Bknap vexogHoro k-ro McxogHble
NpU3HaKa B HOBbIM l—ﬁ NPU3HaKK

v MaKkcumMunsauus aucnepcum BbiI6opKu Nocsie NoHMXeHNsi pa3sMepHOCTU

CaMbli NPOCTON MEeTOZA B3rnsifa Ha MeTOA raBHbIX KOMMOHEHT 3aKJ/104aeTCsl B CrefyoLLeM:
nycTb UMeeTCs BbIGOPKA, MOKa3aHHasi Ha PUCYHKeE HWXKE, U TpebyeTcsl BblGpaTb NPsSIMYHO, Ha
KOTOPYHO MOXHO 6yAeT NpoeumnpoBaTh 3Ty BbIGOPKY, MAKCMMU3MPOBAB MpPU 3TOM AUCMEPCUIO
CMpOEeLMPOBaHHbIX AaHHbIX.

N nencTBTUTENDBHO, YeM 6OMbLLE ANCNEPCUst BbIGOPKK MOcie NMPOeLupoBaHus Ha NpsIMyto, TeM
6onblUe coxpaHsaeTcsa MHbopMauuu.

KpacHas npsimas B 3ToM cny4dae 6yaeT nepBoi KOMMOHEHTOoN.HacTb BbIGOPOYHOM AUcnepcuu,
nexalwiast BAOJb rNMaBHOW KOMMOHEHTbI (He 06513aTeNIbHO NepBOit) Ha3blBAETCSt 06 bSCHEHHOM
aucnepcuei (explained variance)
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3eneHas, neprneHAMKynspHas e n 06bACHSAOLLAA OCTaBLLYHOCS AUCNEPCUIO - BTOPOM
KOMIMOHEHTOM

Tak Kak JaHHble Y Hac BOO6LLEe ABYMEPHbIE, TO 60sblle KOMMOHEHT He 6yaeT. Mbl MOXeM
nepenTyn Tenepb B NPOCTPAHCTBO C ABYMS KOMIMOHEHTAMW, NMPY 3TOM MNoTepb MHbOpMaLMKM He
NPON30oMAET, HO KOOPAUHATHbIE OCU B HOBOM NPOCTPaHCTBE 6yayT HE3aBUCUMbI, YTO NMOPOW
TOXe NonesHo. A MOXeM 0CTaBUTb TOJIbKO NepPBYHO OCb, Toraa nHhopMaLumio Mbl MOTepsAEM,
HO rnaBHasi YacTb COXpPaHMUTCA.

MakcuMmusauua gucnepcum

60 | | |

40
T 2w X'Xw, — max w
=1 ‘

Yem bonblue,
| TeM BbllWe Aucnepcua sbibopku

-20

_40 -

_60 | | | I
-60 -40 -20 0 20 40 60

B 6onee MHOIroMepHbIX CliydaaX KOMIMOHEHT 6y,u,eT 6onbLUe - BNIOTb A0 pa3MepPHOCTU
MCXOOHOIo rNnpocCTpaHCTBa. Kaxpas cneayrouiad KOMIMOHEHTa 6yp,eT nepneHgnkKynapHa
npegobigywimM n npun 3Tom 0O6BACHATb MEeHbLLEe ancriepcuun, 4Hem no6as N3 HUX.

MonesHoi MHbopMaLnen aBnseTca KoagppuumeHT o6bsicHeHHOM ancnepcun (explained
variance ratio) rnaBHOM KOMMOHEHTbI. OTOT KO3DPULNEHT ABNSETCA OTHOLLEHUEM MEXIY
Ancriepcuen rnaBHOM KOMMOHEHTbI U CYMMOW AUCTEPCUI BCEX MMaBHbIX KOMMOHEHT. OH
yKasblBaeT A0/ BbI6GOPOYHON AUCTIEPCUU, KOTOPas NEXUT BAOMNb OCU KaXXAOW rnaBHOWM
KOMIOHEHTbI.
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import numpy as np

import pandas as pd

import matplotlib

from matplotlib import pyplot as plt
from sklearn.decomposition import PCA
import sklearn as sklearn

import matplotlib.patches as mpatches
matplotlib.style.use('ggplot')
%matplotlib inline

# function for plotting principal components
def plot_principal_components(data, model, scatter=True, legend=True):

W _pca = model.components_
if scatter:
plt.scatter(datal:,0], data[:,1])
plt.plot(data[:,0], -(W_pca[0,0]/W_pca[@,1])*data[:,0], color="c")
plt.plot(data[:,0], -(W_pca[1,0]/W_pca[l,1])*data[:,0], color="c")
if legend:
c_patch = mpatches.Patch(color="c', label='Principal components")
plt.legend(handles=[c_patch], loc='lower right')
# to better visualization:
plt.axis('equal')
limits = [np.minimum(np.amin(data[:,0]), np.amin(data[:,1]))-0.5,
np.maximum(np.amax(data[:,0]), np.amax(data[:,1]))+0.5]
plt.x1im(limits[0@],limits[1])
plt.ylim(limits[@],limits[1])
plt.draw()

# function for vector plotting
def plot_components_vector(ax, data, vector, color, label="", delta=0.5):

limits_x = [np.min(data[:,0])-delta, np.max(data[:,0])+delta]
limits_y = [np.min(data[:,1])-delta, np.max(data[:,1])+delta]

if np.fabs(vector[1l]) > 1le-5:
if np.fabs(vector[@]) > 1le-5:

X = np.arange(*limits_x, 0.1)
y = X * vector[1]/vector[0]

else:
y = np.arange(*limits_y, 0.1)
x = np.full like(y, ©)

else:
X = np.arange(*limits_x, 0.1)
y = np.full_like(x, ©)

ax.plot(x, y, color=color, label=label)
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ﬂ,ﬂﬂ TOrO, YyTObbI cemMJinpoBaTb MHOIropasmepHoe HopMaJibHOe pacnpenesieHne, MoOXXHO
Mcnonb3oBaTb CI)yHKLl,I/II-OZ

np.random.multivariate_normal(mu, covariance_matrix, size=500)

* MU - BEKTOP CPeAHMX 3HAaYeHUI (LLEHTP KOJTOKONA);
e covariance_matrix - MaTpuua KoBapuauuu,;
* size - pasmep CEMMNINPOBAHHON BbIGOPKMW.

# let's sample data from multivariate normal distribution with covaraince matrix C
fig, ax = plt.subplots(1l, 1 , figsize = (8, 4))

1
2
3
4
5mu = np.zeros(2)

6 C_simple = np.array([[4,0],

7 [e0,2]11)

8

9 data_simple = np.random.multivariate_normal(mu, C_simple, size=300)
10 ax.scatter(data_simple[:,0], data_simple[:,1], alpha=0.5)

11 plt.axis('equal’)

12 plt.show()
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Kak Mbl BUAMM, AaHHble pacrpefeneHbl B COOTBETCTBMM C ABYMEPHbIM pacnpegenieHmem. A
TaK KaK 3HauyeHus MaTpuLbl KOBapuauuy BHe AMaroHany paBHbl HYJIH0, TO KOPPENsLumn Mexay
nepeMeHHbIMU HET, NO3TOMY rpaduK He NOBEPHYT.

[aBaiiTe nonpo6yemM ero NnoBepHyTb. 18 3TOro HaM He06XOANUMO HaNTU KOBapPUALIMOHHYHO
MaTpuLy C HEHYNEBbIMU 3HAYEHUAMM BHE AMaroHanu.

Tak kak MaTpuua X 7 X Bceraa nonoxuTenibHO NoayonpegeneHa (To ecTb COGCTBEHHbIE
3Hauenus) > 0 (8 camom gene wl X7 Xw = (Xw)T Xw > 0) n cummeTpuuHa (ssnsetcs

9pPMUTOBOI), TO HEO6XOAUMO NPOCTO NofAo6paTh noaxoasLmi X. MycTb 310 6yaeT

1 1 1 1 1 2
X = Torpa: XTX = 0 = 3
0 3 0 3 1 3 3 9
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CreHeHpupyeM flaHHble C TaKOM KoBapuaLMoHHON MaTpuULIEN:

fig, ax = plt.subplots(1l, 1 , figsize = (8, 4))

mu = np.zeros(2)

[3, 91D

data_angle = np.random.multivariate_normal(mu, C_angle, size=300)
ax.scatter(data_angle[:,0], data_angle[:,1], alpha=0.5)

10 plt.axis('equal’)

11 plt.show()

1
2
3
4
5 C_angle = np.array([[2, 3],
6
7
8
9

—-15 =10 -5 0 5 10 15

Kak Mbl 3HaeM, TeOpeTU4YeCcKne NCTUHHbIE MMaBHble KOMMNOHEHTbI paBHbl COGCTBEHHbBIM
BEKTOpaM KOBapuaLMOHHOW MaTpuubl. [JaBanTe NOCTPOMM Ha HalMX rpad@urKax CO6CTBEHHbIE
BEKTOpa KOBapMaLNOHHOW MaTpuLbl U KOMIMOHEHTbI, KOTOPblE HAM BbIAACT B Ka4ecTBe
cBoero oteeta anroputm PCA us 6uénmnotekn sklearn.

1A noncka CO6CTBEHHbIX 3HAYEHUN MOXHO UCMONb30BaTb yHKLIMIO
np.linalg.eig(C)
Ons PCA pasnoxeHus dyHKLUIo

sklearn.decomposition.PCA

BHumaHue! Attention! Achtung!

e np.linalg.eig Bo3BpaLLaeT BTOPbIM 3HAYEHMEM MaATPULYy COOCTBEHHbIX BEKTOPOB, B
KOTOpOW CO6CTBEHHbIE BEKTOPA PacronoXeHbl No ctonbuam, T.e. V[, il ecTb
COGCTBEHHbIN BEKTOP COOTBETCBYIOLMM i-My COOCTBEHHOMY 3HAYEHMUIO.

e B T0 e BpemMs B none knacca PCA PCA.components_ nexatT BeKTopa rnaBHbIX
KOMMOHEHT, KOTOpble pacrnonaratoTcs TaM NocTpoyHo (n_components, n_features)
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import scipy
eigen_values_simple, eigen_vectors_simple =
eigen values_angle, eigen vectors_angle =

eigen_vectors_simple =
eigen_vectors_angle = eigen_vectors_angle.T
eigen_values_simple

array([4., 2.])

eigen_values_angle

array([ ©.89022777, 10.10977223])

# PCA
pca_simple = sklearn.decomposition.PCA()
pca_simple.fit(data_simple)

pca_angle = sklearn.decomposition.PCA()
pca_angle.fit(data_angle)

# Let's compare it

eigen_vectors_simple.T

L04_Feature_Engineering.ipynb - Colaboratory

np.linalg.eig(C_simple)
np.linalg.eig(C_angle)

print('simple PCA components:\n', pca_simple.components )
print('simple true components:\n', eigen_vectors_simple)

print('*" * 80)

print('angle PCA components:\n', pca_angle.components_)
print('angle true components:\n', eigen_vectors_angle)

simple PCA components:
[[-0.9995119 ©.03124045]
[-0.03124045 -0.9995119 ]]

simple true components:

[[1. ©.]
[0. 1.]]

>k 3k 5k 3k >k >k 5k 3k >k >k ok 5k >k >k ok 5k >k >k 5k 3k >k >k 5k 3k >k >k 5k 5k >k >k ok 5k >k >k 5k 5k >k >k 5k 5k >k >k 5k 5k >k >k 5k 5k >k >k 5k 5k >k >k 5k 5k >k >k 5k 5k >k >k 5k 3k >k >k 5k 3k >k >k 5k ok >k %k ok ok >k k ok ok

angle PCA components:
[[-0.32670469 -0.94512647]
[ ©.94512647 -0.32670469]]

angle true components:
[[-0.93788501 ©0.34694625]
[-0.34694625 -0.93788501]]

O6paTtute BHUMaHMe, 4To PCA ynopsigounBaeT CO6CTBEHHbIE BEKTOPA. DTO 3HAYUT YTO

COB6CTBEHHbDIN BEKTOP COOTBeTCTByI'OU.LVIVI rMaBHOM KOMIMOHEHTE COOTBETCTBEHHO UMEIOLLLEN

MaKCMaJibHYIO ANUCNEePCUro 6yp,eT HaxXoOouTbCA B HepBOVI CTpPOKe. 9TUM 06bsICHAETCA

pa3HuLla BO BTOPOM CJly4dae.

1

2 fig, (ax1, ax2) = plt.subplots(1, 2 , figsize

3

https://colab.research.google.com/drive/1PGKY3vX4uOoNOmYY-fn4Wkcanly99BM_#scrollTo=PL2Bh_0zEY-t
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4 axl.scatter(data_simple[:,0], data_simple[:,1], alpha=0.2)

5 plot_components_vector(axl, data_simple, eigen_vectors_simple[@], 'g', 'True component
6 plot_components vector(axl, data_simple, eigen_vectors_simple[1l], 'g', 'True component
7

8 plot_components vector(axl, data_simple, pca_simple.components [@], 'r', 'PCA component
9 plot_components vector(axl, data_simple, pca_simple.components [1], 'r', 'PCA component
10
11 s=15; axl.set(xlim=(-s, s), ylim=(-s, s))
12 ax1l.legend()
13
14 ax2.scatter(data_angle[:,0], data_angle[:,1], alpha=0.2)
15 plot_components_vector(ax2, data_angle, eigen_vectors_angle[0], 'g', 'True component 1'
16 plot_components_vector(ax2, data_angle, eigen vectors_angle[l], 'g', 'True component 2'
17
18 plot_components_vector(ax2, data_angle, pca_angle.components [@], 'r', 'PCA component 1
19 plot_components_vector(ax2, data_angle, pca_angle.components_[1], 'r', 'PCA component :
20 ax2.legend()
21 s=15; ax2.set(xlim=(-s, s), ylim=(-s, s))
22 plt.show()
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[
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Tue component 1
Tue component 2
PCA component 1
PCA component 2
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15 -

[
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_l:] -
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-15

Tue component 1
Tue component 2
PCA component 1
PCA component 2
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KaKBbIBMAMTe3eﬂeHHeKOMHOHeHTH(MCTMHHHerﬂaBHHeKOMﬂOHeHTH)ﬂOﬂyquHHe
pa3noxxeHnem KOBapMaLLMOHHOVI MaTpuLbl Ha COB6CTBEHHbIE BEKTOpa OT/INYaKTCA OT KPpaCHbIX
KOMTIOHEHT, KOTOpble OblnIn nosly4eHHbl BbIHUCIIEHNEM PCA Ha gaHHbIX. 3TO HeyaAnBUTEJIbHO,
N60 faHHble 6bIn creHepupoBaHbl CTaTUCTUYHECKMN. Ecnu Bbl 6yp,eTe yBENYNBATb pa3Mep
CFeHepMpOBaHHOVI BbI60pKVI, TO CO BpeMeEHEM pa3pelleHnAa 3KpaHa CTaHEeT HEAOCTAaTO4YHO AJiA
0T06pa)KeHMF| pa3HuLbl Mexay PCA u peanbHbIMN KOMIMOHEHTAMMN.

v [lpnmep ¢ TuTaHMKOM

YT06bI NOHATb Kak Ucrnonb3oBaTb PCA Ha NpakTUKe HalleM N1laBHble KOMMOHEHTbI /1S
Aataceta Titanic 1 NOCMOTPUM, Kak pacnpenenntcsa Mexay HUMu Ancrepcus.
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B mogyne PCA, nocne fit MOXHO nonyuyuTb explained variance ratio nocpegcteomM
obpalleHns K Nonto explained_variance_ratio_, a explined_variance nocpeacteom

ob6pallleHns K Nonto explained_variance_ .

v bBes cTaHaapTusaLmm

1
2
3
4
5

#1

# 2. Pre-processing the data and creating a feature set
# 3. Splitting the data into training and test data and labels

fea

. Importing the data from the .csv

tures = prepare_data(dataset)

L04_Feature_Engineering.ipynb - Colaboratory

6 X_train, X test, Y train, Y test = train_test split(features, dataset["Survived"], test

1
2
3

4 titanic_pca.fit(X_train) # fitting our PCA model with the training data.
#calculating the explained variance of each of the components.
6 evr

5

7
8
9
10
11
12
13

ns rpad)MKa HE COBCEM MOHATHO, CKOJIbKO KOMIMOHEHT 6paTb, pe3Ko aAonsd 06BACHAEMOMN
Oncrnepcnn MeHAeTCcAa B pa17|0He 5-KOMMOHEHTDI. |_|OCMOTpVIM, CKOJIbKO KOMIMOHEHT HY>XHO

imp

# performing PCA with default number of principal components.

tit

ort sklearn

anic_pca = sklearn.decomposition.PCA()

= titanic_pca.explained_variance_ratio_

# We are plotting the explained variance ratios.

plt.
plt.
plt.
plt.
plt.

Variance

bar(range(evr.shape[0]),evr)
title('Variance by components')
xlabel('Components"')
ylabel('Variance"')

show()

07 -
06 -
05 -
04 -
03 -
02 -
01 -
0p - M———
0

Variance by components

1:3 15 2:2-
Components

-

Moaenu
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1# 1.The first thing we do is to fit a PCA model to the training set

2 # of the Titanic dataset with n components from 1 to 10.

3 # 2.We then fit a logistic regression model to the transformed training data
4 # and make predictions on the transformed test set.

for i in range(1, 11):
pca = sklearn.decomposition.PCA(n_components=i)

6

7 titanic_

8 titanic_pca.fit(X_train)
9

10 X _train_reduced = titanic_pca.transform(X_train)
11 model = LogisticRegression(max_iter=1000)
12 model.fit(X_train_reduced,Y_train)

14 X_test_reduced = titanic_pca.transform(X_test)

16 # prints the number of PCA components and the score

17 # for the corresponding model.
18 print("%i first components %.2f" % (i, model.score(X_test reduced,Y test)))

first
first
first
first
first
first
first
first
first

VLW OoOONOUVULDS WNEER

components
components
components
components
components
components
components
components
components

OO OO0

.61
.62
.68
.68
.75
.78
.78
.79
.79
10 first components 0.79

fABHO BUAUM, YTO Y>XXe nepsBbiX 7 KOMMNOHEHT AOCTaTOYHO A/ AOCTMXEHUNA KadyecTBa, KOTOpoOEe

panee He MEHAETCA. I'quemy >XXe Mbl BUAUM CHUMXXEHUE YyXKe Mocsie 2 KOMMNOHEHTbI?

Mbl 3a6bInn caenaTb CTaHpapTu3auuro Hallnx AaHHbIX.

B Hawem paTtacete nepemMeHHble UMEKDT COBEPLUEHHO pa3Hble MacLTabbl - U3-3a 3TOro YacTb

N3 HUX "nepeTerarmBaeT" Ha cebs BCHO AUCNEPCULOD.

B pesynbTaTte no gosie gucrnepcumn 4yero-nmMéo CyanTb O BaXXHOCTU KOMMNOHEHT HEJTb3A.

v (Co cTaHgapTusaumen

Coenaem npegBapuTeNibHO CTaHAAPTU3ALMIO

1 # First, we import the StandardScaler module.
2 from sklearn.preprocessing import StandardScaler

3

4 # Next, we create a StandardScaler object called scaler by calling the

5 # StandardScaler() function.
StandardScaler()

6 scaler =
7
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8 # We then fit the scaling model to our training data.

9 X_train = scaler.fit_transform(X_train)

10

11 # We transform your test set by applying the same scaling model.
12 X_test = scaler.transform(X_test)

1 # performing PCA with default number of principal components.

2 titanic_pca = sklearn.decomposition.PCA()

3 titanic_pca.fit(X_train) # fitting our PCA model with the training data.
4 #calculating the explained variance of each of the components.

5 evr = titanic_pca.explained_variance_ratio_

# We are plotting the explained variance ratios.
plt.bar(range(evr.shape[0]),evr)
plt.title('Variance by components')

10 plt.xlabel('Components")

11 plt.ylabel('Variance')

12 plt.show()

O 00 N O

WVariance by components
0.200

0175
0150
0125

0100

0.075 -

0.050 -

- T

0000 - ™ : : I.--—
0 5 15

10
Components

Variance

20

Terlepb BNAUM, YTO HE TOJIbKO NnepBble ABe KOMIMOHEHTbI Aat0T BK/1a[. JT10 nponcxoanT
NMOTOMY, YTO NepeMeHHbIe C 60NbLINM AnanasoHOM 3HaAYeHUN He 3abmBatoT OCTasIbHbIE.

MpaBAa, Tenepb ¥ 3HAYMMOro crnaja B [o/1e 06bACHAEMON AUCNEPCUN Mbl JIONTTO HE BUAUM -
NMoTOMY BCTaeT BOMPOC, KakK Bbl6paTb YNC/I0 KOMMOHEHT TakK, YTO6bl B3ATb HY)XXHOE 1 OTCeYb
HEeHY)XXHoe

v Kak BbI6VIpaTb onTnMmasibHoe YNCJTO KOMIOHEHT

CkayaeMm pgaTtacert, Ha KOTOPOM MNOHWXEeHNe pasMePHOCTU BUAHO 6onee ABHO.

B naHHOM faTaceTe XpaHATCA Npu3Haku (HaM ceivac He BaXXHO, Kakue), XxapakTepusyLine
npumepHo 8000 kNeToK KpoBM.

1 !'wget https://kodomo.fbb.msu.ru/FBB/year_20/scRNAseq_CITEseq.txt -0 scRNAseq CITEseq.t>
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--2021-12-07 13:26:02-- https://kodomo.fbb.msu.ru/FBB/year_20/scRNAseq_CITEseq.txt
Resolving kodomo.fbb.msu.ru (kodomo.fbb.msu.ru)... 93.180.63.127

Connecting to kodomo.fbb.msu.ru (kodomo.fbb.msu.ru)|93.180.63.127|:443... connected.
HTTP request sent, awaiting response... 200 OK

Length: 17128751 (16M) [text/plain]

Saving to: €‘scRNAseq_CITEseq.txt’

scRNAseq_CITEseq.tx 10@%[===================>] 16.33M 4.25MB/s  in 3.8s

2021-12-07 13:26:07 (4.25 MB/s) - ‘scRNAseq_CITEseq.txt’ saved [17128751/17128751]

1 # 1. Reading in the scRNAseq data.

2 scRNAseq = pd.read csv('scRNAseq CITEseq.txt',sep="\t")
3

4 X_scRNAseq = scRNAseq.iloc[:,0:-1] # features

5 Y_scRNAseq = scRNAseq.iloc[:,-1] # labels

6

7 # 2. taking the log of the data.

8 X_scRNAseq = np.log(X_scRNAseq + 1)

9 print(f'dataset shape: {scRNAseq.shape}"')

dataset shape: (8617, 977)

I'Iop,6mpaTb YNCJTO KOMMOHEHT MOXXHO MOo-pa3HOMY
v [lo pone o6bACHAEMON Ancnepcun

YacTo 6epyT MMHUMaNbHOE YNC/I0 KOMMOHEHT, KoTopoe 06bsAcHAeT 95% aucnepcun. MNogxoa,
04YeBUHO, MOPOYHbIi (a novyemy He 90% nnu 99%), 3aTo 6bICTPbIN )

# 1. We're calculating the explained variance ratio for
# each component of the PCA.
# 2. We're plotting these ratios in a chart.

from sklearn.decomposition import PCA
pca = PCA(n_components=X_train.shape[1l])
pca.fit(X_train)

O 00 NOUVT D WN R

ths = 0.95
total_explained = np.cumsum(pca.explained variance ratio )

B R R
N R e

plt.figure(figsize=(10,10))

[N
W

plt.plot(np.arange(1l, total_explained.shape[@] + 1), total_explained)
plt.axhline(xmin=0, xmax=1000, y=ths, c="red", ls="--")

chosen_number = np.where(total explained >= ©0.95)[0][0] + 1
plt.axvline(x=chosen_number, ymin=0, ymax=ths, c="red", ls="--")
plt.xticks(np.arange(1, X_train.shape[1]))

plt.ylabel('total sum of proportion of the explained variance')
plt.xlabel('Num of components', size = 14)

N R R R R R
® V00 N O W
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21
22 plt.show()

total sum of proportion of the explained variance

v 17 18 19 20

1 2 3 4 5 6§ 7 8 9 10 11 12 13 14 1
Num of comnonents

B3anun 15 KOMNOHEHT. [loyeMy MMeHHO CcToNbKO? MNoyemMy He 167

HenoHsaTHO. MpocTo n6o noctaBuaM Takon nopor. Mornv nocTaBuTb U APYron, n Toraa ool
B3AM 60/bLUE UM MEHbLLE KOMMOHEHT.

v [lo npaBuny nokra

MOXHO NMOCTPOUTDL Fpad)MK, OTpaXKarLWnx CKOJIbKO ancriepcunmn o6bACHSET KaXaad ns
KOMMOHEHT

N Ha ocHoBe rpadurka BblbpaTb HYXXHOE YMCII0 KOMIMOHEHT.
3anuncaTtb 3TO MOXHO Yepe3 CO6CTBEHHbIE 3HAYEHUS:

[lanee Mbl feiCcTBYeM MO "KPUTEPUIO KPYTOro ckyioHa" ("KpUTepuin NokTa") - XOTUM HalkTU
TaKyto KOMIMOHEHTY, YTO6bI 07191 06 bACHAMOMN €0 AUcnepcumn bbina pesko 6onbLie f0nu,
0O6DBACHSAEMON crepytoLen KOMMOHEHTON
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Npes noaxoaa npocTas - nepexofy oT KOMMOHEHT, 06bACHSOLWMX YTO-TO BaXXHOE B flaHHbIX K

KOMIMOHEHTaM, O6'bFICHFII-OLLI,I/IM LyMm, AOJDKEH COMPOBOXAATbCA PE3KUM CHMXXEHUEM 01N

o6bsACHAEMON ancnepcumn

Nnun, MOXHO ckasaTb MHaye - BblIGpaHHble HAMW KOMMOHEHTbI AOJ/IKHbI 6bITb YCTOMYMBBI K
A06aBNeHNIO LWyMa B AaHHble. EC/iv Mbl HalWn peskuii CKavyok B 40N 06bACHAEMOM

AMCrnepcumn, TO MaioBEPOSITHO, YTO Ao6aBieHMe LyMa 3TOT CKaYoK HUBENMPYET - Halll cnocob

0T60pa KOMMOHEHT YCTOSAYMB K LUYMY

B naeanbHom cnyyae rpadvk 6yaeT BbIrsAAeTb Kak-To Tak. HO NpakTUYeCcKM TakmMx CKJIOHOB

MOXET He 6blTb, MOXET ObITb HECKOJIbKO U T.4,.

[Jona o6bACHeHHOW ancnepcunm

T T

O 0O NGOV WN R

[ O = Y =)
A WNRO®

plt

=
N ooun

4.

plt.
plt.
.plot(np.arange(1l, n_comp + 1), explained)
plt.
plt.
plt.

NNOKTEBAA TOYKa

v

[ [
#1 H2 #3 H#H4 #5 H#H6 H7 #8 #9
KomMnoHeHTa

First, we create a PCA object that you fit to the training data.

. Then, we create a a scatter plot where we plot the explained

variance ratio as a function of the number of PCA components.

. We also plot the explained variance ratio as a function of the

number of components, but with a smooth curve.
Finally, we show the plot.

n_comp = X_train.shape[1]

explained = pca.explained_variance_ratio_

figure(figsize=(10, 10))
scatter(np.arange(1l, n_comp + 1), explained)

title('Dependence of variance on the number of components',size=14)
xlabel('Num of components', size = 14)
ylabel('proportion of the explained variance', size=14)
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18 plt.xticks(np.arange(1l, X_train.shape[1]))
19 plt.show()

Dependence of variance on the number of components

0175 -

0150 -

0125 -

0100 -

0avs -

proportion of the explained variance

0050 -

0025 -

0000 -

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Num of components

[MOHATb, KaKoe YNCITO KOMIMOHEHT CTOUT Bbl6paTb, N3 Takoro rpad)MKa CJTOXKHO. HaBepHo,
cTounTt Bbl6paTb nocniegHUM CKIIOH - 3TO O3HAYaeT, YTO Mbl BO3bMeEM nepsble 12 KOMMOHEHT.

MOXHO MPUMEHUTb KPUTEPUIA NIOKTSA M K HaLLeMy U3HavanbHoMy rpaduKy ¢ cyMMapHoOi fonein
06 BSICHEHHOW AUCNEPCUM - OMNSITb XKE, OKMAAEM CKayka. Ho TaM cKayok Takxe TpygHo
06HapY>XXnUTb

v [lepecTaHOBOYHbIN MeTOA
1) I'IepemeLUMBaeM 3Ha4YeHUA KaXKao0ro rpnusHaka.

2) MonyyaeM MaTpuLy NPU3HAKOB, KOTOPas He COAEPXUT HUKaKOoMN MHdopMaL M o
MaHudonge

3) Aenaem PCA

4) Nio6as explained variance - NnpocTo 13-3a NPMPOAbI AaHHbIX
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5) Oenaem Tak 100-1000 pas
6) MycTb Ha peanbHbIX JaHHbIX K-A KOMMNOHEHTa 06bACHAET N% AUCNEPCUN.

7) CMOTpKMM Ha pacnpegeneHve f4onu AUCrnepcun, 06bsCHIeMOon K-KOMMNOHEHTOW Ans
CNy4YalHbIX faHHbIX (MONyYeHHbIX NepeMeLLNBaAHNEM).

8) Moxxem CpaBHUTb U NMPUHATb peLueHne, 06bACHSAET NN k-7 KOMMOHEHTa YTO-TO peanbHOE,
Wi NpocCTo WyMm

1 import os

2 import tqdm

3 import matplotlib.pyplot as plt

4 import seaborn as sns

5 sns.set_style("whitegrid")

6 from scipy.stats import norm

7 from sklearn.decomposition import PCA

8

9

10 def shuffle dataset(dataset):

11 random_data = {}

12 for col in dataset.columns:

13 random_data[col] = np.random.permutation(dataset.loc[:, col].values)
14 random_data = pd.DataFrame(random_data)

15 return random_data

16

17 def get_variance_ by chance(dataset, n_replics, n_components):

18 variance_explained_by chance = np.zeros((n_replics, n_components))
19 for i in tqdm.tqdm_notebook(range(n_replics)):

20 if i % 100 == 0:

21 print(f"{i} iter")

22

23 random_data = shuffle_dataset(dataset)

24 random_pca = PCA(n_components=n_components)

25 random_pca.fit(random_data)

26 variance_explained_by_chance[i, :] = random_pca.explained_variance_ratio_
27 return variance_explained by chance

28

29 def get_pc_variance(dataset, n_components):

30 pca = PCA(n_components=n_components)

31 pca.fit(dataset)

32 return pca.explained_variance_ratio_

33

34 def plot_mean_and CI(ax, values, label, ci_ level=0.95, alpha_transparency=0.5, color_me
35 mean = values.mean(axis=0)

36

37 std = values.std(axis=0)

38 n = values.shape[1]

39 se = std / np.sqrt(n)

40

41 g_alpha = (1-ci_level) / 2

42 ci num = np.abs(norm.ppf(q_alpha, loc=0, scale=1))

43

44 1b = mean - «ci_num * se
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45 ub = mean + ci_num * se

46

47 # plot the shaded range of the confidence intervals

48 ax.fill between(range(mean.shape[0]), ub, 1b,

49 color=color_shading, alpha=alpha_transparency)

50 # plot the mean on top

51 ax.plot(mean, c=color_mean, lw=3, label=label)

52

53 def plot_explained_variance(ax, variance):

54 ax.plot(variance, label="real', 1lw=3)

55 ax.scatter(np.arange(®, variance.shape[@]), variance)

56

57 def plot_variance_ by change(ax, variance by chance):

58 plot_mean_and_CI(ax, variance_by_ chance, label='chance', color_mean='red', color_st
59

60 def calc _permutat pval(real values, permut_values, eps=None):

61 eps = eps or (1/(permut_values.shape[@] * 10))

62

63 p_values = np.zeros_like(real_values)

64 for i in range(@, p_values.shape[0], 1):

65 p_values[i] = (permut_values[:, i] >= real values[i]).mean() + eps
66 return p_values

67

68 def plot_explained_vs_chance(ax, explained_variance, variance_by chance, dataset_name,
69 plot_explained_variance(ax, explained_variance)

70 plot_variance_by change(ax, variance_by_chance)

71

72 ax.set _title(f'PCA {dataset_name}', size=35)

73 ax.set_xlabel("Component number", size=25)

74 ax.set_ylabel("Explained variance ration", size=25)

75 ax.set_xticks(np.arange(0, explained_variance.shape[0], step))

76 ax.set_xticklabels(np.arange(1l, explained_variance.shape[0]+1, step), size=20)
77

78 ax.tick_params(labelsize=20, size=10)

79 ax.set ylim(@, explained variance[@0] + 0.1 )

80 ax.legend(fontsize=20)

81

82 def plot_pval plot(ax, p_values, dataset_name, alpha_level = 0.05, logscale=True, step:
83 if logscale:

84 p_values = -np.logl@(p_values)

85 alpha_level = -np.logl@(alpha_level)

86

87

88 ax.set_title(f"PC significance, {dataset_name}", size=35)

89 ax.plot(p_values, 1lw=3)

90 ax.scatter(np.arange(®, p_values.shape[@0]), p_values, lw=3)

91

92 ax.set xlabel("Component number", size=25)

93 ax.set_ylabel("-log(pvalue + eps)", size=25)

94 ax.set xticks(np.arange(@, p_values.shape[@], step))

95

96 ax.set xticklabels(labels = np.arange(l, p_values.shape[@]+1, step), size=20)
97 ax.tick params(labelsize=20, size=10)

98

99
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ax.hlines(y=alpha_level, xmin=0, xmax=p_values.shape[@], color="red", linestyles="¢

def pca_analysis(ax1l, ax2, dataset, title, n_components = None, n_replics = 1000, step:

n_components = n_components or dataset.shape[1l]

explained_variance = get_pc_variance(dataset, n_components)

variance_by chance = get_variance_by chance(dataset, n_replics, n_components)
p_values = calc_permutat_pval(explained_variance, variance_by chance)
plot_explained_vs_chance(axl, explained_variance, variance_by chance, title)
plot pval plot(ax2, p_values, title)

1f, (axl, ax2) = plt.subplots(2, 1)

2 f.set_figheight(20)

3 f.set_figwidth(20)

4 pca_analysis(ax1l, ax2, pd.DataFrame(X_train), "Titanic", n_replics=10, n_components=10)
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ABHO BMOMM, 4TO cOrnaceHo 3TOMY noaxoAay, Hago B3ATb 6 KOMMOHEHT.
N\

v Bknag ncxogHbix NPUM3HaKoOB B KOMIMOHEHTDI

Mbl MOXeM TaK)XXe NOCMOTPETb, KaKne Npmn3Haku BHECJIN BKJ1a[ B KakKne KOMIMOHEHTbI

1 first_component = titanic_pca.components [9]

1 plt.figure(figsize= (10,10))

2

3 b = sns.barplot(x=first_component, y=features.columns, orient="h', hue=[ z < @ for z i
4 palette=[ 'blue’, 'red'])

5 b.legend_.remove()

6 plt.show()
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Pclass

Age

SibSp

Farch
sgrt_Fare
Sex=female
Sex=male
Embarked=5
Embarked=30
Embarked=_C
Cabin_num
M_cabins
Cabin_char=E6
Cabin_char=F
Cabin_char=A
Cabin_char=E

Cabin_char=_C

Nnn abcontoTHble BKnagbl

1 plt.figure(figsize= (7,7))

2

3 sns.barplot(x=np.abs(first_component), y=features.columns,

4 plt.show()

Pclass

Age

SibSp

Parch
sgrt_Fare
Sex=female
Sex=male
Embarked=5
Embarked=0
Embarked=C
Cabin_num
M_cabins
Cabin_char=6
Cabin_char=F
Cabin_char=A
Cabin_char=E
Cabin_char=C
Cabin_char=>G
Cabin_char=n
Cabin_char=D
Cabin_char=T
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Buaum, uto HanbonbluMIi BKa4 B ANCMEPCUIO BHOCAT Takue NpM3HaKK Kak Knacc naccaxwupa
M KJ1acC KabuHbI

v Ba)XHOCTb CTaHgapTM3auum

CreHepupyeM abCoOTHO CrlyYaiiHyro BbIGOPKY - B HEN HET HUKAKOMN BHYTPEHHEN CTPYKTYpbI.

Ho nycTb y Hac 5 Npu3HaKkoB, ONMCbIBAOLWMUX BblI6OPKY NPULLIIM U3 CTaHAAPTHOrO HOPMasbHO
pacnpefeneHus, a eLle ofuH - 6yaeT paBHOBEPOSATHO NPUHUMATbL 3HaYeHne 0 n 3

1# 1. Generate X with N rows and P columns using the normal distribution.
2 # 2. Make a new vector with a third element that's either @ or 3.
3 # 3. Append this vector to X, so that we now have a Nxp matrix.

4
5 np.random.seed(42)

6 N = 200

7P =5

8

9 X = np.random.normal(size=[N,P])

10 print('X before', X.shape)
11 X = np.append(X, np.random.choice([@, 3], size = [N,1]), axis = 1)
12 print('X after', X.shape)

X before (200, 5)
X after (200, 6)

1# 1. Fitting PCA to the data, and reducing it to 2 components

2 # 2. Transforming that data using the PCA to get the low-dimensional representation
3 # 3. Plotting it with matplotlib

4

5 pca = PCA(2)

6 low_d = pca.fit_transform(X)

N

plt.figure(figsize=(7,7))
8 plt.scatter(low _d[:,0], low_d[:,1])
9 plt.show()
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bes npe,u,BapMTeanon HOpMann3aunn Mbl NONYy4HNUNU ABa ABHbIX K/aCcTepa B AaHHbIX. Tonbko
BOT KJ1aCTeEPOB 3TUX MO naee ObITb He OOJDKHO

) “Fe Le

1# 1. Normalize the data

2 # 2. Take the output from the PCA function and assign it to our variable low_d
3 # 3. Plot the first two components of low d as a scatter plot.

4

5 Xs = StandardScaler().fit_transform(X)

6 low_d = pca.fit_transform(Xs)

7 plt.figure(figsize=(7,7))

8 plt.scatter(low d[:,0], low d[:,1])

9 plt.show()
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MNMocne cTaHfapTU3aLmm KnacTtepbl ucyeanu. NotomMy y Bac fOMXHbI 6bITb BECOMbIE
apryMeHTbl AN151 TOro, YTo6bl HE MPUMEHATb CTaHAAPTU3aLMIo UK APYron MeTog,
nepeBoOASALLMIN BallN faHHble B O4HY LWKany co cpegHum 0, nepen npumeHeHnem PCA

v [Mpumep ¢ RNA-Seq - HaxoxXaeHune BbI6GPOCOB
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3arpysum flaHHble 6MOSIOrMYECKOro aHanm3a nauneHToB C pakoM U 6e3 Hero.

B maHHOM cny4yae Halluu AaHHbIe y)Ke nNpeaBapuTesibHO 06paboTaHbl, MOTOMY

CTaHAapTM3aLuIo NPOBOAUTb He ByaeM

1 !wget https://kodomo.fbb.msu.ru/FBB/year_20/ml/rnaseq_data.tab -0 rnaseq_data.tab

®© VWO NO UV &~ WN R

ESSE VIR IR S I S T T

--2021-12-07 13:26:12-- https://kodomo.fbb.msu.ru/FBB/year_20/ml/rnaseq_data.tab
Resolving kodomo.fbb.msu.ru (kodomo.fbb.msu.ru)... 93.180.63.127

Connecting to kodomo.fbb.msu.ru (kodomo.fbb.msu.ru)|93.180.63.127|:443... connected.
HTTP request sent, awaiting response... 200 OK

Length: 310406843 (296M)

Saving to: ‘rnaseq_data.tab’

rnaseq_data.tab 100%[ ===================>] 296.03M 5.86MB/s in 49s

2021-12-07 13:27:02 (5.99 MB/s) - ‘rnaseq_data.tab’ saved [310406843/310406843]

1. First we import the pandas Python package.
2. Then we read in the file that contains the RNA-seq data.
The RNA-seq data is stored in a tab-delimited file (.tab extension),
which is why we use the read_table pandas method.
The read_table method is named this way because
it reads tab-delimited data by default.
We want to tell the read table method that the data is tab delimited,
that is why we supply the '\t' argument.
3. We want to tell the read table method that the first column
contains our sample IDs, which is the column with index .
We do this by telling it to use the index_col argument and
setting that equal to 0.
4. We don't actually need the header information in this specific file,
so we don't have to tell pandas to parse the header information.
5. We assign the RNA-seq data to an object named rnadata

rnadataset = pd.read table('rnaseq data.tab', index_col=0, header=None)

1 rnadataset.columns = list(rnadataset.columns[:-2]) + ["dataset”, "sample type"]
2 rnadataset.head()
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(2]

# We remove the dataset and sample type columns from the data frame and
# store the data frame in X
X = rnadataset.drop(labels=[ 'dataset', 'sample type'], axis=1)

# We store the dataset and sample type columns in the labels data frame
labels = rnadataset.loc[:, ['dataset', 'sample type']]

(o) N V2 B R VO R T ]

=

# Finding the top two principal components of the data
2 pca_decomposer = PCA(n_components=2)
3 pca_decomposer.fit(X)

PCA(n_components=2)

# Run PCA on the features
X_reduced = pca_decomposer.transform(X)

# Display a scatterplot of the transformed dataset
plt.figure(figsize=(8, 6))
plt.title('PCA plot', size=24)
plt.xlabel('PC1l', size=16)
plt.ylabel('PC2', size=16)
sns.scatterplot(x=X_reduced[:, 0],
y=X_reduced[:, 1],
hue=labels['sample type']);

PCA plot
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ﬂ,a»(e HE NMOHMMasn, YTO 3a NPpU3HaKN y HaC B KOJIOHKax, Mbl BUANM HECKOJIbKO NHTEPECHDbIX
BeLlen.

Bo-nepBbIX - CUHASI TOYKA Ha OPaHXXeBOM TEPPUTOPUN N OpaHXXEBAs Ha CUHEN - BUAUMO,
BbIOPOCHI.

KpOMe 9TOro Mbl BUAUM, 4YTO NOYEMY-TO Y HaAC eCTb 4 noyTn paBHOYyAa/EHHbIX KJ1aCTepa, Nno
ABa Ha paK 1 HOpMaJibHYIO TKaHb

1 # Run PCA on the features

2 X_reduced = pca_decomposer.transform(X)

3

4 # Display a scatterplot of the transformed dataset
5 plt.figure(figsize=(8, 6))

6 plt.title('PCA plot', size=24)

7 plt.xlabel('PC1', size=16)

8 plt.ylabel('PC2', size=16)

9 sns.scatterplot(x=X_reduced[:, 9],

10 y=X_reduced[:, 1],
11 hue=1labels[ 'sample type'],
12 style=labels[ 'dataset']);
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Bugmm, 4To B Npegenax faHHbIX O4HOro 3KCNepuMeHTa, pak 1 onyxosib pasfaenstoTcs XOpoLo.
Ho npu aToM AgaHHble MeXxay pa3HbIMU 3KCNEPUMEHTaAMM OT/IMYAOTCA TaK Xe, KakK U paK oT
OnyXoJu.

970T 3 peKT HasbiBaeTcA 6aT4-aPHEKTOM U FTOBOPUT O TOM, YTO HY>XXHO HOPMasiM30BbIBaTb
[laHHble B Npefenax aKCrnepmMeHTa Kaknm-To XUTpPbIM 06pasoMm, YTOObl HayYnTb MOAENb Ha
HOBbIX JaHHbIX OT/IMYaTb pak OT HOPMasibHOWM TKaHMW.

Taknm o6pasom, ¢ nomollbto PCA Mbl Hawm Bbi6pochl M apTedakT B AaHHbIX
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v [lpumep c nuuamm

PaccmoTpum kak PCA npuMeHsncs ansa peleHnsa npakTM4eckon 3agaydn: pacrnosHaBaHus

nmu*.

JataceT: Labeled Faces in the Wild

* Cenyac ans aToro ucnonbayroTces 6onee apdhekTUBHbIE anropuTmbl ucnonbaytowme CNN.

3arpy3um gataceT 1 pacnakyem ero Ha anck VM Colab
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import numpy as np

import os

from IPython.display import clear output

# http://conradsanderson.id.au/lfwcrop/ (LFWcrop Face Dataset, greyscale version)
# 1. Downloading the LFWcrop dataset from the website.

# 2. Unzipping the dataset from the downloaded file.

# 3. Opening the directory with the faces.

dir="1lfwcrop_grey/faces'

# http://conradsanderson.id.au/lfwcrop/ (LFWcrop Face Dataset, greyscale version)
lwget http://conradsanderson.id.au/lfwcrop/lfwcrop_grey.zip

lunzip lfwcrop_grey.zip

clear_output()

plt.rcParams['axes.grid'] = False
def show_faces(imgs, titles, h=64, w=64):
plt.figure(figsize=(16 , 4))
for i in range(min(imgs.shape[©0],5)):
plt.subplot(1, 5, i + 1)
plt.imshow(imgs[i].reshape((h, w)), cmap=plt.cm.gray)
plt.title(titles[i])

# Get first 1000 files

celebrity_photos=o0s.listdir(dir)[1:1001]

celebrity imgs=[dir+'/' + photo for photo in celebrity photos]

# Load iages from disk

imgs=np.array([plt.imread(img) for img in celebrity imgs], dtype=np.float64)

# Extract real celebrity name from file name
celebrity_names=[name[:name.find('0')-1].replace("_", " ") for name in celebrity_ photos
print(imgs[@].shape)

show_faces(imgs, celebrity names)
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(64, 64)

Carrie-Anne Moss Al Naimi . Kemal Dervis . Carlos Moya . Samantha Ledster
40
-~
MNpenobpaboTka faHHbIX: [peobpasyeM n3obparkeHns B BEKTOPa U LIEHTPUPYEM nX

5 o
5 o

78 & 03

1 # Stretch to vector

2 X = imgs.reshape(imgs.shape[0], 64*64)

3 print(X.shape)

4 mean = np.mean(X, axis=0)

5 # Center: substract mean

6 centered_faces = X-mean

7 plt.imshow(mean.reshape(64, 64), cmap=plt.cm.gray )
8 plt.show()

(1000, 4096)
h)

10

20

Hanpgem cob6CcTBeHHble BekTopa. AHanoruns ¢ GoTopoboToMm.

import sklearn

from sklearn.decomposition import PCA
#https://scikit-learn.org/stable/modules/generated/sklearn.decomposition.PCA.html
#n_components == min(n_samples, n_features)

# 1. Load the faces data.

# 2. Apply PCA.

# 3. Extract the principal components.

# 4. Reshape the principal components so that they have the right shape.
10 # 5. Display the reshaped principal components.

11

12 pca_faces = sklearn.decomposition.PCA() #1000x4096

13

14 pca_faces.fit(centered faces)

15 eigenfaces = pca_faces.components_

16 reshaped_eigenfaces = eigenfaces.reshape((1000, 64, 64))

1
2
3
4
5
6
7
8
9
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17 eigenface_titles = ["eigenface %d" % i for i in range(reshaped_eigenfaces.shape[0])]
18 show_faces(reshaped_eigenfaces, eigenface_titles)

eigenface 0 . eigenface 1 eigenface 2 eigenface 3 eigenface 4

5 o
5]

5 o
5 o
5 o
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0 20 40 60 0

BoccTtaHoBMM nuua ¢ ncnonb3oBaHnem n < 4096 KOMMNOHEHT

1 def create_embedding(img, n_components):

2 # Generate embedding for first image using only 10 first components
3 img = img.reshape(64*64) - mean

4 emb = np.dot(img,eigenfaces[:n_components].T) #(1,4096) * (4096,1)
5 #print(emb,emb.shape) # 10 - 500 numbers only!

6

7 # Recover image from embeding

8 recovered_img = np.dot(emb,eigenfaces[:n_components])

9 recovered_img += mean #shift by mean
10 return emb, recovered_img
11
12 # Shome images recovered from embeddings of various sizes

13 original_img = imgs[0]

14 titles = []

15 img_list = []

16 for n in [10,25,100,500]:

17 embedding, recovered = create_embedding(original_img, n)
18 img_list.append(recovered)

19 titles.append(f"Components {n}")

20 img_list.append(original_img)

21 titles.append("Original™)

22

23 show_faces(np.array(img_list), titles)

Components 10 Components 25 Components 100 Components 500 Original
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B naHHOM cny4yae TpeboBaHWE Ha OPTOrOHaNIbHOCTb KOMMOHEHT, Bblgensaembix PCA
haKTUyeeckn MelaeT Ham

v [Npo6nembl PCA

MHTepecHoe HanpaBieHMe B aHHbIX MOXET He coBnafaTb C HanpaB/eHMEM MaKCUManbHOWM
AMCNEPCUN.

PaccMOTpuM crnydai BbiIGOpPKM, KOTOpasi CreHepuMpoBaHa M3 ABYX BbITSHYTbIX HOPMasibHbIX
pacnpepeneHuii, Ybh OCHOBHbIE OCY HEOPTOroHasbHbI ApYr Apyry:

1Cl1l = np.array([[10,0],[9,0.1]])

2 mu = np.zeros(2)

3 # rotate second normal distrbution by 60 degrees

4 phi = np.pi/3

5 rotation = np.array([[np.cos(phi), np.sin(phi)],

6 [-np.sin(phi),np.cos(phi)]])

7

8 data_1 = np.random.multivariate_normal(mu, Cl, size=100)
9 data_2 = np.dot(data_1, rotation)

=
(W]

# generate data from two not orthogonal distributions

11 data = np.vstack([data_1,

12 data_2])

13

14 fig, ax = plt.subplots(1)

15

16 ax.scatter(data[:,0], data[:,1])

17

18 # plot real axis

19

20 plot_components_vector(ax, data, np.array([1l, ©]), color="green", label="Ideal componer
21 plot_components_vector(ax, data, [np.cos(phi), np.sin(phi)], color="green", label="Ide:
22

23 # plot PCA

24 model = PCA(n_components=2)

N
Ul

model.fit(data)
W_pca = model.components_

N NN
[o I N Ie))

plot components vector(ax, data, W _pca[@], color="red", label="PCA component 1")
plot components vector(ax, data, W _pca[l], color="red", label="PCA component 2")
s = C1[0, @] * 1.5

ax.set(xlim=(-s, s), ylim=(-s, s))

w w w w N
w N P OV

plt.legend()
plt.draw()

w
I
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15
—— ldeal component 1
10 — ldeal component 2
— PCA component 1
— PCA component 2
5
0
-5

¥ Bbi6paHHble 0ck MOTyT BoO6LLLEe He NOAXOAUTb A1 Hallen 3agaum

B nprmMepe HMXe Anucnepcum He OTpaXKatoT UHTEPECYHOLLMX HAaC HanpaB/ieHUI B f@HHbIX:

1 # function for plotting principal components
2 def plot_principal_components(data, model, scatter=True, legend=True):

3 W _pca = model.components

4 if scatter:

5 plt.scatter(datal:,0], data[:,1])

6 plt.plot(data[:,0], -(W_pca[0,0]/W_pca[@,1])*data[:,0], color="c")
7 plt.plot(datal:,0], -(W_pca[l,0]/W_pca[l,1])*data[:,0], color="c")
8 if legend:

9 c_patch = mpatches.Patch(color="c', label="Principal components')
10 plt.legend(handles=[c_patch], loc="lower right")

11 # for better visualization:

12 plt.axis('equal')

13 limits = [np.minimum(np.amin(data[:,0]), np.amin(data[:,1]))-0.5,
14 np.maximum(np.amax(data[:,0]), np.amax(data[:,1]))+0.5]
15 plt.xlim(limits[@],1limits[1])

16 plt.ylim(limits[@],limits[1])

17 plt.draw()

18
19 # function for vector plotting
20 def plot_components vector(ax, data, vector, color, label="", delta=0.5):

21 limits_x = [np.min(data[:,0])-delta, np.max(data[:,0])+delta]
22 limits y = [np.min(data[:,1])-delta, np.max(data[:,1])+delta]
23

24 if np.fabs(vector[1]) > 1le-5:

25 if np.fabs(vector[@]) > 1le-5:

26 X = np.arange(*limits_x, 0.1)

27 y = x * vector[1l]/vector[0]

28 else:

29 y = np.arange(*limits_y, 0.1)

30 x = np.full like(y, ©)

31 else:

32 X = np.arange(*limits_x, 0.1)

33 = np.full _like(x, ©)

34

35 ax.plot(x, y, color=color, label=label)

1# 1. create 200 points drawn from a multivariate normal distribution
2 # with a mean at (-2,0) and (2,0) and a covariance matrix of [[0.5,0],[0,10]].
3 # This is a simple linear transformation (scaling and rotation) of the
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e., the first eigenvector) in red

plot the second component (i.e., the second eigenvector) in green

the transformed data

# previous data.

# 2. create a PCA object with 2 components
# 3. fit the data to the PCA object

# 4. plot the first component (i.

# 5.

# 6. use the scatterplot to plot

C = np.array([[0.5,0],[9,10]])

mul = np.array([-2,0])
mu2 = np.array([2,0])

data = np.vstack([np.random.multivariate_normal(mul, C, size=100),
np.random.multivariate _normal(mu2, C, size=100)])

fig, ax = plt.subplots(1)

ax.scatter(data[:,0], data[:,1])
# train pca model, and plot main
model = PCA(n_components=2)
model.fit(data)

plot_components_vector(ax, data,
plot components vector(ax, data,

components

model.components_[@], color="red", label="PCA componer
model.components_[1], color="green", label="PCA compor

s = 15; ax.set(xlim=(-s, s), ylim=(-s, s))

ax.legend()
plt.show()

15

10

—-10

—-15
-15 =10

—— PLCA component 1
—— PCA component 2

OueBNgHO, YTO B JaHHOM Cllydae MeTo[ rnaBHbIX KOMMOHEHT 6yp,eT CUHNUTATb BEPTUKA/IbHYIO

KOMIMOHEHTY 6onee s3Ha4YNMOM aonda onncaHuA Ha6opa AaHHbIX, 4HEM NOPU3OHTAJIbHYHO.

Ho, HarnpuMmep, B Ciiyyae, Korga gaHHble U3 1eBOro U npaBoro KriacTtepa OTHOCATCA K pa3HbIM

Knaccam, ans ux JIMHENHOM pa3nennMMoCTn BepTuKasibHad KOMIMOHEHTA ABIAETCA LIJyMOBOl7I.

HeCMOTpﬂ Ha 9TO, €€ MeTo/, rMaBHbIX KOMMOHEHT HUKOr4a LIJYMOBOI7I He NMpuU3HaeT, N eCTb

BEPOATHOCTDb, YTO OT60p NMPN3HAKOB C €ro NoMoLubto BbIKUHET U3 BallUX AaHHbIX 3Ha4YNMble

nns peLuaeM017| BaMM 3aja4 KOMMNOHEHTbI MPOCTO NMNOTOMY, HTO BAOJIb HUX 3HAYEHUA UMEIOT

HU3KYIO ANUCNEPCUIO.
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CﬂpaBﬂﬂTbCﬂ C TaKUMKM CUTyaundaMmnU MOryT HEKOTOpPbIE Apyrme Metoabl yMEeHbLLUEHUA

pa3MepHOCTU AaHHbIX, HarNpuMep, MeToA, He3aBUCHUMbIX KOMMOHeHT (Independent Component
Analysis, ICA).

Hepoctatkn nuHenHoro PCA

Kak Mbl yBuaenu B npeablayLmx npumMmepax, 0ooivHbin PCA naneko He Bcerga pabotaet
Xopowo. B yacTHOCTU, MOryT 6bITb CUTYyaunmn, Korga noctpoeHHasa PCA npoekuus He faet
XOpoLlero pa3éueHnss 06bEKTOB Ha rpynnbl. 115 Habopa KapTUHOK C HanMCaHHbIMW OT pPyKu
umdppamu MNIST, PCA pacT Takon pesynbrart:

PCA on MNIST digits t-SNE on MNIST digits UMAP on MNIST digits

N W 3 N 0 ©
N W R U1 N 0 ©

N W s O O N 0 O

-
—_

o
o

Takxe 6bIBalOT CUTYaL MK, KOTAa ONTUMAsIbHO CNPOELMPOBATb HE HAa HEKOTOPYHO MIIOCKOCTD, a
Ha MHoroo6pasue (KpuBasi MJIOCOKCTb), Kak MOKa3aHO Ha KapTUHKE HUXe.

Variance

Method unexplaine
PCA 23.23%
SOM 6.86%

B AaHHOM Cliydae onTtuMasnbHO CcripoeynpoBaTb Ha S-o6pa3Hy+o KpuUBYHO.

B cBs13M C BblWeonncaHHbIMMK cnyyvyadaMm, HWXXe Mbl paCCMOTPUM 6onee CUNbHbIe MeTOobl.

~ Kernel PCA AapoBow (HeNMHeHbIN) MeTog, rMaBHbIX KOMMOHEHT
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Kak y>xe ynomMsiHanocb, UHOrga HeBO3MOXHO 3axBaTUTb BCIO MHPOPMAL MO JIMHENHOW
npoeKunen, XoTs KpMBasi MOBEPXHOCTb C TAaKOW e pa3MepHOCTbIO 3TO NO3BOJIAET caenatb.
OAHWMM M3 NOAXOA0B K PeLLleHUto JaHHOM NpobneMbl ABNSETCS 3afa4a NepeBoja Npu3HaKkoB B
HeNIMHEeNHOe NPOCTPaHCTBO.

v Kernel trick

Kernel Trick nséeraet sBHOro nepesoja HallMX NPU3HAKOB B NPOCTPAHCTBO HOBbIX MPU3HAKOB
- BeAb NPOCTPAHCTBA 6bIBAlOT OYEHDb 6OJbLUNE, @ HAaM 6bl XOTE/IOCb COKOHOMUTb NaMSATb
koMnbtoTepa. OkasbiBaeTcs, AN PCA He Ba)KHbl COGCTBEHHO NpPU3HaKN 06bEKTOB, @ BaXKHbl
CKansipHble NpoM3BeAeHUA MeXAy OObeKTaMMu.

W 370 cKansipHoe NpoMsBefeHNeM Mo3BOSISieT NOACUNTLIBATL HanpsaMyto dyHkuma k(x, x'),
KOTOPYHO YacTo HasbIBalOT S4P0M uaum sigepHoi pyHkuymei (kernel, kernel function)

bbiBatoT pa3Hble AApa, KOTOpPpble CHUTAKOT CKaJIAPHOE npon3eeaeHne B pa3HbiX

NpoCTpaHCcTBax
h(zje )
. k(mi,wj) = —e " -paananbHas 6asucHas dpyHkums (RBF)
z
e k(zi,z;) = (< z;,2; > +¢)%¢,d € R - nonHommansHoe aapo
o k(xi,z;) = o((< xi, x; >) -28po c dyHKUMe aKTUBaLMM
v [lpumep

1 #https://scikit-learn.org/stable/auto_examples/decomposition/plot_kernel pca.html
2 from sklearn.decomposition import PCA, KernelPCA

3 from sklearn.datasets import make_circles

4 np.random.seed(42)

# 1. Make_circles creates a data set of 400 points that form concentric circles with a
# 2. The factor parameter controls the size of the inner circles.

# 3. The noise parameter controls the amount of noise added to the data.

# 4. The result is a 360-feature dataset of concentric circles with gaps.

O 00 N O

10
11 X, Y = make_circles(n_samples=400, factor=.3, noise=.05)

Bosbmem pgBe KOHLUEHTPUYECKUNE OKPYXXHOCTHU

1 plt.figure(figsize=(5,5))

2
3 plt.title("Original space")
4 reds = Y ==

5 blues =Y ==1

plt.scatter(X[reds, 0], X[reds, 1], c="red",
s=20, edgecolor="k")

00 N O
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9 plt.scatter(X[blues, 0], X[blues, 1], c="blue",
10 s=20, edgecolor="k")

11 plt.xlabel("$x_1%$")

12 plt.ylabel("$x_2%$")

13 plt.show()

Original space
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06bIYHbIN PCA He MOXEeT 1x pasaenuTb

1 pca = PCA()

2 X_pca = pca.fit_transform(X)

3 plt.figure(figsize=(5,5))

4 plt.scatter(X_pca[reds, 0], X_pcal[reds, 1], c="red",

5 s=20, edgecolor="k")
6 plt.scatter(X pca[blues, 0], X pca[blues, 1], c="blue",
7 s=20, edgecolor="k")

8 plt.title("Projection by PCA")

9 plt.xlabel("1st principal component™)
10 plt.ylabel("2nd component™)

11 plt.show()
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Projection by PCA

[ ]
L]
10 .:-.-_r!':'!‘--i_
A BoT KernelPCA cnpaBnsetcs
- o . i . i'-_

1# 1. Create a PCA object to perform the PCA transformation
2 # using the RBF kernel (specified using kernel="rbf").
3 # Setting fit_inverse_transform=True. This will make the object use the
4 # transformed data from the first step when transforming new, unseen data points.
5 # 2. Let the PCA object fit and transform the data,
6 # then get the transformed data back.
7
8 kpca = KernelPCA(kernel="rbf", fit_inverse_transform=True, gamma=10)
9 X_kpca = kpca.fit_transform(X)

10

11 plt.figure(figsize=(5,5))
12 plt.scatter(X_kpca[reds, 0], X kpca[reds, 1], c="red",

13

s=20, edgecolor="k")

14 plt.scatter(X_kpca[blues, 0], X kpca[blues, 1], c="blue",

15

s=20, edgecolor="k")

16 plt.title("Projection by KPCA")

17 plt.xlabel(r"1st principal component in space induced by $\phi$")
18 plt.ylabel("2nd component™)

19 plt.show()

2nd component

Projection by KPCA
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1st principal component in space induced by ¢

X0Tsl, KOHEYHO, N BOCCTaHaBNMBaTb OH ByAET He nAaeanbHo - paboTan-To oH no ¢akTy B

npocTpaHcTBe 60/blUei pa3MePHOCTM U OCU CTPOUIT TaM

14# 1.
2 # 2.
3 # 3.
4 # 4.

The 'kpca' variable is a KernelPCA object that is initialized with 'n_components'
It then applies the kernel function specified in the 'kernel' variable and then 1
It then returns the transformed data.

Then we get the inverse transformation by simply calling "kpca.inverse_transform(®
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5 # 5. Finally, we plot the transformed data.

X_back = kpca.inverse_transform(X_kpca)

plt.scatter(X_back[reds, @], X_back[reds, 1], c="red",
s=20, edgecolor="k")

10 plt.scatter(X_back[blues, @], X back[blues, 1], c="blue",

11 s=20, edgecolor="k")

12 plt.title("Original space after inverse transform")

13 plt.xlabel("$x_1$")

14 plt.ylabel("$x_2%")

15

16 plt.tight layout()

17 plt.show()

O 00 N O

Original space after inverse transform
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Kernel PCA oBONbHO YyBCTBUTENEH K BbIOOPY A4 pa.

K npumepy, Ansi AaHHbIX, PaCrosIOXEHHbIX Ha TPEX OKPYXXHOCTSAX:

B 3aBUCUMOCTHU OT Bbl60pa A4pa Mbl 6y,u,eM noJsiydaTb COBEPLUEHHO pa3Hble 0To6pa>+(eHV|e B
cripamMnarowee npocTpaHCTBO:
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Radial Kernel (c=2)
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Radial Kernel (c=10)
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MeToabl, OCHOBaHHblE Ha COXpaHEHUN paCCTOﬂHMIZ
CyLLeCTBYIOT ¥ Apyrve MeToAbl MOHUXEHNUA pasMepPHOCTM B AaHHbIX. K npumepy, t-SNE u
UMAP.

OHu pewarT HEMHOIo MHa4ye rnocCTaBJIEHHYIO 3a4ady - U3 USMEPEHUA HOBOM pa3MepPHOCTU Mbl
He AOJDKHbI IErTKO NnepexoanTb B CTapoe U3MepeHune. B3ameH aToro Tpe6yeTcs=|, YTOObI
COXpPaHANUCD PacCCTOAHUA MeXay 06BbEKTAMM. ﬂpmqu, 0cob60e BHUMaHue yoenaetca
611U3KNUM pacCToAHUNAM. Lanekue xe MOryT HE COXPaHATbCA.

tSNE (t-distributed stochastic neighbor embedding)

Mpes cocToUT He B TOM YTO 6bl HaNpsAMy MaKCUMU3NPOBaTb AUCTIEPCUNIO, @ HAUTH TaKoe
NMPOCTPaAHCTBO B KOTOPOM PacCTOsiHME MeXy 06beKkTaMu 6yleT COXPaHSATbCS UM MO KpaiHe
Mepe He CUJTbHO MEHATbLCS.

MNpwn 3TOM 6yaemM 60Mblue 6ECMOKOUTLCA O PAaCCTOAHUN MEXAY 6IM3KUMN 06 EKTAMU, HEXENN
O PacCTOAAHUK MeXay AaNeKnMm

OnuncbiBaem pacCToAHNA B UICXOOHOM MNMPOCTPaHCTBE

ns MPOCTOTbI 6y,qu B Ka4yeCcTBE MCXOOAHOIo rNMpoCTpaHCTBa paccMaTpmnaTb 2mepHoe
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Cuutaem Bce
paccTosaHus

OT 3af,aHHOM TOUKM
A0 OCTaNbHbIX

L04_Feature_Engineering.ipynb - Colaboratory

OTknagbiBaem PacCTOAHNA Ha I'IpﬂMOlh,
npeanonaras, 4to 310 KOOPANHaATLIX TOYeK,

paccTosHWIA Ucnonb3yem
nexalumx Ha rpaduke nioTHOCTN KOOPAMHATbI Y 3TUX TOYEK

HOPManbHOro pacnpeneneHns

[anee aTM HEHOPMWPOBAHHbIE PACCTOSTHUA HOPMUPYEM Ha UX CYMMY, YTOBbI AN KaXKA0oW

/1 B kayecTBe HEHOPMUPOBAHHbIX

TOUYKM NMOXOXECTU HEC/TM MPUMEPHO OAMHAKOBbIN CMbIC/. B uTOre nony4yaetcs Takas popmyna
o~ |12 2
exp(—||x; — x,(|°/207)

D =
I Y exp(—x; — xi?/207)

CTaHAapTHOe OTK/TIOHEHUE 6YAeT pas/iMuHbIM AN1A Ka) o Touku. OHo noabupaeTcs

6VIHaprIM NMOUCKOM TaK, YTO6bl TOYKM B 061aCTSX C 60/bLUEN NIOTHOCTbIO MMeNmn MEHbLUYHO

avcnepcuto. [1ns aToro ucnosb3syeTcs napaMeTp perplexity, yem oH 6onbLue - TeM 6osiee

JaleKnm cocepgam yaoendeTca BHMMaHue (CTaH,D,apTHbIe OTKJIOHEeHUA CTaHOBATCA B LieJIOM

6onbLue).

YT06bI NOMTY4NTb CUMMETPUYHbIE PACCTOAHUA P;j, UX CHATAIOT MO crefytolen popmyne

Py + Dijj

2N

B utore nonydyaem matpuuy paCCTOFlHI/Iﬁ cnepyuero smaa:

/o

—

| Bbicokaga similarity
| Huskas similarity

v OnucbiBaem pacCTOAHUA B NMPOCTPaHCTBE HU3KOWN pa3MepPHOCTH

06bl4HO B cnyyyae tSNE ncnonbaytotT npoctpactsa 2MepHble U 3XMepHbie. 3TO BbI3BaHO BO

MHOIOM CKOPOCTbIO pa6OTbI MeToda U TeM, YTO OH NpenmMyLLeCcTBeHHO UCNOJ1b3yeTcAa s

BU3yannsauunn.

https://colab.research.google.com/drive/1PGKY3vX4uOoNOmYY-fn4Wkcanly99BM_#scrollTo=PL2Bh_0zEY-t
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[ns npocToTbl 6yaeM B KayecTBe NPOCTPaHCTBA HU3KOW pa3MepHOCTU paccMaTpuBaTb

PacnosioXunm ToUYKMK, COOTBETCTBYHOLLIME TOYKAM U3 UCXOHOr0 NPOCTPaHCTBA CyYalHbIM
06pa3oM B 0JHOMEPHOM MPOCTPaHCTBE.

TOYHO TakXXe 6yAeM cYUMTaTb PAacCTOsTHUE MeXAY BbIOPAHHOW TOYKOWM 1 OCTasNlbHbIMM U
NCNoJsib30BaTb 3TU PACCTOSAHMS HE B KAYeCTBe I, a B KAYeCTBe Y, U, KaK C/ieACTBUE, similarity,
6yaeM Ucnonb3oBaTb He HOpMasibHOE pacnpefesnieHune, a pacnpegeneHune CTorogeHTa.

y

o 0000000000 X

MNouemy? OHO 6onee "ToncToe" B XBOCTax U MOTOMY fl@aeT BO3MOXHOCTb 60/1blLle BHUMaHUSA
YOENsaTb AanekMM TouKaM. ITO NO3BOMSET KOMMNEHCUPOBaTb AucbanaHc B pacnpeseneHmm
pacCTOSAHWUI B NPOCTPaHCTBeE 60MblUeN U MeHbLUel pa3MepHOCTeN. bes aToro ToukM y Hac
OyAyT "MMNHYTL" APYT K APYTY

B utore mbl nosiyynsnn aBe Matpulbl paCCTOFIHMVI - B UICXOOQHOM N B HOBOM TPOCTPaHCTBE

https://colab.research.google.com/drive/1PGKY3vX4uOoNOmYY-fn4Wkcanly99BM_#scrollTo=PL2Bh_0zEY-t 79/91
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v OI'ITMMM3VIpyeM HU3KOpa3MepHoe npeacTtaBsjeHne

OHM abCONOTHO APYr Ha Apyra HEMOXOXKK, YTO JIOFMYHO - MOKa YTO Hallla MPOeKLUs B HOBOE
NMPOCTPaHCTBO abCOMOTHO ClyyalriHoe. Hafo Kak-To NpaBUTb NpeAcTaB/ieHne B HOBOM
npocTpaHcTBe. MMeHHO ANA 3TOro aBTopbl U UCMOSIb30BaNN NIOTHOCTU U NPoYee - YTo6bI
3aJaTb Tenepb XOpoLUyo cost-QyHKLMIO, KOTOPYHO 3aTEM HY)KHO MUHUMMU3MPOBATb

Cost-dyHKumen bypet
Pij
Cost = KL(P||Q) = piilog—=
(PlQ) =D pij 0

MVIHVIMVI3VIpyeM 3TO rpaAnNEHTbIM CIMyCKOM.

dakTnyecku, Takoe Tpe6oBaHNe MUHUMU3UPOBATb TaKyto COSt-hyyHKLUIO rOBOPUT
cneaytollee: A Xo4y NoslydnTb Takoe npeacTaBrieHne, YTo6bl 06bEKTbI, KOTOPble HAXOAUIUCH B
NCXOHOM NPOCTPaAHCTBE 6JIM3KO, BEPOATHO, HAXOAUUCh U B NpeAcTaBNeHn 651M3KO, a
06BbEKTbI, KOTOpble HaXoAUNINCb AAEKO - AaNeKo.

v [lpumMep npuMeHeHusd

YMEHbLINM pa3dMepHOCTb HaLlero "KNeTo4YHoro" Habopa faHHbIX npegBapuTenbHO Npu
nomotym PCA. Mpecnenyem ABe Lenu - yMeHbLUUTb BpeMs pa6oTbl tSNE (koTopbliit paboTaeT
OYeHb MeAJIeHHO) 1 yopaTb addeKT WwymMa Ha tSNE - OH MOXET Ha Hero pearmpoBarb,
OCOGEHHO MNP YCITOBUU, YTO CXOXAEHUA K MUHUMYMY Mbl MOXEM He A0XAaTbCSA

1 import sklearn

2 import sklearn.manifold

3

4 # 1. First, we reduce the dimensionality of the data to 6 features using PCA.
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23

# 2.
#
# 3.
#
# 4.

We then take the first two PCA components and use this

as an initial approximation for the T-SNE algorithm.

We then fit T-SNE on the data and plot the first two dimensions

of the T-SNE output, which are represented in green.

The visualization makes clear that there are distinct clusters in our data

X_reduced = PCA(n_components = 6).fit_transform(X_scRNAseq)
model = sklearn.manifold.TSNE(n_components = 2,

init = X_reduced[:, 0:2], # often use as a reasonable approximation
perplexity=40, # important parameter
verbose = 2)

manifold = model.fit_transform(X_reduced)

plt.
plt.
plt.
plt.
plt.

figure(figsize = (20,15))

scatter(manifold[:, @], manifold[:, 1], c = Y_scRNAseq, cmap
title('TSNE: scRNAseq', fontsize = 25);

xlabel ("TSNE1", fontsize = 22); plt.ylabel("TSNE2", fontsize = 22)
show()

'tab20', s = 20)

https://colab.research.google.com/drive/1PGKY3vX4uOoNOmYY-fn4Wkcanly99BM_#scrollTo=PL2Bh_0zEY-t
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[t-SNE]
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Computing 121 nearest neighbors...
Indexed 8617 samples in 0.012s...

Computed neighbors for 8617 samples in

0.551s.

Computed conditional probabilities for sample 1000
Computed conditional probabilities for sample 2000
Computed conditional probabilities for sample 3000
Computed conditional probabilities for sample 4000
Computed conditional probabilities for sample 5000
Computed conditional probabilities for sample 6000
Computed conditional probabilities for sample 7000
Computed conditional probabilities for sample 8000
Computed conditional probabilities for sample 8617
Mean sigma: 0.336887

Computed conditional probabilities
72.8113098, gradient norm =
72.3523331, gradient norm
gradient norm
gradient norm
gradient norm
with early exaggeration:
0.

Iteration 50:

Iteration 100:
Iteration 150:
Iteration 200:
Iteration 250:

KL divergence

Iteration 300:
Iteration 350:
Iteration 400:
Iteration 450:
Iteration 500:
Iteration 550:
Iteration 600:
Iteration 650:
Iteration 700:
Iteration 750:
Iteration 800:
Iteration 850:
Iteration 900:
Iteration 950:
Iteration 1000:

error

error
error
error
error

error
error
error
error
error
error
error
error
error
error
error
error
error
error

error
KL divergence after 1000 iterations: 1.352526

ot B

PO I A:ﬂ-‘g.‘-

OYeHb Xopollee

72.2019119,
72.0860443,
71.9984360,
after 250 iterations

RRRRRPRRRRRRRRREN

.2595751, gradient
.8757212, gradient
.6940033, gradient
.5938447, gradient
.5297503, gradient
.4844196, gradient
.4503258, gradient
.4240229, gradient
.4035792, gradient
.3880600, gradient
.3766878, gradient
.3680090, gradient
.3615448, gradient
.3565415, gradient

TSNE: scRNAseq

fu‘.a:‘:h' -t e e,
ST SRS AR

n MOKpacuM 1o pasmMeTKe, KoTopad HaM N3BeCTHa U3 SKCINepUMeHTa. Buaum, uto pasgeneHune

TN T T M et 3%

v BaxkHble napameTpbl tSNE

https://colab.research.google.com/drive/1PGKY3vX4uOoNOmYY-fn4Wkcanly99BM_#scrollTo=PL2Bh_0zEY-t

wja.' .‘-h

in ©0.521s

norm =
norm =
norm =
norm =
norm =
norm =
norm =
norm =
norm =
norm =
norm =
norm =
norm =
norm =

1.3525257, gradient norm =

a®

8617
8617
8617
8617
8617
8617
8617
8617
8617

NN NS N NN NN N

0.0026721 (50 iterations i
0.0010048 (50 iterations
0.0006543 (50 iterations
0.0005451 (50 iterations
0.0004506 (50 iterations

OO OO0

0011649
.0005504
.0003053
.0002091
.0001527
.0001197
.0000967
.0000827
.0000734
.0000677
.0000630
.0000613
.0000588
.0000551

71.998436

(50 iterations
(50 iterations
(50 iterations
(50 iterations
(50 iterations
(50 iterations
(50 iterations
(50 iterations
(50 iterations
(50 iterations
(50 iterations
(50 iterations
(50 iterations
(50 iterations

e e e e e pde pde pde pde pde pde pde e e

0.0000514 (50 iterations
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perplexity

OnpepensieT To, Kak nofA6upaeTcs CTaHAApTHOE OTK/TIOHEHWE ANA pacnpefeNieHust pacCTOsIHMIA
ANsi KakKAomn Toukun. Yem 6onblue perplexity - Tem 6osiee Ha rno6asnbHyo CTPYKTYpY Mbl

ARAATNIARA

metric

Kak cunTatotca pacCToAHNA MeXY TOYKaMWU - metric. I'Io—ymonanmo NCMOoJ1b3yeTCA
€BKJ/INOOBO pacCToAHUE, HO YaCToO NMNoOMoOraroT U gpyrme (HaanMep, KOCVIHyCHOG).

learning_rate

Lar rpaaneHTHOro CnycKa, ToXXe BJINAET Ha NnoJlydeHHOoe rnpegcrtaBjieHUE.

v [po6nembl tSNE

YT06bI NPOAEMOHCTPMpPOBATh Npo6sieMbl tSNE 6epeM AaHHble OpUrMHanbHble AaHHble B 2D
NPOCTPaHCTBE U A06aBNSIEM K HUM HOBbI€ NMPU3HAKW, B3siTble U3 HOPMasnbHOro wyma. [lanee
NbiTaeMCA BOCCTAaHOBUTb U3HAYaslbHYO CTPYKTYpPY

CToXxaCTUYHOCTDb

HuskopasmepHoe npeacTaB/ieHMe, KOTOPoe Bbl MONy4YnTe, 6yAeT OTAnYaTbCA MeXay
3anyckamu, ecnim He 3admkcuopoBaTtb random seed. MoXeT OT/IM4aTbCSA AOBOJIbHO CUJTbHO

Jlo6aBneHUE HOBbIX TOYEK

Ecnu y Bac nosABUAMCb HOBbIE AaHHble, TO 4OOABUTb UX HA NpeaCcTaBNeHME, MOYYEHHO NpuU
nomoum tSNE paHee - HeTpuBManbHas 3agada. [Jns pasHbix o6nacTer eCTb CBOW "NOATOHbI",
HO BCe 3TO 9BPUCTUKA

PaccToaHusa MeXxay KnactepamMmm To4eK MOryT HA4ero He 3Ha4nTb (I'IJ'IOXO
COXpaHAKTCA fasniekue paCCTOFIHI/IFI)

Original Perplexity: 2 Perplexity: 5 Perplexity: 30 Perplexity: 50 Perplexity: 100
Step: 5,000 Step: 5,000 Step: 5,000 Step: 5,000 Step: 5,000

Pa3amMepbl K/1lacTEPOB HUYEro He 3HayaT
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Original Perplexity: 2 Perplexity: 5 Perplexity: 30 Perplexity: 50 Perplexity: 100
Step: 5,000 Step: 5,000 Step: 5,000 Step: 5,000 Step: 5,000

MoXXHO yBuAeTb apTedaKTHble KnacTepbl

Qriginal Perplexity: 2 Perplexity: 5 Perplexity: 30 Perplexity: 50 Perplexity: 100
Step: 5,000 Step: 5,000 Step: 5,000 Step: 5,000 Step: 5,000

v MOXHO yBUAETb HE Ty CTPYKTYpY, KOTOpas Mno ngee LoMXHa 6bITb

Original Perplexity: 2 Perplexity: 5 Perplexity: 30 Perplexity: 50 Perplexity: 100
Step: 5000 Step: 5,000 Step: 5,000 Step: 5,000 Step: 5,000

MNonpobHee

Ncnonb3oBaHue ans knactepusaumm

N3-3a ykasaHHbIx HegocTaTkoB pesynbTaT tSNE HEJ1Ib34 ncnonb3oBaTb g/1s Knactepusayuu.

v NHuymanunsauuns npm nomouim PCA

IOns Toro, yto6bl tSNE cxoguncs nyyie v onpeaeneHHee, B KadecTeBe U3HAYaslbHbIX
KoopAmMHaT ToO4YeK B HOBOM NMPOCTPAHCTBE MOXXHO UCMONb30BaTb He Cyy4YanHbIn LWyMm, a
nepsble ABe KOMMOHeHTbl PCA.

Xopoluee BuAaeo npo t-SNE

CtaTba no npuMeHeHuto t-SNE B 6uonoruu

v UMAP
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UMAP — uniform manifold approximation and projection. Buaeo

Ncnonb3yeT noxoxue Ha tSNE ngeto, HoO nHaue, B pesynbTaTte Yero nojsiy4aeT MHOIro BbirogHbIX

H6OHYCOB.

BHyTpu cebst MeTog, cTpouT rpad, B KOTOPOM pebpamMu COefUHEHbI Mexay cobon k

6nmxanmnx cocepeit. MNpu aToM aTU pebpa HepaBHOMPaBHbI - €CNM ANA AaHHOMN Napbl TOYEK

paccTtoaHmne Mexxgy HUMU CUJIbHO 60ﬂbLIJe, YeM PaCCTOAHUA MeXQY HUMU U OPYyrTMMU TOYKaMu

- TO 1 pebpo 6yaeT UMeTb ManleHbKMWI BEC.

[anee 3afia4ya COCTOUT B TOM, YTO6bl B NPOCTPaHCTBE 60/1e€ HU3KOM pa3MePHOCTb NOJTy4nsICs

rpad NOXoXMi Ha TOT, KOTOPbIM 6bl1 B BbICOKOW Pa3MEPHOCTbHO. [111 3TOro onAThb Xe,

onTMMnN3nNpyeM HU3KOpasMepHoe rnpeacTtaBjieHUeE rpaaneHTHbIM CMyCKOM

v [puMep NPUMEHEeHHUSs

1 !pip install umap-1learn

Collecting umap-learn
Downloading umap-learn-0.5.2.tar.gz (86 kB)

Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:

Collecting pynndescent>=0.5
Downloading pynndescent-0.5.5.tar.gz (1.1 MB)

Requirement
Requirement
Requirement
Requirement
Requirement

already
already
already
already
already

Building wheels for
Building wheel for umap-learn (setup.py) ... done
Created wheel for umap-learn: filename=umap_learn-0.5.2-py3-none-any.whl size=8276@
Stored in directory: /root/.cache/pip/wheels/84/1b/c6/aaf68a748122632967cefddffefe
Building wheel for pynndescent (setup.py) ... done
Created wheel for pynndescent: filename=pynndescent-0.5.5-py3-none-any.whl size=52
Stored in directory: /root/.cache/pip/wheels/af/e9/33/04dbl1436df0757c42fda8ea6796d

satisfied:
satisfied:
satisfied:
satisfied:
satisfied:

collected

| 86 kB 2.9 MB/s
numpy>=1.17 in /usr/local/lib/python3.7/dist-packages
scikit-learn»=0.22 in /usr/local/lib/python3.7/dist-p
scipy>=1.0 in /usr/local/lib/python3.7/dist-packages
numba>=0.49 in /usr/local/lib/python3.7/dist-packages

| 1.1 MB 18.2 MB/s
tqdm in /usr/local/lib/python3.7/dist-packages (from
setuptools in /usr/local/lib/python3.7/dist-packages
1lvmlite<0.35,>=0.34.0.dev@ in /usr/local/lib/python3
joblib>=0.11 in /usr/local/lib/python3.7/dist-package
threadpoolctl>=2.0.0 in /usr/local/lib/python3.7/dist
packages: umap-learn, pynndescent
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Successfully built umap-learn pynndescent
Installing collected packages: pynndescent, umap-learn
Successfully installed pynndescent-0.5.5 umap-learn-0.5.2

1 import warnings

2 warnings.filterwarnings("ignore")

3

4 from umap import UMAP

5 import matplotlib.pyplot as plt

6 from sklearn.decomposition import PCA

7

8 # Converts the original expression matrix (scRNAseq) into a 9-dimensional PCA space
9 X_reduced = PCA(n_components = 9).fit_transform(X_scRNAseq)
10

11 # Initializes UMAP with the PCA components

12 model = UMAP(n_components = 2,

13 min _dist = 1,

14 n_neighbors = 93,

15 init = X _reduced[:, 0:2],

16 # it is recommended to use the first two components of PCA for initializat
17 n_epochs = 1000,

18 verbose = 2)

19

20 # Runs the UMAP algorithm on the PCA transformed data

21 umap = model.fit_transform(X_reduced)

22

23 # Plots the results of the UMAP transformation

24 plt.figure(figsize = (20,15))

25 plt.scatter(umap[:, @], umap[:, 1], ¢ = Y_scRNAseq, cmap = 'tab20', s = 20)
26 plt.title('UMAP: scRNAseq', fontsize = 25);

27 plt.xlabel("UMAP1", fontsize = 22); plt.ylabel("UMAP2", fontsize = 22)

28 plt.show()
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UMAP(init=array([[45.31235894, ©.07477159],

Tue
Tue
Tue
Tue

Tue
Tue

Epochs completed: 100%)|

Tue

UMAP2

-10

Dec
Dec
Dec
Dec

Dec
Dec

Dec

[46.53271754, 1.71486063],
[46.8638235 , 0.98846408],

-

[

1.11426643, -1.86512337],
[ 4.54796886, -0.69171758],
[ 2.61794017, -0.97065852]]), min_dist=1, n_epochs=1000, n_neighbors=93, verb
7 13:30:28 2021 Construct fuzzy simplicial set
7 13:30:28 2021 Finding Nearest Neighbors
7 13:30:28 2021 Building RP forest with 10 trees
7 13:30:32 2021 NN descent for 13 iterations
1 / 13
2 / 13
3 / 13

Stopping threshold met -- exiting after 3 iterations
7 13:30:58 2021 Finished Nearest Neighbor Search
7 13:31:02 2021 Construct embedding

1000/1000 [01:07]

7 13:32:09 2021 Finished embedding
UMAP: scRNAseq

e

i

s I
SR,
SRETP

.
LS 1
L

-10 -5 o

v Ba)kHble napamMeTpbl

n_neighbors

Yucno cocepen, KOTOpbI€ NWyTCA And Ka)kgon TOYKN. BnivsieT Ha To, HaCKOMbKO rnobanbHo

Mbl CMOTPUM Ha CTPYKTYPY AaHHbIX
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min_dist

Bnuaet Ha TO, HACKONbKO 6113K0 MOTYT HaxoanTbCA Mexay Cco60M TOYKM B HOBOM
npencrtaBJiIiEHUN.

metric

Kak cumTatoTcs paccTosHUSE MeXAay TouKaMu. OnsaTb Xe, No-yMONYaHMIO pacCcTosiHUE
EBKNNA0BO, HO 3TO He BCeraa AaeT Nydlni pesynbtaT

v [NpenmylectBa nepef tSNE

CKopoCTb paboThl

BbiaaeT pesynbrathl, noxoxue Ha tSNE, Ho paboTaeT B pa3bl 6bicTpee

e FPCA

UMAP °

2500 @ MulticoreTSNE
#® OpenTSNE

2000

1500

runtime {s)

1000

500

0 10000 20000 30000 40000 50000 0000 70000
dataset size

Bonee noapo6HO

B0O3MOXXHOCTb NpoeLMpoBaTb HOBblE TOYKM

UMAP mMmoxeTt npoeunpoBaTb TOUYKN N3 HOBbIX AAaTaCETOB Ha Y>XXe MMeroLLLeeCH
npeacrtaB/ieHUe.

MoxkeTt o6bep,m HATb npeagcrtaBsieHUA

Ecnu Y Bac €CTb Npu3Haku, CUJIbHO OoT/in4aroLnecq no CBOUM CBOWUCTBaM, TO MOXXHO
MOCTPOUTL AJ1A HUX rnMpeacTaB/ieHUA OTAENbHO, C pa3HbIMU METPUKaAMW, a faliee O6'beJJ,VIHMTb
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MapameTpbl n_neighbours 1 min_dist HaMHoro NnoHsATHee nx aHanora - perplexity,

MOXXHO UCMOoNb30BaTh A 0TOBpaXKeHMs U B NpocTpaHcTBa 60 bLUel

pa3MepHOCTH

KpOMe TOro, ero MOXXHoO ncnonb3oBaTtb A4 MOHUXXEHNA Pa3MEPHOCTUN HE TOJIbKO A0 2-3 (B

Lendax Bmsyanmsau,mm), HO 1 AnA 60bLUNX paSMepHOCTeVI, C KOTOpPbIMK NOTOM pa60TaTb

ApyruMmn meTogamun (XOTﬂ 3aecb Hago ObITb aKKypaTHbIM, OH TOXXEe CKJTOHHEH ,D,eq)OpMVIpOBaTb

AanbHUe pacCTOAHNSA)

PaccTosiHus 6onee nHGopMaTUBHbI

Mnoxas naea MHTepnpeTMpoBaTb PacCCTOAHUS MEXAY KiacTepamMu U Ux paamMepsbl ans 2D

npeacrtaesneHumn B crydyae UMAP.

Ho B cnyyae UMAP 370 MeHee Bbipa)eHHO.
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UMAP distance

Pairwise correlation
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0.0

0.2

T T
0.4 0.6
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1.0

Pairwise correlation

1.0 =
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(@]
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I

0.01
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T
0.00 0.25 0.50 0.75 1.0

UMAP distance

Ecnu e oTo6paxkaTb B NPOCTPAHCTBO pa3dMepHOCTM 60nbLuUeR, YeM ABa, TO MOXKHO NONYYUTb

M O4YeHb Xopoliune npencraB/ieHUA. Ho a1o BCe 3BPUCTUKA - MOXXET N HE NMOBE3TU

Supervised UMAP

UMAP nosBonsieT nepefartb B HEro MeETKM OObEKTOB - Bbl MOXETE NoslyyaTb NpeacTaB/ieHme,

KOTOpO€ ONTUMU3MPOBAHO MO MMEIOLLYHOCS Y Bac MHGOPMaLMIO O KnacTepax

Semi-Supervised UMAP

UMAP nosBonsieT nepefaTb B HEro METKN TONbKO A YacTU 06bEKTOB - Bbl MOXeETe

nosy4yaTb NpeAcTaBsieHNe, KOTOPOe ONTUMU3MPOBAHO MOA UMEOLLYHOCA Y BaC MHGOPMaLUIO O
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KnacTepax, HO Mpu 3TOM He OCTaBNsAeT 6e3 BHMMaHUA 06bEKTbI 6€3 METOK

~ tSNE n UMAP Ha yndpax

1 from sklearn import manifold, datasets

2 from matplotlib import offsetbox

3

4 digits = datasets.load_digits(n_class=10)
5 X = digits.data

6 Y = digits.target

7 n_samples, n_features = X.shape

8

9

def plot_embedding(X, title=None):

10 x_min, x_max = np.min(X, @), np.max(X, 0)

11 X = (X - x_min) / (x_max - x_min)

12

13 plt.figure()

14 ax = plt.subplot(111)

15 for i in range(X.shape[©@]):

16 plt.text(X[i, @], X[i, 1], str(Y[i]),

17 color=plt.cm.Set1(Y[i] / 10.),

18 fontdict={"'weight': 'bold', 'size': 9})
19

20 if hasattr(offsetbox, 'AnnotationBbox'):

21 # only print thumbnails with matplotlib > 1.0

22 shown_imgs = np.array([[1., 1.]]) # just something big
23 for i in range(X.shape[0]):

24 dist = np.sum((X[i] - shown_imgs) ** 2, 1)
25 if np.min(dist) < 4e-3:

26 # don't show points that are too close
27 continue

28 shown_imgs = np.r_[shown_imgs, [X[1i]]]

29 img_box = offsetbox.AnnotationBbox(

30 offsetbox.0ffsetImage(digits.images[i], cmap=plt.cm.gray r),
31 X[i])

32 ax.add_artist(img_box)

33 plt.xticks([]), plt.yticks([])

34 if title is not None:

35 plt.title(title)

36

37 plt.figure()

38 ax = plt.subplot(111)

39 for i in range(X.shape[@]):

40 plt.text(X[i, O], X[i, 1], str(Y[i]),

41 color=plt.cm.Set1(Y[i] / 10.),

42 fontdict={"'weight': 'bold', 'size': 9})
43 plt.xticks([]), plt.yticks([])

44 if title is not None:

45 plt.title(title)
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1 # t-SNE embedding of the digits dataset

2 tsne = manifold.TSNE(n_components=2, init='pca', random_state=42)
3 X_tsne = tsne.fit_transform(X)

4 plot_embedding(X_tsne, "t-SNE embedding of the digits")

t-SNE embed

ing of the digits

1 import umap

2

3 umap = umap.UMAP(n_neighbors=5)

4 X_umap = umap.fit_transform(X)

5 plot_embedding(X_umap, "UMAP embedding of the digits")
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