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1. Wikipedia, “Feature engineering.” https://en.wikipedia.org/wiki/Feature_engineering

2. Brownlee, “Discover feature engineering, how to engineer features and how to get good at it.” http://machinelearningmastery.com/discover-feature-engineering-
how-to-engineer-features-and-how-to-get-good-at-it/

3. T. Malisiewicz, “What is feature engineering?.” https://www.quora.com/What-is-feature-engineering
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THIS 15 YOUR MACHINE LEARNING SYSTERM?

5N IA RS S BAR A A AR, IXEL IR EL ARG SRR,

L RS R R, ﬁﬁ%ﬂ@@mr&fzmxﬁﬁ BLE O INErm AL e 0 T B

T, (BAEEHARTEE TR, IR E R R 462K THE ANSLERS ON THE OTHER SIDE.

PRI T AT, NITR2IHY4E R =52 21 AE 25 BY 52 M A T WHAT IF THE ANSWERS ARE LJRONG? )

RIRZ JUST STIR THE PILE DNTIL
THEY START [OOKING RIGHT

Data Cleaning

Data Laundering

Data Scrubbing

Data Massaging

FoRIE . https://xked.com/1838/


https://xkcd.com/1838/
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B ] BRI RS B B R BB 1 77 75 2 A

M, ZBEEERESTH 1T 1973 4 5 HE| 9 H Z AL F RIS,

FIEE (Temp)o

summary(airquality[, 1:4])

Ozone Solar.R Wind Temp

Min. : 1.86 Min. : 7.6 Min. : 1.760 Min. :56.00
1st Qu.: 18.80  1st Qu.:115.8 1st Qu.: 7.400 1st Qu.:72.00
Median : 31.58 Median :265.8 Median : 9.766 Median :79.00
Mean : 42.13 Mean :185.9 Mean : 9.958 Mean :77.88
3rd Qu.: 63.25 3rd Qu.:258.8 3rd Qu.:11.580  3rd Qu.:35.00
Max. :168.00  Max. :334.0  Max. :20.700  Max. :97.00
NA's  :37 NA's :7

] summary () BREOS BHBIFITIRZRE 047, HIa0: X airquality Z0HES
RS (Ozone),

PRI

S I TR IR
HHFE (Solar.R), XJJ (Wind)
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XN TEAERSAYIE L, Rubin ! MERRHLHIF A8 3 28 SE2REHEK (missing completely at random, MCAR),
FEHLERSL (missing at random) FIHEFENLERSS (missing not at random, MNAR), 7E Missing Data 2 7€ X H, NI —
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1. Rubin, Donald B. “Inference and missing data.” Biometrika 63.3 (1976): 581-592.
2. Allison, Paul D. Missing data. Vol. 136. Sage publications, 2001.
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N

RN IAE" — library(mice)
CJAY md.pattern() FRZENFE(L

A

T PN IRRERIAEE AT 7 nd.pattern(airquality, plot = FALSE)
nd.pattern() BRECKFEGEH P A HIERRIGOLHIT TR, 1E Wind Temp Month Day Solar.R Ozone
LRSS, 0 RRBIAE, 1 FnARiE E, BF—1THF ;;1 1 1 1 1 1 ; ?
B PRREIS, B 1THSE — DM EEE R R IZR R R : 1 1 0 1
MEARRNEE, & — M FRRNZR AR Nt =Y ) 1 17 0 g 2
N BIlANEE —4TRRMY Ozone SRFIFEATLS 35 1N, 8 0 3 0 7 37 44

e —1T4E 7B AR R IR AL
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VIM " B FR AL T rl e s A B SAE Y 77
%, BJoE aggr():

library(VIM)

aggr(airquality, prop = F, numbers = T)

JEIAHIFEIR B 2R3 28 w8 IR SR AR RN
B b, AR EPEIRERAERE, BT
IR RERRAATS, A M HE T RN IR AR 2
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Wind
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VIM IE12 88 1 —Riral AL 70 Afr 128 BRI RSB < SR JTIA marginplot(). /2 RATRY 3 DNEF 3 Al RN 2R mEdif R HIEX

B DN A SRRV EE,, N T ARELE, JMU CEM M) 1955 — M EREHRRIIEN &, R ERREE, A
CEARI BN RN RV RARREEE, A LRV DN R EREURE, R —1EE EE’J@%%%—*’:’/\F’EM%&%E’JW% il

B AR YN FE B N 28 B = A B,

_I

matrixplot(airquality) marginplot(taol, c("Air.Temp", "Humidity")])
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L] ZRES fiEINEA

MIERERLE MR B SRR EHE (FEA), (H2IXM7A Tﬂ‘a‘%l\‘iﬁmﬂﬂﬁ?ﬁ)&é’i B LR RE, 7R BRI TR T
AESE BRIV IANGOL N @ o K REA T R w TR O M 25 FRAVEE B, QRIS e S YT
BATTR 5 FEAEAHIECE DL bR B S5 SR RAE R A2 {WU%E%%ZW&/J\ NFeATT AT LE MR IZAFE; AH RIS
=T EURZER I, RIS A ZE SR MR, EAZMPR O AR A & i K

‘ P2, RS AT 7 A BB B 7 PN R B s e
e na.fail: NHBIEH N FEMRIMELZIREINE, GlF=4E AT

R
e na.omit: IREISIEEERLABE AT L HihE B Ve RE, PN EEREE S T & XN
. n3. . @ na.omit. {H ST [ 1 LR TR A AN ﬁ@ﬁ%bﬁ@mbiﬁmzﬂﬁiﬂﬁké’%m
sz{xclude [A] na.omit, {EARZERIFNE RIAEAR R R S T

e na.pass: NI BHREGR[E
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XA A R R EAENE, BT m LA“id” Bid” 1 gender” PRAFAS [F] M — {4 A Wrbm 1N £ R HE 31

students < data.frame(

id = ¢(1, 2, 3, 3, 4, 4),

gender — C(IIFII’ ||M||’ ||F||’ IIFII’ IIMII, ||F||)
)
dim(students)

[1] 6 2

length(unique(students[, c("id")]))
[1] 4

dim(unique(students[, c("id", "gender")]))

[1] 5 2
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MWRHIE"BIAE, ARIFEEZIE LA E R, BET/ERISYE S rTRe e m R, Blan: — 2 ANRYH IR AL
AWRDRAE, REEDUE EAFE, @fﬁ‘%ﬁﬂﬁ%ﬁma/ﬁkf —ENRIUAREY), W PRAECHZEF RS, K, 30
ZEBUSHRERR ZH T R E REEE—MRIERTA]

f.%’ﬁ%ﬁ%ﬂlﬁﬁ students < data.frame(

id = c(1, 2, 3),
XT_:ﬁEAjZﬁﬁﬁ{ujjgﬂqu%fE, /\Xj‘__‘)lqéZIKZIETJE/JXﬂ gender = C("F", ”M", "M”)’
FE TN F R UNE, IX SRR - )E ] Y 2 5L 5 VFE(X grade = c(6, 6, 6),
GEME N, NTEERE, FATATCOgan gkt height = ¢(1.7, 1.81, 1.75)
R )

sapply(students, function(x) length(unique(x)))

id gender grade height
3 2 1 3
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XN FIRA T ZE Uy ZERRAE, FATA] PR caret

sl

BIHHHY nearZeroVar() PRIZL, PRIECE NUD

nearZeroVar(
x, fregCut = 95/5, uniqueCut = 18, saveMetrics = FALSE, names = FALSE, foreach = FALSE, allowParallel = TRUE)

ZH Wb ShMH
X g, FEREEEIEE

freqCut B i WRR S AR AS B8 2 L A3 95/5
uniqueCut JEEE BIREA S B IAREA RYEUT B oo L 10
saveMetrics  FALSE NIIR[E] & ATl &Y% ; TRUE NWR[E]BEIEAE & FALSE

names FALSE W3R [5]%1]=; TRUE WX [5]%1]44 FALSE
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FA IR nearzeroVar() BRECN FSZ P RIZEA IS NRHIE T B A1 T 2N B E ERHFR A

library(caret)
nearZeroVar(students)

[1] 3

nearZeroVar(students, saveMetrics = T)

freqRatio percentUnique zeroVar nzv

id 1 100.00000  FALSE FALSE
gender 2 66.6666/ FALSE FALSE
grade 0 33.33333 TRUE TRUE
height 1 100.00000  FALSE FALSE

Hrp freqRatlo N EIHR TR SR A Z Y B, percentUnique J93FE

BT E, nzv 3RAGE e 21T U8 F BIRFIE,

5 AR 5B EARARN B9 b, zeroVar 3R

17



§ 2\

)

O
P

W HEHE

S R TR AP AR AR AR E R BORIVEE, i BUiE r] LRI 2 g2k

L. R ENE T IZER, ﬁﬁzE*Ajj_‘/\ SRS DRAE ZIRE AT S BV E o
2. R E T IR, T IEMAR PIT ] HY 2R S T S B OR 2 5+

MNTEUERIR AR &, BT TA] DA AR HENIDS B B AR TR, BREEMR 2 ARMIEZS A,
P (|z — p| > 30) <0.003 (2)

HA p R E RIS, o RORERIIANEE, B, N TPREAHHIIRT p + 30 8N p — 30 BFIRUERIIER 2R /)
1, MR DS KT p+ 30 BUMT 1 — 30 HIEUE T PAAIER,

5

18



SR (Anomaly Detection) 28X AT ST A BEGER Y R EIH, FHBOMMERTIRB], 185 5 5RFEAR]
RER FEGRITIVE, 4iikia, IR, XAREIRSFAFRIEER RS, S Wabioy@EHE. BE . Rz,
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e One-Class SVM
o T LT IL

e [solation Forest

e AutoEncoder

FoRUER:: https://scikit-learn.org/stable/modules/outlier_detection.html
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https://scikit-learn.org/stable/modules/outlier_detection.html
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FazkEl (Boxplot), &R
—HTiA, et R] COHRS

—

1 BHEF LGt & w/ME. B—P

\_I

AR AREIVE: Fin5R

RS 1T B3PI YIS

LowerLimit = max{Q, — 1.5 x IQR, Minimum}
UpperLimit = min{Q3 + 1.5 x IQR, Maximum}

IQR = Q3 — Q1

TR PALEL B =P
W& HETEE S B ENE, S EEEFER.

SUNIER R PUSAEITN)
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[solation Forest, Isolation = NI, FRE, &441A], Forest MK, S RELE MM T, WA IJHEHZMK”, F
A SO, REEE SR H S 4 isolation forest, [A] ?/J\ iForest ! 2,
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iForest FUAM T2HEFHEUE, BCEE U EAEAIZHE, SZeE—RHEGET, RS HEZERIIEAS KT SrIE0E, 18

T4 22 A AR Y B A DR I 2 e i < o0 AT éﬁl RIATLAS U F T2 JH*’L’EﬁjJ N THRE R EEE, AR ERK
BhRFFEGE, WEGEEHEPIIEPRERE 28, Z2ARANDH R EEUE, o thXdk, VBRI VRHIE,

1. Liu, Fei Tony, Kai Ming Ting, and Zhi-Hua Zhou. “Isolation forest.” 2008 Eighth IEEE International Conference on Data Mining. IEEE, 2008.

2. Liu, Fei Tony, Kai Ming Ting, and Zhi-Hua Zhou. “Isolation-based anomaly detection.” ACM Transactions on Knowledge Discovery from Data (TKDD)
6.1 (2012): 1-309. oo
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iForest J& T AR E =S 7%, RIEFA]

| — P BENLE - HRVIFZAE =R, Y)— XA P4

2 — YL ER Y BTN 2 R, 16 M, BERESF2REERE - M EER Y IE, iForest HH ¢ ) iTree

1 MIIZREEFRBENLIZSE ¢ TRAEAR R, TABIAR T A
2. FEMLEE — RAIE, EXEIT

B2 [H],
3. DAY sl A2 K
RN SRl
4. TEf% 11 Rl

Weig t I iTree Z )5, iForest YIZrgnas R, ARG FATA] AR A BXHY iForest SRIFALINAZAE 7o XN T —"MNJIIZREHE

T'_A/\iﬂj \7_|’:|_‘
RHVGZ
IS5 2 #1 3,

REBAE RN A — DY) E A p,

(Isolation Tree) fINZPZHER, F iTree &2— 1 XMWy, HSZHZPIRUIT

L H]

SRS ], ZJE AT A

YIE =25 S w0 R B AR e 4 A O (E AT RN

A T

, CREERTBUEZ RN 2 DradE: AN p EBEREN ST RV AT, K55

AWHIET I T TR, BRElZ T RAEE - RN Z T T R ERIERE =,

SEET G iTree, RGEITE ¢ BRAEEEMELE,

AR FRE S, PATAICORE— 1D EIE, HPIRE/N

z, Al

PRIGEATIA] DSt @ AE PRI B e P2, RIS BT

= I EE R R 75
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I8 remotes::install_github("gravesee/isofor") Z4% iForest
el

library(isofor)

x < c(rnorm(1008, B8, 6.5), rnorm(1068 * 8.85, -1.5, 1))
y < c(rnorm(1068, B8, 6.5), rnorm(1068 * 8.85, 1.5, 1))
data < data.frame(x, v)

if_model < iForest(data, 100, 32)

p < predict(if_model, data)

ol < c(rep(B, 1000), rep(1, (8.85 * 1008))) + 2
col < ifelse(p > quantile(p, 6.95), "red", "blue")

plot(x, y, col = col, pch = ol)
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i BAREHLAAE : MEUR N DA FEA LR n DERAIEARER, RS DEENEARAEHIERIR AT, R
& BMEARBRALGHH P FIMERESE, HEAREE T ERALSE RN, I RITE— e B SREBRMEAN A e 1t

x < 1:10

sample(x, 5, replace = F)
[1] 4 3 2 9160
sample(x, 5, replace = T)

[1] 3 8 410 10

dplyr::sample_n(as.data.frame(x), 5, replace = F)$x
[1] 5 918 2 7
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R R BN AP R BRI 7 AR )Z,  2RJE MASFEIZAIRAZ, BEATTHEBUAEA, T ERUEAEA
HIEEA 5 SR RIS EEBAHIT, AT S THHYRS L

iris_ < iris[c(1:50, 51:68, 101:138), ] head(s_i, 3)
ct < table(iris_$Species) _ ,
ot Species ID_unit Prob Stratum
1 setosa 1 0.8 1
2 setosa 2 0.8 1
setosa versicolor virginica 3 setosa 3 0.8 1

50 10 30

s < iris_[s_i$ID_unit, ]
n < round(as.numeric(ct) * 0.8) table(s$Species)
s_i < sampling::strata(iris_,

stratanames = "Species", size = n, method = "srswor") . o
setosa versicolor virginica

40 3 24
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=<1
AN R

RRFEMNERAE . EACBE B R 2E S AR, BATIEE SR 7RI LB ZE SRR AR, IX A Rl
BeAT T G AR KR s, I MNEIRAE R, Bl TR] DON] R BORAEAC B IX AR

library(ROSE) table(us$data$cls)
data(hacide)
: : 6 1
table(hacide.train$cls)
380 20
4 1 0s < ovun.sample(cls ~ ., data = hacide.train,
780 29 method = "over", N = 1280, seed = 112358)
table(os$data$cls)
us < ovun.sample(cls ~ ., data = hacide.train,
method = "under", N = 4808, seed = 112358) 0
980 220
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DIFNIE = BIGA,

A\ A =
HE = ~F

1e LR a5 > 5

A

Eh/ﬂ%ﬁ"l‘fﬁ%’fm )T

=1

5% 22 A TR X

=y SHpY§5a

FREESE )

S XS A Y-

5 R # ELEICA 60:40, 70:30, 80:20, A
*2@%’?@5’3@'1‘% X

> LB D9 90:10 BY

A MNABAE, AETE

< EAEREITIIZR, DAHESHERIRIMERE, BB
B ERIZAL T RE,

§ 2\
7

iris_split < createDataPartition(
y = iris$Species, p = 8.8, list = FALSE)

train_data < iris[iris_split, ]
table(train_data$Species)

setosa versicolor virginica
40 40 40

test_data < iris[-iris_split, ]
table(test_data$Species)

setosa versicolor virginica
10 10 10
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Jemgit Q;
HE B

H—f— o2 e R BEERTBUEYE E 46 2 [0, 1] Z IR, HAER A rl RE =4 ] [—1, 1) Z Al N —MRAVRH, H—
RIS R AT PAZRIS N -

{L’, — L — wmin (4)

Lmax — Lmin

/»:\:III, Lmin %%/_; L Ejﬁ@]ﬂ%d\{ﬁ, Lmax %%/_; XL E:'E]/‘J]%j('fﬁo

L)1, FATTAT CAEPRA R Z N NV L RAZ ., Blan, BATEd S5 (BB oK) MIKE (RO
Jr) REEMN N AN ZRBE SR, WAAE’JE’HZISEH?FH% 20 ~fr, BEHZE 0.1 K, RILERXAEREN My EXN D AR ZER
I, RENZERACE SRZERERSE, ERXEEAEBATEZEREER, Ei@FanSdA B AR B/ &/ MEM &R KA 75
0 A1 200 »fr, B ERIs/MEMEKRETHIN 08 22K, BRI — 5 RER S SRy ZE-ZE Y 0.1 A1 0.05, @ IH—
N IURT DA S XA Y [r] T B
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yn -t

normalize < function(x) { sample < c(1, 2, 3, 4, 5, 6)
# IHERE sample

x_min < min(x)

x_max < max(x) [11 123456

# 13—1L sample_n < normalize(sample)
x_n < (x - x_min) / (x_max - x_min) sample_n

# OB EERE RN EMN [1] 6.0 6.2 6.4 8.6 8.8 1.0

attr(x_n, "min") < x_min attr(,"min")

4 RENA—(LEL e
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PEL I B 28 7T iEEAERYSEDY 0, PRiEEN 1, PR
IEHFR Z-score, PREMRIG TR A] PAFRRY:

— (5)

Hrh X e WHME, SNz BRTEZ,

£ R FA] DAFIH scale() BREGH TIREIL, HAP, %L
center " HVIMEEHE, BlIEGBERZIERINE;, =
N scale Tonie b, B ER ABHERIFREZE.

§ 2
Ky

sample < c(1, 2, 3, 4, 5, 6)
sample_c < scale(sample, center = T, scale = T)
sample_c

[,1]
1,1 -1.3363062
2.1 -08.8017837
3,1 -0.2672612
4,1 0.2672612
5,1 0.8017837
6,1 1.3363062

attr(,"scaled:center")
[1] 3.5
attr(,"scaled:scale")
[1] 1.878829

32



§ 2\

)

O
P

Jeadifk 5

A AR E AR R Y EERISEDY 0 FIFRHEZEN 1 BUSTRIIE, X2
LRSS ZHIRZ AL, Blan: B TRREZEST—21 1, IWMER
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bRIEZ O, R AR FIREIE NREE 755K S IR RIS et BT B
FIER . FAENIREIE NESF 2R R TIN5, BHREAT T =AM
F?B%EﬁzfﬁﬁﬁLd 2w, HIBHEARZIL R 2MHIRIGEHER,
BRHOUOR i 2IHOER EE 7 [A) R BEFI B SERYIR Z S DY TT TR ZE R BER,  IXAE
L= A HE S B S/JLEﬁ Iya*%iﬁﬁ/ill&,& I K e HYEY
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o BHEMHE T N &MEHA RIXGESI =R, B2 EH 46 47 48 53 56 57 59 60 62 63 65 66 68 69 70 71 72
N N NE, STEERRMINNE, WA T A o
I, TRAERAIRIRAET], TIRILE

o AL R UEITRIERSX, B M+ N MEEZN

My

U-IJL

M x N P, 5| AR T RIBEET ], .
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price < c(4, 8, 15, 21, 21, 24, 25, 28, 34)

f FROME # FRDHE

# F81: 4, 8  ¥81:. 4, 8, 15

# 552: 15, 21, 21, 24 # 552: 21, 21, 24

# F53: 25, 28, 34 # 753: 25, 28, 34

cut(price, breaks = 3) Hmisc::cut2(price, g = 3)

(1] (3.97,14] (3.97,14] (14,241 (14,241 (14,24] ( (11 [ 4,21) [ 4,21) [ 4,21) [21,25) [21,25) [21,25) [25
14,241 (24,34] 134] [25,34] [25,34]

[8] (24,34]  (24,34] Levels: [ 4,21) [21,25) [25,34]

Levels: (3.97,14] (14,24] (24,34]
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£ R1E SN EER T 2RAR B HER RN, —WR K EEH Oy R E el A &, AR AT PARE
TEFE N BUE I BHEEE

customers < data.frame( newers < data.frame(

gender = C(”M”, ||F||, ||M||), gender = C(”M”, ||F||, NA)’

age = c(22, 26, 34) age = c(4b, 54, 23)
) )
dmy < caret::dummyVars(~., customers) newers_ < predict(dmy, newers)
dmy newers_
Dummy Variable Object genderF genderM age

1 4 1 45

Formula: ~. 2 1 B 54
2 variables, @ factors 3 NA NA 23

Variables and levels will be separated by
A less than full rank encoding is used
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o N LFFIEHEEN o RINF>]
= SOL » K, BB, FA...
= SQL » Something2Vec 2
. SQOL X A
o [F4E . walked
. ERI O .. o
o SRR ST 1o . i o ovan
. ZUEAREE: i, wiking A
. SRS - S —

swimming

R ERERNERRA
« MAT¥> 1 SNE, t-SNE, LargeVis

King - Man + Woman = Queen
Walking - Wakled + Swam = Swimmming

1. https://leovan.me/cn/2018/03/manifold-learning/

2. https://gist.github.com/nzw0301/333afc00bd508501268fa/bf40cafe4e 38


https://leovan.me/cn/2018/03/manifold-learning/
https://gist.github.com/nzw0301/333afc00bd508501268fa7bf40cafe4e

F I3 3w

F 778 (Principal Components Analysis, PCA)
Pearson ! 1 1901 F4E . TR 707 Al UK 22 MHR AR
=R O '@ﬁﬂf\? HRZEIGE T TT TR, BId TR

7350 PCA 2R EFMERREM E, Kelgeieti E/ 0
AMHRAEE R (FR), B DOSEGEHI T AU EI R4,

HEE PCA NEGZHI— 130K, BRERRERIBIA,
RSk OISO Bor IR R, pr FoRRHEHR KR
fIEIA &, py F/RFFIEEOR R BIARFIE ]

A

1. Pearson, Karl. “LIII. On lines and planes of closest fit to systems of points in space.”

Journal of Science 2.11 (1901): 559-572.

V
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A‘d‘
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The London, Edinburgh, and Dublin Philosophical Magazine and
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F I3 3w

require(graphics)
head(USArrests, 3)

Murder Assault UrbanPop Rape

Alabama 13.2 236 h8 21.2
Alaska 10.0 263 48 44.5
Arizona 8.1 294 380 31.0

pca < prcomp(USArrests, scale = TRUE)
summary(pca)

Importance of components:

PC1 PC2 PC3 PC4
Standard deviation 1.59749 6.9949 6.59/13 0.41645
Proportion of Variance 0.6201 06.2474 0.08914 08.04336
Cumulative Proportion 0.6201 08.86/5 6.95664 1.0606000
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F I3 3w

pca_ < predict(pca, USArrests)

head(pca_, 3)

PCT PC2
Alabama -0.9756604 -1.12206012
Alaska -1.9305379 -1.0624269
Arizona -1.7454429 0.7384595

head(pca$x, 3)

PCT PC?
Alabama -0.9756604 -1.1220012
Alaska -1.9305379 -1.0624269
Arizona -1.7454429 0.7384595

PC3
0.43930366
-2.0195602/
-0.05423025

PC3
0.43980366
-2.81950027
-0.085423025

PC4
0.1546966
-0.4341755
-0.8262642

PC4
0.1546966
-0.4341755
-0.8262642

9.Q
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o (ES AR TR, RUEEHE

o MIERAHRHIRAEER L E R R, B 5 A

idPETT{E (Filter Methods) : % BUZ U BUAHR VX RAIERH T2, 1RE BMEBCE FFIESEBIER DL, IZFAFE,

o JTEIEPRA: IEFEITERKIRHL,
o FHRKR & RS FHIES HAMERIRHZR KR,

« GERIR: — 1 HENZE

55— TN ZERE R E,

42



§ 2\

Ky

O X
P
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PIEITE (Wrapper Methods) : @A S EARVERER PP RFE TRV BRI, XN F— D rHTHYRHIE T4,
Wrapper JHATRZING— 1 02Rds, RIETRGSHIVERENIXFHIE TR T, FIFIR 7%7}%/\1‘5@ %EF'?ZI_J?% J”Hﬁﬁ
PRE. IRBRPAN SRR ENTE, Wrapper 77 AR R £ 2 S FHIEE A A, HBCERFRERN, FEH N SIFIR
BT TRAIEIE £,

0k )77k (Embedded Methods) : TESEAGAFHEILESREY, FLIEFEREIRAASENHBGT IR A S-S BIRE
RIRRM SRR, EAE 2 T 1B T ARFIEIZE 5200 5 fi‘)‘(ﬁ% PIRRAIRIZE SRR,
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mir3filters 3 f& LItk 1 ILUE /IR TRAIEIZ £, filter_cor < flt("correlation")

filter_cor$param_set

AN

library(mlr3)

library(mlr3filters) <ParamSet(2)>

library(praznik) id class lower upper nlevels default value
<char> <char> <num> <num>  <num> <list> <list>

task < tsk("iris") 1 use ParamFct  NA  NA 5 everything [NULL]

Filter < f1t("jmin") 2: method ParamfFct NA NA 3 pearson [NULL]

as.data.table(filter$calculate(task))
filter_cor$param_set$values < list(method = "spearman")

feature SCOTe filter_cor$param_set

<char> <num>
1: Petal.Width 1.00080000 <ParamSet(2)>
2: Sepal.lLength 8.6666667 id class lower upper nlevels default value
3: Petal.lLength 0.3333333 <char> <char> <num> <num>  <num> <list> <list>
4: Sepal.Width 0.0080000 1: use ParamFct NA NA 5 everything  [NULL]

2: method ParamfFct NA NA 3 pearson spearman

— SR TT R BB ERES L

§ 2\ o



FirGHY Learner #EHA —1 importance J& 4 A] LA

FRAIEIZE

£, MT—E223 28 (B0 classif.ranger), WEH AT

MR TEE

library(mlr3learners)

Irn < 1rn("classif.ranger", importance = "impurity")

ZJa ] CAE A EA N ERY TR TILE

task < tsk("iris")

filter < flt("importance",

filter$calculate(task)
as.data.table(filter)

feature score
<char> <num>
1: Petal.Width 44.663706
2: Petal.lLength 43.1088959
3: Sepal.Length 9.0894160
4: Sepal.Width 2.4649/8

learner =

1rn)

§ 2\

\/

V
/)

A

')'
m\
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BIITIAR DU nlr3fselect 192545,  NHEHIBATROS TN EE &5 28H

oy

cax)
0

PRIRHYT Pima RS TRAIEIZE £,

library(mlr3fselect)

task < tsk("pima")
task

— <TaskClassif> (768x9): Pima Indian Diabetes
- Target: diabetes
- Target classes: pos (positive class, 35%), neg (65%
- Properties: twoclass
- Features (8):
- dbl (8): age, glucose, insulin, mass, pedigree, pregnant, pressure, triceps

9.Q

46



PR

EEBANFRIERFE 2 2RIE, Zatee H TRt
TR RERY BRI RIS A MEBE VAT TE PR -

learner < 1lrn("classif.rpart")
resampling < rsmp("holdout")
measures < msr("classif.ce")

) -

w8l FHAY terminator A :

i, AT EAE terminator FRJZEEE— M RN,

clock_time: TEf&ENHJG1F 1L,
evals: TEFEEIENIREIG1E 1L,
perf_reached: TEIRZE|—HaEEREFGINGIF L,

stagnation: TEERETEIRA

_I_

AR AR,

terminator < trm("evals", n_evals = 20)

instance <« fsi(
task = task,
learner = learner,
resampling = resampling,
measures = measures,
terminator = terminator

)

instance

— <FSelectInstanceBatchSingleCrit>

- State: Not optimized
- Objective: <ObjectiveFSelectBatch> (classif.rpart_on_pima)
-+ Terminator: <TerminatorEvals>
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PR

EIFIRRHIEIERRRT, TAITEEEE — fselector EXHE  BANEIEPIATEREW T
1% Bl FHEY fselector H':

e B fselector A E/D—1RHIE T2,

random_search: FHEAIESR o NTEMHFHET5, learner FXf task Al HIZ LAY
exhaustive_search: HEgmiHzR resampling AT G, A ATHIE RKAFELE instance
sequential: JFAIHEZR o
rfe: BEITFASAER IR o terminator FEHIRHIEIZEI R AIIN £5 3R,

o ARAEXILIN 2B Bz U1 REFEIR I E A IE 155,
fselector < fs("random_search") o JEIT $result_feature_set A] DUREEAHYAIEF5R, @S

) $result_y ZREON M AV REFEIR.
FEPATRAIEIEREER, BANTFZRF instance 18 A2l fselector
]

Y $optimize() 73 ¥EH,

fselector$optimize(instance)
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PR

fselector$optimize(instance)

age glucose insulin  mass pedigree pregnant pressure triceps
<lgcl> <lgcl> <lgcl> <lgecl> <lgel> <lgel> <lgel> <lgecl>
1:  TRUE TRUE TRUE  TRUE FALSE TRUE TRUE TRUE

features n_features classif.ce

<list> <int> <num>
1: age,glucose,insulin,mass,pregnant,pressure,...[7] ] 0.2421875
instance$result_feature_set
[1] "age" "glucose" "insulin" "mass" "pregnant" "pressure" "triceps"

instance$result_y

classif.ce
0.2421875
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ZJE N a] AR AR RHIE 82 2 B 2 0E LI

task < tsk("

pima")

learner < 1rn("classif.rpart")

task$select(instance$result_feature_set)
learner$train(task)
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https://github.com/leovan/data-science-introduction-with-r/blob/main/LICENSE
https://github.com/leovan/data-science-introduction-with-r/blob/main/LICENSE
https://leovan.me/

