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®R

T 37— iris

Sepal.Length Sepal.Width Petal.Length Petal. Width Species
0.1 3.5 1.4 0.2 setosa
4.9 3.0 1.4 0.2 setosa
4.7 3.2 1.3 0.2 setosa
4.6 3.1 1.5 0.2 setosa
2.0 3.6 1.4 0.2 setosa
2.4 3.9 1.7 0.4 setosa
4.6 3.4 1.4 0.3 setosa

o Taui—DHBI R HTETRRN T H=OIZFNBLE=7YAD RiEHFE
(Species: setosa. versicolor, virginica) [ZB§ 9 5T —4
= LUTD 4 EHEHRAETHELTTVADREEZHIFILESELT

o TV ADHLDKE(Sepal.Length)
o TYXADHILDIE (SepalWidth)

o FXYADIEFNDE X (Petal.Length)
o TYADIEFNDIE (PetalWidth)

Graphic by (c)Tomo.Yun (http://www.yunphoto.net)
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install.packages ("ggplot2", dep=T

install.packages ("dplyr", dep=T
"caret", dep=T

"GGally", dep=T

install.packages

)
)
)
)

H H= H FHF

(
(
(
install.packages (

library (ggplot2)
GGally)
dplyr)

library

(
(
library (
(

library (caret)

> ir <- 1iris

> head(ir, n=3)

Sepal.Length Sepal.Width Petal.Length Petal.Width Species

5.1 3.5 1.4 0.2 setosa
4.9 3.0 1.4 0.2 setosa
4.7 3.2 1.3 0.2 setosa
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BRIME =

e Sepal.Length DE%. Species Z&ITITD

> aggregate (ir$Sepal.Length, list (Group=ir$Species), summary)

Group x.Min. x.lst Qu. x.Median x.Mean x.3rd Qu. x.Max.

setosa 4.300 4.800 5.000 5.006 5.200 5.800
2 versicolor 4.900 5.600 5.900 5.936 6.300 7.000
virginica 4.900 6.225 6.500 6.588 6.900 7.900

> summarise (group_by(ir, Species), M=mean (Sepal.LlLength),
SD=sd (Sepal.Length))
# A tibble: 3 x 3

Species M SD
<fct> <dbl> <dbl>
setosa 5.01 0.352

2 versicolor 5.94 0.516
3 virginica 6.59 0.636




EXRTSALZEHT

* Sepal.Length D7 %%, Species Z&ITHa<

> ggally_ facethist (ir, mapping=ggplot2::aes (x=Sepal.Length, y=Species))
> ggally_ facetdensity(ir, mapping=ggplot2::aes (x=Sepal.Length, y=Species))
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XTI X172 + 1EET R

> ggscatmat (1r[,1:4])

Petal.Length Petal Width Sepal Lenagth Sepal Width
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XTI X172 + 1EET R

> ggpairs(ir[,1:4], columns=1:4, title="",

]
1

= in
L
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= in
.

+ axislLabels="show", columnlLabels=colnames(ir[,1:4]))
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XTI X172 + 1EET R

> ggpalrs(iris, aes_string(color="Species"))

versicolor:

virginica:
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1855115

> ggcorr(ir([,1:4], label=T, label_round=2)

Petal Width

Petal Length

Sepal Width 043 037

Sepal Length 012
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S—FHDIERE R

o BHEK dummyVars() M FIEL full=T T, £1HATI)DFI—LTHZ/ERL
LW (S o%BLELY)

> dums <- dummyVars(~ ., data=ir, full=T)
> 1r_d <- predict (dums, newdata=ir)
> head(ir_d)

Sepal.Length Sepal.Width Petal.Length Petal.Width Species.versicolor Species.virginica

1 5.1 3.5 1.4 0.2 0 0
2 4.9 3.0 1.4 0.2 0 0
3 4.7 3.2 1.3 0.2 0 0
4 4.6 3.1 1.5 0.2 0 0
5 5.0 3.6 1.4 0.2 0 0
6 5.4 3.9 1.7 0.4 0 0

13



Scaling and Centering

o BY#X preProcess() &, T 74 JLET method=c("center”,”scale”) &
HHOTWLWANDT, EIFRARMIZIEET A2 EILLLY

> temp <- preProcess(ir, method=c ("center", "scale"))
> 1r_sc <- predict (temp, ir)

> summary (ir_sc)

Sepal.Length Sepal.Width Petal.Length Petal.Width Species
Min. :=1.86378 Min. :—=2.4258 Min. :=1.5623 Min. :=1.4422 setosa :50
1st Qu.:-0.89767 1st Qu.:-0.5904 1st Qu.:-1.2225 1st Qu.:-1.1799 versicolor:50

Median :-0.05233 Median :-0.1315 Median : 0.3354 Median : 0.1321 virginica :50
Mean : 0.00000 Mean : 0.0000 Mean 0.0000 Mean : 0.0000
3rd Qu.: 0.67225 3rd Qu.: 0.5567 3rd Qu.: 0.7602 3rd Qu.: 0.7880
Max. : 2.48370 Max. : 3.0805 Max. 1.7799 Max. 1.7064

> for (i in 1:4) print(sd(ir_scl[,1i])) # EZEXEREDHED

N e
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F 5 H (PCA)

> pca <- prcomp(ir[,1:4], scale=T) # scale=TTC{E#1L
> evec <- pcaSrotation # BEBNIRIL

> eval <- (pcaSsdev) "2 # EHE="FEFHTHFERONT R
> eval / sum(eval) + HEXK

[1] 0.729624454 0.228507618 0.036689219 0.005178709

> cumsum(eval) / sum(eval) # REFHHE

[1] 0.7296245 0.9581321 0.9948213 1.0000000

> summary (pca) b EMABADSD, FHE, RRESE
PC1 PC2 PC3 PC4
Standard deviation 1.7084 0.9560 0.38309 0.14393

Proportion of Variance 0.7296 0.2285 0.03669 0.00518
Cumulative Proportion 0.7296 0.9581 0.99482 1.00000 15




RS AHF(PCA) R

« {E#1L (Scaling and Centering) LT=#2DT—32T PCA 9 5_ LI,
HEEITIICH L CRIAESfREZT H_EEEL

> eigen( cor(ir[,1:4]) )

eigen () decomposition
Svalues
[1] 2.91849782 0.91403047 0.14675688 0.02071484

Svectors

[,1] [,2] [,3] [,4]
[1,] 0.5210659 -0.37741762 0.7195664 0.2612863
[2,] —-0.2693474 -0.92329566 —-0.2443818 —-0.1235096
[3,] 0.5804131 -0.02449161 -0.1421264 -0.8014492
[4,] 0.5648565 -0.06694199 -0.6342727 0.5235971

16



F 5577 (PCA) : Biplot

> biplot (pca)
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RENEIZE T SEE

> § REAMEZZTITZHIBR

> na.omit (ir)

Sepal.Length Sepal.Width Petal.Length Petal.Width Species
5.1 3.5 1.4 0.2 setosa
4.9 3.0 1.4 0.2 setosa
4.7 3.2 1.3 0.2 setosa

> # KBAENHLIMNEIIHFIYY
> is.na(ir$Sepal.Length)

[1] FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE

> ¢ RAENHEINEINTFIVI LU LETHNIERAEZET

> sum(is.na(irS$Sepal.Length))

[1] O

18
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FEHT—RETI,T—2(Z5E) ’*R)
o B§%K createDataPartition(T—2 7L —LRASICEEH, p=FEHT—4
DENE) ITT. FERT—AFERATH-HDTEESINRETES

o {hIZHBIEL createFolds(). createMultiFolds(). createTimeSlices().
groupKFold(). createResample() h\& 5

> set.seed(777)
> trID <- createDataPartition(irS$Species, p=0.7, list=F)
> head (trID)

Resamplel
[1,]
[2,]
[3,]
[4,]
[5,]
[6,] 9
> train <- iris[ trID,] # FERHAT—4X
> test <- iris[-trID,] # TANTF—4A

0o o b DN B

20
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ETIL/NSGX—ZD Tuning FNE
HEIZIGCTT—2DRIALIE (PCAS)

ETIVIZERT H/N\TA—FDIEHEZ RO D

B INTGA—RZXR LT

Resampling ETILAD FRBEGE
(K—fold CVZE) JTIEHD (Accuracy <)

FERDEED | IRINTA—IDIRE

BRIBINGA—REZRAWNEETIL(EEETIL)IZT
T (BHAFHETOET—FZHVTHETIEHE) 22



FABEDIHE R
FAlEnf=H7T3Y

o

él_l. » .

I~ Positive Negative

.R

S Positive True Pos. (TP) False Neg. (FN)
I

%K Negative False Pos. (FP) True Neg. (TN)

Accuracy = (TP+TN) / (TP+FN+FP+TN)

Error = 1 — Accuracy

True positive rate (TPR) = Recall = TP / (TP+FN)

False positive rate (FPR) = FP / (FP+TN)

Precision = TP / (TP+FP)

ROC Hh#R D AUC = t#&H FPR, fit&h TPR &L7-HA#E D AUC

Kappa {%%% = (Accuracy — Pe) / (1-Pe)

BRF—BER Pe = {(TP+FN)(TP+FP) + (TN+FN)(TN+FP)} / (TP+FN+FP+TN)?
= ({&2R True E—E 9 HHEZR) + (B False E—H T HHER)

F1 = 2 * (Precision * Recall) / (Precision + Recall) 23



(&9 BF % : Stochastic Gradient Boosting
« GBM(Stochastic Gradient Boosting D — %1t FiE) Z#{EHT 5

> set.seed(777)
> fit0 <- train(Species ~ ., data=train, method="gbm", verbose=F)
> f£it0
Stochastic Gradient Boosting
105 samples 4 predictor
3 classes: 'setosa', 'versicolor', 'virginica'

No pre-processing
Resampling: Bootstrapped (25 reps)
Summary of sample sizes: 105, 105, 105, 105, 105, 105,
Resampling results across tuning parameters:

interaction.depth n.trees Accuracy Kappa

1 50 0.9484685 0.9211192
1 100 0.9505008 0.9241035
1 150 0.9472736 0.9191511
2 50 0.9439057 0.9142006
2 100 0.9412111 0.9098652
2 150 0.9334298 0.8980454
3 50 0.9471300 0.9190297
3 100 0.9415442 0.9105009
3 150 0.9423930 0.9118830

Tuning parameter 'shrinkage' was held constant at a value of 0.1
Tuning parameter 'n.minobsinnode' was held constant at a value of 10
Accuracy was used to select the optimal model using the largest value.

The final values used for the model were n.trees = 100,
interaction.depth = 1, shrinkage = 0.1 and n.minobsinnode = 10.

24



Resampling [Z T Parameter Tuning:
Repeated K—fold cross—validation

> # 5-fold CV, Repeated 5 times

> fitControl <- trainControl (method="repeatedcv", number=5, repeats=)5)
> fitl <- train(Species ~ ., data=train, method="gbm", verbose=F,

+ trControl=fitControl)

>

fitl
Stochastic Gradient Boosting
105 samples 4 predictor
3 classes: 'setosa', 'versicolor', 'virginica'

No pre-processing

Resampling: Cross—-Validated (5 fold, repeated 5 times)
Summary of sample sizes: 84, 84, 84, 84, 84, 84,
Resampling results across tuning parameters:

interaction.depth n.trees Accuracy Kappa

1 50 0.9580952 0.9371429
1 100 0.9580952 0.9371429
1 150 0.9600000 0.9400000
2 50 0.9523810 0.9285714
2 100 0.9485714 0.9228571
2 150 0.9523810 0.9285714
3 50 0.9561905 0.9342857
3 100 0.9504762 0.9257143
3 150 0.9504762 0.9257143

Tuning parameter 'shrinkage' was held constant at a value of 0.1
Tuning parameter 'n.minobsinnode' was held constant at a value of 10

Accuracy was used to select the optimal model using the largest value.

The final values used for the model were n.trees = 150,
interaction.depth = 1, shrinkage = 0.1 and n.minobsinnode = 10.

25



Parameter Tuning with Pre—processing

> fit2 <- train(Species ~ ., data=train, method="gbm", verbose=F,
+ trControl=fitControl, preProc=c("center", "scale"))
> fit2

Stochastic Gradient Boosting
105 samples 4 predictor

3 classes: 'setosa', 'versicolor', 'virginica'
Pre-processing: centered (4), scaled (4)
Resampling: Cross—-Validated (5 fold, repeated 5 times)
Summary of sample sizes: 84, 84, 84, 84, 84, 84,
Resampling results across tuning parameters:

interaction.depth n.trees Accuracy Kappa

1 50 0.9504762 0.9257143
1 100 0.9561905 0.9342857
1 150 0.9561905 0.9342857
2 50 0.9504762 0.9257143
2 100 0.9504762 0.9257143
2 150 0.9504762 0.9257143
3 50 0.9580952 0.9371429
3 100 0.9542857 0.9314286
3 150 0.9523810 0.9285714

Tuning parameter 'shrinkage' was held constant at a value of 0.1
Tuning parameter 'n.minobsinnode' was held constant at a value of 10
Accuracy was used to select the optimal model using the largest value.

The final values used for the model were n.trees = 50, interaction.depth = 3,
shrinkage = 0.1 and n.minobsinnode = 10.

26




Parameter Tuning with Grid Search

> grid <- expand.grid(interaction.depth=c(l, 5, 9), n.trees=(1:30)*50,
+ shrinkage=0.1, n.minobsinnode=20)

> fit3 <- train(Species ~ ., data=train, method="gbm", verbose=F,

+ trControl=fitControl, tuneGrid=grid)

> fit3

Stochastic Gradient Boosting
105 samples 4 predictor

3 classes: 'setosa', 'versicolor', 'virginica'
No pre-processing
Resampling: Cross—Validated (5 fold, repeated 5 times)
Summary of sample sizes: 84, 84, 84, 84, 84, 84,
Resampling results across tuning parameters:

interaction.depth n.trees Accuracy Kappa

1 50 .8685714 .8028571
1 100 .8876190 .8314286
1 150 .9047619 .8571429
9 1400 .9085714 .8628571
9 1450 .9047619 .8571429
9 1500 .9123810 .8685714

Tuning parameter 'shrinkage' was held constant at a value of 0.1

Tuning parameter

'n.minobsinnode'

was held constant at a value of 20

Accuracy was used to select the optimal model using the largest value.
The final values used for the model were n.trees =

interaction.depth = 9,

shrinkage

400,

= 0.1 and n.minobsinnode = 20.

27



Accuracy (Repeated Cross-Validation)

Plotting the Resampling Profile

with Accuracy

> trellis.par.set (caretTheme () )
> plot (£it3)
> ggplot (£1it3)
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Kappa (Repeated Cross-Validation)

Plotting the Resampling Profile with Kappa

\Y%

trellis.par.set (caretTheme())
plot (fit3, metric="Kappa")
ggplot (fit3, metric="Kappa")
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Parameter B ~HIIZH5TE L T T/IXDD

> fitControl <- trainControl (method="none", classProbs=T)
> fitd4 <- train(Species ~ ., data=train, method="gbm", verbose=F,

+ trControl=fitControl, metric="ROC",

+ tuneGrid=data.frame (interaction.depth=4,
+ n.trees = 100,

+ shrinkage = .1,

+ n.minobsinnode = 20))
> fit4

Stochastic Gradient Boosting

105 samples
4 predictor
3 classes: 'setosa', 'versicolor', 'virginica'

No pre—-processing
Resampling: None

30



HTIXOEDFH. ET/LEIDLLE

> new <- data.frame (Sepal.Length=5,
newdata=new)

> predict (fit4,
[1] setosa
Levels:
> predict (fit4,
setosa versicolor

setosa versicolor virginica

newdata=new, type="prob")

virginica
1 0.9834894 0.01648313 2.747719e-05

> fith <- train(Species ~ ., data=train,
> fit6 <- train(Species ~ ., data=train,
> resamp <- resamples (list (GBM=fit}5,

> summary (resamp)

Call:

summary.resamples (object =

Models: GBM, BaggedCART
Number of resamples: 25
Accuracy

Min.
GBM 0.8974359 0.
BaggedCART 0.8918919 0.
Kappa

Min.
GBM 0.8443114 0.

BaggedCART 0.8340807 O.

1st Qu.
9393939 0.
9189189 0.

1st Qu.
9090909 0.
8784228 0.

> modelDiffs <- diff (resamp)

> summary (modelDiffs)

(FaR(THH)

resamp)

Median
9655172
9523810

Median
9481216
9269565

Sepal.Width=3,

method="gbm",
method="treebag",
BaggedCART=£fit6))

Mean
0.9567883
0.9519452

Mean
0.9344324
0.9264190

Petal.Length=1,

verbose=F)

3rd Qu. Max.
0.9756098 1
0.9750000 1

3rd Qu. Max.
0.9630607 1
0.9619772 1

Petal.Width=1)

verbose=F)

NA's
0
0

NA's
0
0
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R

FERDERFEFANDY D%

e (Caret: Available Models

http://topepo.github.io/caret/available—-models.html

238 EDETILDO—E

e Caret: train() Models By Tag

http://topepo.github.io/caret/train—models—by—tag.html

S1{EDET ILDFBN
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XGBoost DHFE R

«  XGBoost:Extreme Gradient Boosting DEEFIT. B T—2ZFEHT S
ZEMHYFE DF L. GBDT (Gradient Boosting Decision Tree) D 1 D
«  BJEL[ETIE (Gradient): BRIEHMETAENGETESNS BHEABID=/ME
s, FlALREFAMMER) ZR/DMITEHINTA—REDIERIZEAIND
« T—XT427% (Boosting) . 7Y UTILFEID—FET,. FERTEIIMNIZES
HAFTHETHEEZE(IIFE. EFEHFITBEENBECTHLELL
« REAXKR(Decision Tree) : FE 2D 1 D, FHEIL—AZRIITIELY
s n{EDOT—2. m BEQFRBAEHEMNSLELET—2tE Y D = {(x;, 7))}
(Dl =n,x; € R™y € R)ICHLT. LLTD K BEDOREZOFMIZELYFEZE
TI2(K BORIZKYFRZITI TV T ILETILEEZS
¢ yi — ¢(xi) = I;§=1fk(xi) , fk eF,i=1,..,n
F={f(x) =wyu} (q:R™ - RT,w € R ) [FERYSDREAK (CART) D ZEH
q EnBOET—%%. WML THREICHDITT S RDEE]
T IEKRDEDH. fi, [FIIZLI-KDEE q EEDEA w ITHIET D
w; ZFRALT, i EBEDE (hode: /—F)DRAT7ERT

3 tH B :Tiangi Chen and Carlos Guestrin (2016) “XGBoost: A Scalable Tree Boosting System” 35
XGBoost Documentation: Introduction to Boosted Trees: https://xgboost.readthedocs.io/en/latest/tutorials/model.html




XGBoost DH#FE - XGBoost Documentation D H ‘Q

Input: age, gender, occupation, ... Like the computer game X

prediction score in each leaf

¢« SADREDAVEL—E5—LDIFAHDESVGELRE) 1ZFHITS

* CART TlEX. RIEDAU/N—FWRRLGEIZHFEL, ®ILT HEIZROTH
YL T8, EEDQDRAT7HLEICEAEMNITOENS

e  1=12L.1KR® CART OKRTII+ 0L FTRABENRADHLL

3 tH B :Tiangi Chen and Carlos Guestrin (2016) “XGBoost: A Scalable Tree Boosting System” 36
XGBoost Documentation: Introduction to Boosted Trees: https://xgboost.readthedocs.io/en/latest/tutorials/model.html




XGBoost DHFZE: sg X DB (X 1)

tree1 tree2

=-1.9

¢« qQTCHEZONAIRDREIL—NZFERALTENZEIZHEEL. XHICTHED
AOA7(w THEZNBD)ZEBEITH &Y. BRMLEFRZETE TS
= oYU TILEE (D5 XGBoost [FT—R T2 ELNVSFiE) O

3 tH B :Tiangi Chen and Carlos Guestrin (2016) “XGBoost: A Scalable Tree Boosting System”
XGBoost Documentation: Introduction to Boosted Trees: https://xgboost.readthedocs.io/en/latest/tutorials/model.html




XGBoost DHFE ‘Q
« LTOBEMES L(¢p) ZR/IMETHET,. ETILEEESES
* L(¢p) =21 yi) + Xk Qfy)
o Q(f) =T +§)L||w||2 (RETIIEHIZL, EEAEIE aflw| HYEN)
| (3 rTeE/ N8 R BEEE (FhEEEL) ©. HMZEMDIELFTAEED =
(5] : P EERIBEDIEEIZIX logloss., EIRMEIREDIEG S (EFH _FRE)
QC) [ERDEHEZRI ERLIE (SRIIE) Ty ITTE(/—F) D#.
a |ZTL, EAMEIE, A [ZT L, IEAMEIEDBRESDFABREFTS
A User's interest
o TFAMEBEIIETILOEMIZTFHIEL, ETILN
(FE) T—S~BREELEN OIS o =
Al x
e fHlELT. AKOT—ZIZ[BERBE#ZE L TIEHS
_ETERD > t

Observed user's interest on topic k
against time t
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A User's interest

A User's interest

- BLEH: EHTE

Xy ™% « ETE: BHfZA

X i TEY]
x X
5 X X x—] X - BETH: &)
= t B
Observed user’s interest on topic k b bttt [ —foa7EE] ]
against time t Too many splits, Q(f) is high REE IR E
« Bl ETILE
A Users interest A User's interest FEETILO
I~
mMANBLETHS
b 4 X s sa T — s
| ; BHEBICHTS
w X X i X R N /§47Z&§J\§5W)
: ' Fo—FAT&EL
' P ' >t  FEh
t; t,
[%] Wrong split point, L(f) is high [7| Good balance of Q(f) and L(f)
3 tH B :Tiangi Chen and Carlos Guestrin (2016) “XGBoost: A Scalable Tree Boosting System” 39

XGBoost Documentation: Introduction to Boosted Trees: https://xgboost.readthedocs.io/en/latest/tutorials/model.html



XGBoost DHFE ‘Q

e  XGBoost Tl& additive manner EFE[ENAFEHTETILNEE NS
s FT.HEDKDBEE q#5A-LtTHRELGEH wZEHL, RIZEHINT-
RBEGEAEY, KOEBELELTENNRLERVNVOZEMIEE LO OEMSHIE

. 9Vt EMEOKYELIZEITS i EEOT—EDOFRIEET B,
50 _ |
y _
¢ A(l) fl(xl) — A(O) +f1(xl)
: *” ﬁua+ﬁua—*”+ﬁao

9 = Bhet file) =97+ filx)
o tlElEO)(U RLICEITARDBEEZRHD-OH. UTOEEZEZS

© 1O =38 (v 3V + Ai)) +00R)
EEIEDORRIL f(x) BHOT, T, Q) D 1,...,t — 1 BT AEIZHIBRLTLS
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XGBoost DHFE ‘Q
o 1) DB fi(x) ENHCHTI=H.LO F 2 RETHOETIELL
© LW =3R, [l (yl' y )) +9:fe (X)) + Ehift (xi)] +Q(fe)
° gi= aA(H) (yu yl(t 1)); h; = ;(t—l) (Yir },}i(t—l))
o TEHEIFEZGLTEILOTHIBRL. ¢t BIBDOLKYRLIZENT,
IO =3 [gifeCe) + S hef2Ge)| + Q0D
CORD, FHTLWLAKRZENMLZIHE D&EILD B rIERKICES

CDEBEDEZGRAVNE, BHBEBDED g; &£ h DHITIRFT DR

XGBoost AR X R KEHZ Y R— 9 HEA T, HRAGHEXEHZ.
E<{RILAEZHERALTHRELTEHILITED

1) 5 MSE DB 2. 1O = 3 fy — (5670 + £} + 20
_Z { (Al(t 1)_yl)ft(xl)+ft(xl) }+ Q(ft)+IE$<ﬂE
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- 1EH|MEIE Q(f,) ZEFTL.
o IO =3 gife ) + 5 hifEG)| +¥T + 548, wh

= ZT'— Kziez-gi) w; + E(Zia. h; + A) W-2] + yT
I ={ilglx) =j}:T j BEHOEIZBIYHTON -T2 IDRFOESR

( instance set )

—BDARDHEM I, Z#. RO/—FDAROIEM L [CES]ZA TS
¢ qg(x) (ilﬁlméhfh\é&?’é&\] BEHORIZEITORELEH w/ [&

Yiel: Ji
[ J W f— _—]
J z:ieI-h"*"1

o LY. ZTOREOHELRBHEABDENUTDOLIITKES

2
[O(q) Z (Zia] gi)
« LY (q) =— +yT
=1
] ZLEI hl
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« BIED LV . K& gx) DITREIZHEBRAT7ELTERTS
e tEHBDOKYRLIZEWT, KREENFEITENTWAOFRIET 5 HENGTE
—C'ét@'c F%i%héﬁ&rmxéﬁuziéLf%iﬁ@?ﬁ%iﬁ#ﬂjﬁélém;t“
AR =HAIEIRER - -

Instanceindex  gradient statistics

@

g1, h1
IS - {23 3? 5}
82,02 G3z =92+ 9gs + g5
ﬁ I = {1} =14} H;=hy+hs+hs
3 S g3h3 G = g Go = g4
Hl — hl H.r_; === hal
& ..
- L@ _
A @) =-5; &z H =+ 37
k?jr.,’ g5, h5
The smallerthe scoreis, the betterthe structure is
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 XGBoost TIIMRIZEZ 2 DDOFEIZHEILELHETHRIZH/FELONSFEADROT ]
ZUTTEHEL. K2R BT EMNEIDZTHIET S ( Ly DNETHNIEDED

L. =1 (ZiEIL gi)z n (ZiEIR gi)z G )"
split — 5 o er; hi+d Y elp hi+A Y hitA
LAEBOEDEIZEIY B ToON=T—IDHFNDES (instance set )
R DEIBDAEDEICENHTON=T—IADRFDESE (instance set )
1 =1, Ul
« TANEHRDEGE. BELEREENENITRRT H=HIZ. ETHOT—53%
FIEICEIEL. ZF.?fJ\bJILEl é’CO)’\iUl DVWTERAR., BELERENZER DTS

e é

—Y

W

g1.h1 g4, h4 g2, h2 g5.h5 g3 h3
GL=¢g1+ ¢ Gr=92+93+9s
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Shrinkage
o HLOWADIERSINIE.HA () [TEEERn(0<n<1) T, [EF
MBINTHZETHREETEIE
© FHRIE 9 FEHT IR E fi(x) [CRTER ) 2RELTVS
Subsampling
- ZFEBOZE(t)ICT,. 2 THOT—2/HRAEHZTANT [T—EZEHEA
?é;&TL%E”éBHJJ:
(Row) subsampling: KR EIZEE T —2ND1T% sub—sampling 5
«  Column subsampling by tree: RKZ &IZ51 (ERBAZE 1) & sub—sampling 95
«  Column subsampling by level: KDL AN)JL GES) Z &IZ5% sub—sampling 95
«  Column subsampling by node: /—F (3D 7 EIFF) Z &(ZF5% sub—sampling 5

e fIZH. 7|<0)2|K;gﬂl(num round.” n_estimators, FFEREDFELY).
RDFES(max depth, FBWNEEBLFEED) . EXERT Hm/NT—2H#
(min. child weight, [ENKEWNEBFEEHLL) ENFETES
o ROAXRHI. TRZEOT=>BHIBEMDORAOTEEEIZ<YRL., HAHBEFAMNS

—ERHYRLTERAT7ZHAHRELLWNWECATRET SH. EDHELH D

= early stopping
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BRI TIVT—IFEILITK FCECHRED BV A ( kagele TEBI15%LLAA
EFLL) DEEFE . kaggle Ti@)b’éﬂﬂéf‘&)0)77 9. F(XEBRLEL

kaggle IZ& M9 HE AL, FRARBEMNRE (J—I7DFENFIM) HEDH-H
RILE, T—2DHMERE. 7’—97')—:/7‘@%\2,3

DEISCTHMERZABELR., T—2DOREIMEIE., SANIEIE 1%-99% m7ARE TH5T
EHIIHE. T—2OHEDKRESIZEERDGEKRNEROADNEE

%'Clirfeature engineering ]TEDAID 77 &IE AR, NN FZRIRELI=AED
BASNTNBIEN R, XGBoost DHEREARN—RADIBE ZR DA M BEME

. Z’7'—')./7 PEEIL-ERITADOETIRIIAFAE, HEARBELAECERLEZNE
RAENH>THEZDEFNETES
TIZRBAZEBED-IGEIVE, RAEZHRELI-ANEEN LNLIGEGENIEALE
[RAMEZERE |+ T RBITHSTSY 12 BMTHEEENLNRDIGEN S
EfR RO RANERE , HTI)EEZ encoding T HFRIE one-hot encoding + RBILHT
TUDVEDELTEREITS
« catboost encoding Z (@ target encoding [£')—I M HHLND THEAHLZLY
REAR—ZRDFETIE, EHNKEIZLZTNIEEHBRIIEETHL
XGBoost MIGFE. FHRIZHEELLGWEMNH>THLFABEICHEYEELLL
AL LY. ETILICEOH DI ENHEDHELET ILIZEH T XGBoost [T #
LTELIDHBRBRLN? - ELVD LT, SHEIFRBIELTEE#HEZ(FES
%ﬁf‘ﬁzﬁlfﬁﬁkli,légk LU T(EHRNTOEN., ZHBDOEEHE)
BIZ LRI T—ADGEGE . [HAHA—BARDOFEHEIZEHRTHH5E. BFRIT—2D
FECIEREARDETIVICHA A LKMERICIEEN T (EHDER) PR E
REARE, DIEOKYRLICESOTEHRBDRXEERAZRMRI HENE KDL —7A.
THED(F ) E LG EFTRBIHOCENHLLVD T, Gt HITHZLICERD HDH
SENTEHREIO (F1.) E., LEFEELTH-LGERTERT S EITER 46



kaggle : https.//www.kaggle.com/

R

TEOHEENT— Q’é?x*nb AP DOHMEAROT AT D HREL
ETILEAUREWVSETEHEWLNED., FTRIETIVT RUS T FEBED

7°5“JI~77J-—L\&U%O)EE"%*1( Wikipedia &£V :
https://ja.wikipedia.org/wiki/Kaggle)

FDEBRITOF2—R)T7ILOEFEEBEDT O S LNE. Discussion FH
HY. ARIZENMLGSTEHIER ICHTRIZE S

Competitions

Grow your data science skills by competing in our exciting competitions. Find help in the

@ Documentation or learn about InClass competitions.
i Your Competitions
<> Active Closed Pinned Hosted
E Titanic: Machine Learning from Disaster
Start here! Predict survival on the Titanic and get familiar with ML basics Knowledge

@1 Getting Started « Ongoing « 17246 Teams
v House Prices: Advanced Regression Techniques

ﬁ Predict sales prices and practice feature engineering, RFs, and gradient boosting Knowledge

Getting Started « Ongoing » 4440 Teams

All Competitions

Active (Not Entered) Completed  InClass All Categories ¥ Default Sort 47




XGBoost DtYrF7 w7 R

e Rtools DA A+—JL ( Windows 1—H—[m](7)
https://cran.r—project.org/bin/windows/Rtools/

BNV — DAV AL

> install.packages ("drat", repos="https://cran.rstudio.com")

> drat:::addRepo ("dmlc")

> install.packages ("xgboost", repos="http://dmlc.ml/drat/",

+ type = "source")

> install.packages ("xgboost", dep=T) # EELROKN)IMERTEEHGS

> install.packages ("fastDummies", dep=T)

e /\W— XGBoost EXE—EHIERBRAD /N — % HEH

> library (xgboost)

> library (fastDummies)
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XGBoost: F/E R

F—AOBLE (KB - HTTYEHOILIE)

ETIVIZERT H/N\TA—FDIEHEZ RO D

BINTGA—=RZx LT

ETILAD xgb.cv() T xgb.train() T
HTIEH CV FE -

fERDEED | HIRINTA—FIDIRE

BRIBINGA—RZANEETIL(E&EBETIVL)IZT
FR(ET—3ZFHANTHETIEHE) 29



BF# xgb.train(), xgb.cv() D/ NVFX—H ‘Q

booster: "gbtree" “dart” DELTLNSIEELHAIN

objective: ‘reg: squarederror (G, EFH-—FEBEEXH/ME).
“reg:squaredlogerror” (B} squared log loss Z&x/IME).
“binary:logistic”( 2 1|E/\* H. log losszZm/IME. ﬁE%’EﬁT%
“multi:softprob” (Z{E4£8). it

*  eval metric: T77J')l/Hi objective (:?EEéhT:%iﬁ(:FSCT:?E#E,—‘;
([El): "rmse” 2 {E53 %8 : logloss ), f[CH “rmsle” 42 "mae” ([El)F) . “error”
(2 {E5 %8 : 1-accuracy ). "“merror’ X0 “mlogloss” (Z B 5H). {th

e  eta:FEE T IAILME 03 A, 0.05 XIE 0.1
«  maxdepth: ;JRERDFES. TIAILEE 6 T, 3~9

*  min_child weight: EZE T A&/ T —28. EN KRS EEFEEHIE.
FIAIILRETIT.0.1~10

*  colsample bytree ! ;RTE R EIZHFHED T Zsamplingd DEIE . [EHA/NSLVE
BEEFFIE, TI7A4ILRE 1 T, 06~1

e  colsample_bylevel: i FZEZ EIZHFHED S Esamplingd DENE . TIA4ILME 1 T,
05~1.03 EEICTIF5H5Ed

*  subsample: ;IRE R EIZEE T —2D T samplingd HFNE . EHA/NSLVE
BEERFIE, TI4ILRE 1 7258, 0.6~0.95

«  gamma: REARZDIRSELH-OICRERBELTREEHEHDE. EAKRELE
DL D5 GAFEERLLE) AY. T77J-)I/Hi 0

« alpha [reg_alphal:L1 IEB{E DRI, ENAKRENEBFEFHIE. TIA4ILRE O
*  lambda [reg lambda]:L2 IEB{E D5RE, ENKELNEBFEHIE, TIAILEME 1
¢ https://xgboost.readthedocs.io/en/latest/parameter.html 50




L

‘jris T—RTCEE

548

n <— nrow(iris)

label <- as.integer (iris$Species)-1

train_index <- sample(n, floor(0.8*n))

train_data <- as.matrix(iris[ train_index, 1:4])
test_data <— as.matrix(iris[—-train_index, 1:4])

train_label <- label[ train_index]
test_label <- label[-train_index]

xgb_train <- xgb.DMatrix (data=train_data, label=train_label)

set.seed (777)

params <- list (booster = "gbtree",
objective = "multi:softprob",
eval_metric "mlogloss",

num_class = 3,
eta = 0.05,
max_depth = 5,
min_child weight =1
colsample_bytree = 1,
colsample_bylevel = 1,
colsample_bynode = 1,
subsample = 0.95,

~

gamma = 0,
alpha = 0,
lambda = 1

)

cv_result <- xgb.cv(param=params, data=train_data, label=train_label,
early_stopping_rounds=20)

nfold=4, nrounds=1000,

xgb_model <- xgb.train(data=xgb_train,
params=params)

pred_tmp <- predict (xgb_model,
pred

nrounds=cv_result$best_iteration,

test_data)
<- matrix (pred_tmp, 3, length (pred_tmp)/3)

verbose=F,

verbose=0,

51



BI2): iris T—RTEZEEE

o HOTIE. EHTIVELGLFREEREZRO-N. EHTIVBERKE
RYELT S5 5L objective = "multi:softmax" &9 5

params <- list (booster = "gbtree",
objective = "multi:softmax",
eval_metric = "mlogloss",
num_class = 3,
eta = 0.05,

max_depth = 5,
min_child_weight

I
e
~

colsample_bytree ’
colsample_bylevel = 1,
colsample_bynode = 1,

subsample = 0.95,

gamma = 0,
alpha = 0,
lambda =1

)

cv_result <- xgb.cv(param=params, data=train_data, label=train_label, verbose=F, nfold=4,
nrounds=1000, early_stopping_rounds=20)

xgb_model <- xgb.train(data=xgb_train, nrounds=cv_resultS$Sbest_iteration, verbose=0,
params=params)

pred <- predict (xgb_model, test_data)

52




—tt

BIB): iris T—RT 2 (&

£48

1:47)
1:47)

label=train_label)

iris_ <- iris[1:100,]1 # 2 ATIVOHHHE
n <- nrow(iris_)
label <- as.integer (iris_S$Species) -1
train_index <- sample(n, floor(0.8*n))
train_data <- as.matrix(iris_[ train_index,
test_data <— as.matrix(iris_[-train_index,
train_label <- label[ train_index]
test_label <- label[-train_index]
xgb_train <- xgb.DMatrix (data=train_data,
params <- list (booster = "gbtree",

objective = "binary:logistic",

eval_metric = "logloss",

eta = 0.05,

max_depth = 5,
min_child weight = 1,
colsample_bytree
colsample_bylevel
colsample_bynode = 1,

I
Il
=
'_\ ~
~

subsample = 0.95,
gamma = 0,
alpha = 0,
lambda = 1

)

cv_result <- xgb.cv(param=params,
nrounds=1000, early_stopping_rounds=20)

xgb_model <- xgb.train (data=xgb_train,
params=params)

pred <- predict (xgb_model, test_data)

data=train_data,

nrounds=cv_resultS$Sbest_iteration,

label=train_label,

verbose=F,

verbose=0,

nfold=4,
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Hl4): House Prices H

*  kaggle DAVRTHEASIN TS, FEMIEICEHT LT —F

o FTAA T (lowa) MIALX (Ames) ITHEITH. FEDIFZIZFETOHOEREZ A
9579 BEOEHMLY. BEEDZIRMAE (SalePrice) = FRT 5 EMNB B

e traincsv(EEHHT—4) & testesv(TARAMT—2)AH D

£ TE &= b & DMHE

Id ID train.csv: 1~1460, test.csv: 1461~2919

SalePrice =@ (kL) — BHHZEH

ZT Dt 79 £ RBIZE. FHEREEIE Root MSE | EFfHIECH 5

Id MSSubClass MSZoning LotFrontage LotArea Street =-* YrSold SaleType SaleCondition SalePrice
1 60 RL 65 8450 Pave === 2008 WD Normal 208500
2 20 RL 80 9600 Pave -+- 2007 WD Normal 181500
3 60 RL 68 11250 Pave ==+ 2008 WD Normal 223500
4 70 RL 60 9550 Pave --- 2006 WD Abnorml 140000
5 60 RL 84 14260 Pave --- 2008 WD Normal 250000

1460 20 RL 75 9937 Pave -+ 2008 WD Normal 147500 54




#I@): House Prices T—%X Tlaliz

train <- read.csv("C:/py/housing/train.csv")

test <- read.csv("C:/py/housing/test.csv")

train$d <- 1

testSd <- 0; testS$SalePrice <- NA

all <- rbind(train, test)

all <— dummy_cols (all, remove_first_dummy=F, remove_most_frequent_dummy=F,
ignore_na=F, remove_selected_columns=T)

train_x <- as.matrix(allf[all$d==1, -which (names (all) %in% c("Id", "SalePrice"))])

test_x <- as.matrix(all[all$d==0, -which (names(all) %in% c("Id", "SalePrice"))])

train_y <- alllall$d==1, which (names(all) == "SalePrice")]

id <— all[all$d==0, which (names (all) == "Id")]

options (na.action='na.pass') # T—RIIRAINHIEEIZEITTS
xgb_train <- xgb.DMatrix (train_x, label=train_y)
xgb_test <- xgb.DMatrix (test_x)

options (na.action='na.omit"')

params <- list (booster = "gbtree",
objective = "reg:squarederror",
eval_metric = "rmse",

eta = 0.005107858908628096,

max_depth = 5,

min_child weight = 4.364977408921935e-11,
colsample_bytree 0.3624543386127742,
colsample_bylevel = 0.5793388349683782,
colsample_bynode = 0.620049058938708,
subsample = 0.5458169704089749,

gamma = 5.076210671136954e-20,

alpha = 0.015570353464057784,

lambda = 9.549319826840685e-20 55
)




#I@): House Prices T—%X Tlaliz

cv_result <- xgb.cv(param=params, data=train_x, label=train_y, verbose=F, nfold=4,
nrounds=10000, early_stopping_rounds=100)

xgb_model <- xgb.train(params=params, data=xgb_train, nrounds=cv_result$best_iteration,
verbose=0)

pred <- predict (xgb_model, xgb_test)

out <- data.frame(id=id, SalePrice=pred)

write.csv(out, "C:/py/housing/submission.csv", quote=F, row.names=F)

H AR

> cv_result
##### xgb.cv 4-folds
iter train_rmse_mean train_rmse_ std test_rmse_mean test_rmse_std

1 196602.918 1803.41268 196542.05 5504.932
2 195643.246 1799.12176 195588.93 5500.977
3 194678.121 1793.73750 194624.41 5492.965

5672 3066.898 96.31851 25728.10 3304.067
5673 3066.385 96.19963 25728.40 3304.039
5674 3065.417 96.37145 25728.21 3303.864

Best iteration:
iter train_rmse_mean train_rmse_std test_rmse mean test_rmse_std
5574 3139.602 96.69221 25726.99 3306.408

> cv_result$best_iteration # ExBEADEL
[1] 5574

> pred[l:6] # FHIE

[1] 127816.5 157177.9 193791.3 195808.2 183702.7 176866.2

> pred|[ (length (pred) -5) : length (pred) ]

[1] 74189.26 80489.48 78532.78 170368.59 115963.38 223097.61
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INGA—Z e Fq—= R

o 50EM/\TA—A (hyperparameter) (&, T—RAZEFa—=24
TOLEMNDHD
« FTER.JIVIFI—F ST LY—F
« Exitld Bayesian Optimization AV T
e Bayesian Optimization @ R AD/\v 7 —IEZWWDhH b
RONYTF—CTHREDRVWELOMNRE H-640?
Python THMNIL optuna ELVSEEDERWLNSATIUNHS
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T —2 DA F

T —FDEHR]

T —FDRELE
— 3D 7 E]

ET )LD Training & Tuning

BROEWFEF

XGBoost

END) D%k
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Max Kuhn “The caret Package”.
http://topepo.github.io/caret/index.html

Max Kuhn and Kjell Johnson (2013) “Applied Predictive Modeling”, Springer.
http://appliedpredictivemodeling.com/

Sebastian Raschka and Vahid Mirjalili (2019) “Python Machine Learning,
3rd Edition”, Packt Publishing.
https://github.com/rasbt/python—machine—learning—book—3rd—edition

Scikit-learn documentation (for python).
https://scikit—learn.org/stable/
https://scikit—learn.org/stable/tutorial/machine learning map/index.html

XGBoost Documentation

https://xgboost.readthedocs.io/en/latest/index.html

FHE WG58

« [The R Tips & 3 hxJ (2016) A —L%t
https://www.ohmsha.co.jp/book/9784274219580/

R THRETEET AP
http://nfunao.web.fc2.com/files/R-intro/index.html

« RTYUZ74ER I ggplot2 AFq]
http://nfunao.web.fc2.com/files/ggplot2.pdf
« RTT—ANVKYLYT
http://nfunao.web.fc2.com/files/r—datahandle.pdf O
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