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python

kaggle : https.//www.kaggle.com/ po':ed

« HEOMEENTIZEBL. HRPORARCT I ETORELET ILE
OAUREVSETHRWNED. FRIETIV T RUSTFEBED ISV IA—LRY
FNEZES% ( Wikipedia &Y : https://ja.wikipedia.org/wiki/Kaggle)

«  LEBERITOFa1—R)T7ILOLEBZEEDTOS S LLAE. Discussion EMHY.
AVRIZE ML THIERIZHMTRIZHE D

« QREO House Prices T—4(% kaggle DFE I RDED . kagele [ZF Ex (FEFL)
ITHIEFHoO0—KRTEHIENHEES

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! Pradict survival on the Titanic and get familiar with ML basics Knowledge

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

ﬂ 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 Sortr 3




python

T ET—H: House Prices po'\,:ed

*  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 4
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XGBoost: GBDT D=4 751/ .

BT —RXT1>% (Gradient Boosting Decision Tree. GBDT) Df-&H D
FAT ST RERER—RELI=ET L
1. BHMZEHEFRENTHESNSIBMBERZHET ALIRERTIERLT
ETILIZIEM
2. #1Z . NAIN—INFGA—ZTHEELEZRERDAHZ<YRT
Random Forest TIXARZ M5 (Z4ERKT DAY, GBDT TIIARZEEIZ4ERL.
BERIECTERLIZRERDFABEZFHLLVREARIZMKRY 52 ETHIEIE
FENPTVLEICRENSL. D ETHEIFTLEATSES
kaggle DAV TIL,.GBDT #F T &xIC@EHT AL
EHIIHE. T—2OHEDKEZIZITEERINGL, KIDMNEFZROANEE
— ZELGEDRT—) 7 NEIL GBDT DIFE XIZIFTEBRHAZL
REAELIHOTEZDEFLFNETESD
RERDADIEDSYRUIZE>TERE DR EEHZ AR
(M. REERAZRBLEZE#HEREERLI-ANRAY)
HTT)ZEHIL label encoding TODEMEK ., {1IZ[d one—hot encodings
target encoding MEYB N EFRE TLHOETR N EE
FE1T75 (scipy @ csr_matrix/csc_matrix) [ 2% it A] s
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XGBoost: F/E p::ed

F—AOBLE (KB - HTTYEHOILIE)

ETIVIZERT H/N\TA—FDIEHEZ RO D

BINTGA—=RZx LT

ETILAD CV [ZT FARESE
LTIESH <YirL (Root MSE%)

fERDEED | HIRINTA—FIDIRE

BRIBINGA—RZANEETIL(E&EBETIVL)IZT
FR(ET—3ZFHANTHETIEHE) 6
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import
import
import
import
import
import
import
import
from

from

from

optuna

xgbfir

warnings

numpy as np
pandas as pd
matplotlib.pyplot as plt
seaborn as sns
xgboost as xgb
sklearn.model_selection

sklearn.metrics

import KFold

import mean_

squared_error

category_encoders.cat_boost import CatBoostEncoder

warnings.simplefilter ('ignore',

FutureWarning)

# BEEFRT




F—HTL—L., Series DT EXE

# T—RIL—L (LLF df ) D%FE - KEDSITERT
df .head ()
df.tail ()

# df DITE - IIHERTR

df.shape

# df DEFY

df .describe () + BRHET=
df.info () # RAIDIEESE

# df DFIEHR

df .dtypes ¥ BIDOT—2DE
df.columns # BIFERDIE

# Series (LIF x ) MEH

type (x) # 4
x.unique () + [EDIELE
X .value_counts (sort=False, dropna=False) # EDHEE

python

3

powered



pandasgui

e pandasgui TT—37L—L% GUI THE
(T—EAMNKETTLHLMEH )

https://pypi.org/project/pandasgui/

pip install pandasguil

from pandasgui import show

show(df)\\\
\
= PandasGLI ~ O
Edit Debug SetStyle
(Mame  Shape | DataFrame | Filters  Statistice = Grapher  Reshaper
df 2019 X 82
index Id M55ubClass M5Zoning LotFrontage LotArea
a 1 &l RL 65,0000 8450
1 2 20 RL 80,0000 2600
2 3 &l RL &5, 0000 11250
3 4 70 RL £0,0000 8550
- . 1
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X_—1— .
o T—HDZ(E. XGBoost DI E
o EfT—AX0MEIFHE
© BIREDH — LYHZT TR
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-+ EREAZHOZFIR-ERL [PYEL]
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EEBHZEFH DETHEET)

e traincsv & testosv FFEELTT—2T7L—L df [T R

import warnings

import numpy as np
import pandas as pd
import matplotlib.pyplot as plt
import seaborn as sns
import statsmodels.api as sm

import statsmodels.formula.api as smf
import xgboost as xgb
warnings.simplefilter ('ignore', FutureWarning) # ZEZXIERT

# train.csv & test.csv DHEE

dfl = pd.read_csv('C:/py/housing/train.csv', header=0)
df0 = pd.read_csv('C:/py/housing/test.csv', header=0)
dfl["Is_train"] =1

dfO["Is_train"] = 0

df = pd.concat ([dfl, dfO0])

# print (df.info())

# print (df.head())

¢ EFM#54E : Root—-Mean—Squared—Error (RMSE) between the logarithm of the predicted
value and the logarithm of the observed sales price. (Taking logs means that errors in
predicting expensive houses and cheap houses will affect the result equally.)

python

3

powered
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> M2 F <R K = IR K[ — I, *b IR - % <Hil . TE
« BEHLGLEHEHRALTHIC. BEHNEHEHBERLI-Z. TRI-1RH
¥ T—2DRE
train_x = df.query('Is_train == 1')[['YearBuilt', '1stFlrSF', '2ndF1lrSF', 'BedroomAbvGr', 'KitchenAbvGr']]
train_y = df.query('Is_train == 1')['SalePrice']
# train_y = np.loglp(df.query('Is_train == 1')['SalePrice']) # log(l+y)
test_x = df.query('Is_train == 0')[['YearBuilt',6 'IstFlrSF', '2ndF1lrSF"', 'BedroomAbvGr', 'KitchenAbvGr']]
id = df.query('Is_train == 0'"') ['Id']
# xgboost FAMDT—AEEIZEH
dtrain = xgb.DMatrix(train_x, label=train_y)
dtest = xgb.DMatrix (test_x)
$ INAIN—INTA—BDERTE
params = {'objective': 'reg:squarederror', 'random_state': 777}
num_round = 200
# FEDEIT. FAE
model = xgb.train (params, dtrain, num_round)
pred = np.expml (model.predict (dtest))
# pred = np.expml (model.predict (dtest)) # log(l+y) DERZEITHEIGEIERET
¥ EROEEE T
xgb.plot_importance (model) kaggle DaAND

# REAT— 2 DIERK

score: 0.19862

out = pd.DataFrame({'Id':id, 'SalePrice':pred})
out.to_csv('C:/py/housing/submission.csv', index=False)

12
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python

HHIZ % : SalePrice po':ed

« SalePrice: the property’s sale price in dollars.

BIZTEZEIVTHEY . SINELHS. R ERSHEADINED

XGBoost D& £, K/INEABRNEDLSLEWEBRIIETILIZEE LI T A8, Ek
THIIDLEELHLHELNIEEL

= RERIIARGIZEHBITIKTFELLZLD D ? https://amalog.hateblo.jp/entry/decision-tree—scaling
READATNIEQE D FRRAT (L3t A #77L 10.15963 | I x4 Z i dpY) - 0.15548 ]
THO=1=0 . SEIEHBMERZITOEIZT S

print (df.SalePrice.describe())
sns.histplot (df.SalePrice)

count
mesan
st
min
20%
R0%
Fia}!

max

1460 .000000 175 |
180821 . 195890
70447 502883 150 -
34000 .000000
128975.000000 125 1
163000000000 & 100 |
514000 .000000 =
755000000000 S ]
Mame: SalePrice, divpe: floathd
ED_
25
D_ | —

1 1
0 100000 200000 300000 400000 500000 e0OO00O0 FOOOOO 14
SalePrice
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A Y4 Y /4 —tl P
ﬂ: Hﬁz‘-ﬁ@ﬁ”ﬂﬁ@ powered
« HIE(Z 5 [E:2EMRE) DFERXIY., FILENEETHS

CEMTIO-DT, FEHZTE(IZUIET S
FHIELL T Dl data |27 A2 data_description.txt <8

https://www.kaggle.com/c/house—prices—advanced-regression—techniques/data
o AEHIFLT GEMIEIZDM I D&RZRIZEEEL) .

o HAWTIVERIA-HEENSWATI) THE. XIIRAZEHTI)IE

o EHREH: KAITIHE (B THRETHTIT 2 ETRETT D)

xgboost THRAIZIED H:E IRBFEHH S
« REKFYRKRKRHLGUNIBOABN. SFEMGALEITITOITSLSHE

i

15
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def summary_category (x) : # ATIVEHDOER
formula = 'SalePrice ~ ' + x
tmp = smf.ols(formula, data=df).fit ()
anova = sm.stats.anova_lm (tmp)
label = 'Median, Mean +- SD, F=' + str(round(anoval['F'][0],5)
str (round (anova['PR(>F) '1[0],4))
print (df [x] .unique ())
print (df [x] .value_counts (sort=False, dropna=False))
print (df.groupby (x) .SalePrice.describe (percentiles=[.5]))
plt.figure(figsize=(14, 5))
plt.subplot(l, 2, 1); plt.title("Frequency"); sns.countplot (df[
plt.subplot(l, 2, 2); plt.title(label)

ax = sns.pointplot (x=df[x].fillna("NA"), y=df.SalePrice,
sns.barplot (x=df[x].fillna("NA"), y=df.SalePrice,
ax=ax)
plt.show ()
def summary_numeric(x, bins=10): + BEEZHOEN

r="
bins,

r "Scatter Plot:
y pd.cut (df [x],
print (df [x]

print ('NAs: ' + str(df[x]
plt.figure (figsize= (14,
plt.subplot (2, 2, 1); plt.
plt.subplot (2, 2, 2); plt
plt.subplot (2, 2, 3); plt.
plt.subplot (2, 2, 4); plt.
ax = sns.pointplot (x=y,

sns.barplot (x=y,
plt.show ()

y=df.SalePrice,

10))

title ("Median,
y=df.SalePrice,

+ str (round(df.SalePrice.corr (df[x
labels=False,
.describe (include="'all'"))

right=True)

Mean

1),3))

sns.histplot (df [x

i

.isnull () .sum()))
title("Distribution™);

.title(r); sns.scatterplot (x=df[x
title ("Frequency"); sns.countplot (y)

+- SD")
color="black",
estimator=np.median,

ci=None,

color="black",
estimator=np.median,

ci="sd",

) + ', p=' + ¥

x].fillna ("NA"))

ci="sd",
ci=None,

bins=bins)

I

y=df.SalePrice)

join=False)
alpha=0.5, ax=ax)

join=False)
alpha=0.5,

16
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p—a Y/, P
A 'ﬁgﬁ@ﬁﬂff@ o EERY., EEHYTS. B EEREES  powered

. - The building class

#E (20, 30, 40, =)= h B (IHT3) . KAZLZL, KDERIZLGSZES
75 ) T one—hot encoding, 150 [ 0 A7z D Tkr<

x = 'MSSubClass'

summary_category (x)

df = pd.get_dummies (data=df, columns=[x], prefix='MSSub',
prefix_sep='"', dummy_na=False, drop_first=False) .drop('MSSubl50"',

axis=1)
Frequency Median, Mean +- 5D, F=10.43147, p=0.0013
1000 300000 -
— 250000 - <
200000 -
s [ ]
£ 6004 g ?
2 T
g F 150000 - * +
400 4
100000 1 +
28 J—
ol

50 60 70 75 B0 BS 90 120 150 160 180 190 20 30 40 45 50 60 70 75 8O0 85 90 120 150 160 180 190
M5SubClass M55ubClass .I 7

20 30 40 45
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p—a Y/, P
A 'ﬁgﬁ@ﬁﬂff@ o EERY., EEHYTS. B EEREES  powered

e MSZoning: The general zoning classification
H731) ('RH 'C (all) 'RM' 'FV' 'RL’ ). test.csv T 4 {58, fHE4&IE(Z
label encoding (& BIlE 'RL’ TH#5E) . 9445 target encoding

x = 'MSZoning'

summary_category (x)

map = {'RL':4, 'RM':2, 'C (all)':1, 'FV':5, 'RH':3}
df [x] = df[x].replace (map)

df [x] = df[x].fillna (4)
df [x]

[ = df[x] .astype('int8")
Frequency Median, Mean +- 5D, F=43.84028, p=0.0
250000 -
2000 -
®
200000 -
®
1500 -
" |
f= £ 150000
3 T
1000 - A 1 1 i
woo00 {| +
500 |
50000 ,
‘E' i 1 1 D - I‘l. T T I. T T
AL RM C (all) Fy RH NA RL RM C (all) FV RH NA 18

MsZoning MSZaning
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p—a V74 P
A 'ﬁ%ﬁ@ﬁﬂﬁ@ i EREHY. 1 EEHY TS B EEASES  powered

e LotFrontage: Linear feet of street connected to property )
HE. RAZE. SNE 4 EIEE. PRIEFTHTEIT OELHDD,
EYHZT REBEDEETHE

x = 'LotFrontage'
summary_numeric (x)

Distribution Scatter Plot: r=0.352
1200 700000 1
1000 4 600000 1
500000 1
800 - "
= o
5 & 400000 4
8 ke
600 A
300000 1
400 A
200000 4
200 1 100000 1
0- - - : - 0 T - : : : :
150 200 250 300 50 100 150 200 250 300
LotFrontage LotFrontage
Frequency Median, Mean +- SD
400000
300000 1
© .
= g 1
2 Q.
8 c '
& 200000 A * i e {
100000 {| | b
- - - : - 0 T T T - - : : -
0.0 10 20 30 40 5.0 6.0 9.0 0.0 10 20 30 40 50 6.0 9.0 1 9

LotFrontage LotFrontage
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p—a Y/, P
A 'ﬁgﬁ@ﬁﬂff@ o EERY., EEHYTS. B EEREES  powered

. Neighporhood: Physical locations within Ames city Iimjts
HT3)ZE. AL, @D INSWIENS 6 ATTVITEHR
= Neighborhood N [Z, 9 %4i4>H target encoding

x = 'Neighborhood'

summary_category (x)

tmp = df.groupby(x).agg({'SalePrice': ['count',
'median']}) .sort_values (by=[('SalePrice', 'median')])
print (tmp.index); print (tmp)

def £ (x):

if x in ['MeadowV', 'IDOTRR', 'BrDale']:
return 0

elif x in ['OldTown', 'Edwards', 'BrkSide']:
return 1

elif x in ['Sawyer', 'Blueste', 'SWISU', 'NAmes', 'NPkVill', 'Mitchel']:
return 2

elif x in ['SawyerW', 'Gilbert', 'NWAmes', 'Blmngtn']:
return 3

elif x in ['CollgCr', 'ClearCr', 'Crawfor', 'Veenker', 'Somerst', 'Timber']:
return 4

else: # x in ['StoneBr', 'NoRidge', 'NridgHt']
return 5

df [ 'Neighborhood N'] = df[x].apply(f) # df.Neighborhood.kiﬁm?

20
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p—a Y/, P
A 'ﬁgﬁ@ﬁﬂﬁ@ o EERY., EEHYTS. B EEREES  powered

. Neighporhood: Physical locations within Ames city Iimjts
HT3)ZE. AL, @D INSWIENS 6 ATTVITEHR
= Neighborhood N [Z, 9 %4i4>H target encoding

Frequency Median, Mean +- 5D, F=71.78487, p=0.0

400000 1

T
m +hH+ {im i +**+++

T Bk S ey digiin d EARE EEhvardE NEESiderdinisnd BEF REhvardEsSbe dl=h
MNeighborhood Meighborhood

21
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p—a Y/, P
A 'ﬁgﬁ@ﬁﬂff@ o EERY., EEHYTS. B EEREES  powered

. : Central air conditioning
O N/ IN]? slE LS N ~
ATIYCY N RFHNY ) RBIGEL
x = 'CentralAir'
summary_category (x)
df [x] = df[x].apply(lambda x : 1 if x == 'Y' else 0)
Freguency Median, Mean +- 5D, F=98.30534, p=0.0
— 250000 -
000 200000 )|
£ 1500 E_ 150000 1
: 5
1000 4 100000 4
500 50000
0- 0 i e ! ;
Y M Y M
CentralAir Centratair

o e LLVOER-UIESF 79 EOSBAZIITLTITL. [ZD/1D
[EREAZHDULEO~@IDFE. BREODEHEZEYHATET 22



python

FIIED = FH @

«  BIMEQ®R. T —ADHENEFTRZEITS kaggle DIAVRD
score: 0.15548

drop_vars ['Id', 'Street', 'Alley', 'LandContour', 'Utilities', 'LotConfig', 'LandSlope',
'Neighborhood', 'Conditionl', 'Condition2', 'BldgType', 'OverallCond', 'RoofStyle',
'RoofMatl', 'Exteriorlst', 'Exterior2nd', 'ExterCond', 'BsmtCond', 'BsmtFinType2',
'BsmtFinSF2', 'Heating', 'Electrical', 'LowQualFinSF', 'BsmtFullBath', 'BsmtHalfBath',
'BedroomAbvGr', 'KitchenAbvGr', 'Functional', 'GarageQual', 'GarageCond', 'EnclosedPorch',
'3SsnPorch', 'ScreenPorch', 'PoolArea', 'PoolQC', 'MiscFeature', 'MiscVal', 'MoSold',
'YrSold', 'SalePrice', 'Is_train']

train_x = df.query('Is_train == 1') .drop(drop_vars, axis=1l)

test_x = df.query('Is_train == 0') .drop(drop_vars, axis=1)

train_y = np.loglp(df.query ('Is_train == 1') ['SalePrice']) # log(l+y) DZEHR
id = df.query('Is_train == 0'") ['Id']

# xgboost ADT—AREEICEH
dtrain = xgb.DMatrix(train_x, label=train_y)

dtest = xgb.DMatrix(test_x)

# INAIN—INT A —EDERTE
params = {'objective': 'reg:squarederror', 'random_state': 777}
num_round = 200

+ FEDEIT. T
model = xgb.train(params, dtrain, num_round)
pred np.expml (model.predict (dtest)) # log(l+y) DEBRFITH-IGEIINMEBREZRET

# RERAT—2 DERK
out = pd.DataFrame({'Id':id, 'SalePrice':pred})
out.to_csv('C:/py/housing/submission.csv', index=False) 23
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FIIED = FH @

* HIEDOTA

# xgboost FADT—AEE&EIZEH

dtrain = xgb.DMatrix(train_x, label=train_y)

dtest = xgb.DMatrix(test_x)

¥ NAIN—INTA—FDHETFE

params = {'objective': 'reg:squarederror', 'random_state': 777}
num_round = 200

# FEDET. A

model = xgb.train(params, dtrain, num_round)

pred = np.expml (model.predict (dtest))

# IRERAT—2 DK
out = pd.DataFrame ({'Id':id, 'SalePrice':pred})
out.to_csv('C:/py/housing/submission.csv', index=False)

«  XGBRegressor() (Scikit—-Learn API) [ZTBZE{T

.‘%%(ilﬁlt‘;J

model = xgb.XGBRegressor (n_estimators=200, /&L
random_state=777) .fit (train_x, train_y)

pred = np.expml (model.predict (test_x))

out = pd.DataFrame ({'Id':id, 'SalePrice':pred})

out.to_csv('C:/py/housing/submission.csv', index=False) 04




python

DI/ CSA— B F 2 — = (TEDEE) ©.

from sklearn.model_selection import KFold
from sklearn.metrics import mean_squared_error
import xgboost as xgb

def mytuning (params, num_round, verbose=False):

scores = []
kf = KFold(n_splits=4, shuffle=True, random_state=777)
for tr_idx, va_idx in kf.split(train_x):
tr x, va_x = train_x.iloc[tr_idx], train_x.iloc[va_idx]
tr_y, va_y = train_y.iloc[tr_idx], train_y.iloc[va_idx]
dtrain = xgb.DMatrix (tr_x, label=tr_y)
dvalid = xgb.DMatrix (va_x, label=va_y)
watchlist = [(dtrain, 'train'), (dvalid, 'eval')]
model = xgb.train(params, dtrain, num_round, evals=watchlist,
verbose_eval=verbose)
va_pred = model.predict (dvalid)
score = mean_squared_error (va_y, va_pred)

scores.append (score)
print (np.mean (np.sqgrt (scores)))

# @ FED (EYHATFRLEBEOTIAILE) IS5 A—4
params = {'booster': 'gbtree',
'objective': 'reg:squarederror',
'random_state': 777

}
mytuning (params=params, num_round=100) # 0.152233 25




python

DI/ CSA— B F 2 — = (TEDEE) ©.

# @ SEXBTHEIN TV DHARE (1)

params = {'booster': 'gbtree',
'objective': 'reg:squarederror', )
'eta': 0.1, MEAMEO. 1. &ZIC0.05F#RT
'max_depth': 4, HEES. 3~9%FHT
'min_child_weight': 1, #EAEL. 0.1,2,3,4,5,10%HT
'colsample_bytree': 0.8, #HAE0.8, 0.6~1FHT
'colsample_bylevel': 1,

e T T

'subsample': 0.8, EE0.8. 0.6~1%T

'gamma': O,

'alpha': 0, #HAEO0. 0.00001,0.01,0.1,100% T
'lambda': 1,

'random_state': 777

}

mytuning (params=params, num_round=150) # 0.136692

# Q SEXMTHEINTWLDHAERTE (2)

params = {'booster': 'gbtree',
'objective': 'reg:squarederror',
'eta': 0.1, # 0.05 or 0.1
'max_depth': 6, # #HIES, 5~8%F AT

'min_child_weight': 4 4 PIEAfEL. 1,2,4,8,16,...%RT
'colsample_bytree': 1

'colsample_bylevel': 0.5, # f#AfE0.3. 0.5~0.8%H 5T
'subsample': 0.9,

'gamma': O,
'alpha': O,
'lambda': 1,
'random_state': 777

}

mytuning (params=params, num_round=150) # 0.137080

X BEH: P K8 ME (2019) TKaggle THD T — 84047 O E i (SR | 26
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DI/ CSA— B F 2 — = (TEDEE) ©.

+ @Q%FIFEAT AN, watch-list OHEAHZR T num _round DIHE

params = {'booster': 'gbtree',
'objective': 'reg:squarederror',
'eta': 0.1, # FIHEEC. 1. &&IC0.05F&HT
'max_depth': 4, 5, 3~9% T

#
'min_child_weight': 1, # #)EAEL, 0.1,2,3,4,5,10%8T
'colsample_bytree': 0.8, # #HAfE0.8, 0.6~1%&T
'colsample_bylevel': 1,

'subsample': 0.8, # #EAEO0.8. 0.6~1%T

'gamma': O,

'alpha': 0, # #NEAMEO. 0.00001,0.01,0.1,100% T
'lambda': 1,

'random_state': 777

}

mytuning (params=params, num_round=400, verbose=True) # num=150f8FE ?

# NAN—INFA—FDERE. FEDERT. TR, REAT 4

num_round = 150

model = xgb.train (params, dtrain, num_round)

pred = np.expml (model.predict (dtest))

out = pd.DataFrame ({'Id':id, 'SalePrice':pred})

out.to_csv('C:/py/housing/submission.csv', index=False)

kaggle MDAND
score: 0.13959 27
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X_—a1— o
o T—HMD%E(H. XGBoost DI E
o EfET—AD[ERRERE
o HIIEDF — EYHAT F A
- BHIZEHOD MO, SiBAEHOATILHE
- EREAZHOZER-ER
-« FREAZEDEIR-1ERK [PYEL]
o INTA—HBFa—Z=Y
« FTDith

X REHTIE., ZED python Z python, Google Colaboratory Z Colab &R&ED
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3

ﬂ:= ”Hﬁ 275 é(-ﬁ mﬁ .#8 powered

LA 100 ELLEHDHOT, MEETI RIS mRIZEMRICHT &
HAFERNEATHEGNI LTS -

drop_vars = ['Id', 'Street', 'Alley', 'LandContour', 'Utilities', 'LotConfig',
'LandSlope', 'Neighborhood', 'Conditionl', 'Condition2', 'BldgType', 'OverallCond',
'RoofStyle', 'RoofMatl', 'Exteriorlst', 'Exterior2nd', 'ExterCond', 'BsmtCond',
'BsmtFinType2', 'BsmtFinSF2', 'Heating', 'Electrical', 'LowQualFinSF', 'BsmtFullBath',
'BsmtHalfBath', 'BedroomAbvGr', 'KitchenAbvGr', 'Functional', 'GarageQual', 'GarageCond',
'EnclosedPorch', '3SsnPorch', 'ScreenPorch', 'PoolArea', 'PoolQC', 'MiscFeature',
'MiscVal', 'MoSold', 'YrSold', 'Is_train']

df2 = df.drop (drop_vars, axis=1l)

FIHEBRRICOVTIEIHEERIET TN LS IOEEZETEL. ED
REWVBRICHEASR=LDZET—2TL—LELTH S

.style.background_gradient ()

= df2.corr() # method='spearman' THHIER features SalePrice
= pd.DataFrame ({'features':df2.columns, 37 SalePrice [REOTT
'SalePrice':r [ 'SalePrice'’ ] } 7 index=None) 4 OverallCual EEREIE Y

= r.reset_index (drop=True) .¥
sort_values (['SalePrice'], ascending=False)

21 GrLivArea ORI
9 =aceliEIN 0682639
24 KitchenCiual EEEE G

11 BemtTinal

29




python

ST B DERD e

XGBoost DEBFHENEEEZ LU GIEIZH A

*  ’total_gain’ : HBRBPFHEDHKIZEYE-BHEKOBI[ETITH]
« ’totalcover : BZBFHEICXYNnBEIELN =T —2DE

o 'weight' . HHEENDIKICIEN =B

dtrain = xgb.DMatrix(train_x, label=train_y)

dtest = xgb.DMatrix (test_x)

model = xgb.train (params, dtrain, num_round)

imp = model.get_score (importance_type='total_gain')

imp = pd.DataFrame.from_dict (imp, orient='index') .reset_index()
imp.columns = ['feature',6 '"Importance']

imp = imp.sort_values (['Importance'], ascending=False)

imp.style.background_gradient ()

feature Importance

4 e NI 70397822
0 OverallQual EEERHEGIE
8 TotalBsmiSF |~ 28334649
5 GarageFinish 18966520
9 Fireplaceu  15:662775
28 LotArea 12 444779
18 BsmtFinSF1  10.626282 30

2 EuliRath DR RT



python

Permutation Importance >/[F( VAEE po':red

from sklearn.model_selection import KFold

from sklearn.metrics import mean_squared_error

import xgboost as xgb

¥ T—FER

drop_vars = ['Id', 'Street', 'Alley', 'LandContour', 'Utilities', 'LotConfig',

'LandSlope', 'Neighborhood', 'Conditionl', 'Condition2', 'BldgType', 'OverallCond',
'RoofStyle', 'RoofMatl', 'Exteriorlst', 'Exterior2nd', 'ExterCond', 'BsmtCond',
'BsmtFinType2', 'BsmtFinSF2', 'Heating', 'Electrical', 'LowQualFinSF', 'BsmtFullBath',
'BsmtHalfBath', 'BedroomAbvGr', 'KitchenAbvGr', 'Functional', 'GarageQual', 'GarageCond',
'EnclosedPorch', '3SsnPorch', 'ScreenPorch', 'PoolArea', 'PoolQC', 'MiscFeature',
'MiscVal', 'MoSold', 'YrSold']

df2 = df.drop (drop_vars, axis=1l)
train_x = df2.query('Is_train == 1'") .drop(['SalePrice', 'Is_train'], axis=1l)
train_y = np.loglp(df2.query('Is_train == 1') ['SalePrice'])
# XGBoost MD/NT A—4
params = {'booster': 'gbtree',
'objective': 'reg:squarederror',
'eta': 0.1, # fHfE0. 1. JR&RIC0.05FZHT

EAES, 3~9%HT
*)Jlﬁ‘ﬂﬁgl\ 0'1’2’3’415110€§it-d—
#MHE0 .8, 0.6~1%FHT

'max_depth': 4,
'min_child_weight': 1,
'colsample_bytree': 0.8,
'colsample_bylevel': 1,

H= o3 o

'subsample': 0.8, + #HAfEO.8. 0.6~1%&T

'gamma': O,

'alpha': 0, 4+ PIHAfEO. 0.00001,0.01,0.1,100% T
'"lambda': 1,

'random_state': 777

}
num_round = 150
- 31
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Permutation Importance D[FUVIFE [EZE ] po':red

# TOEEE
dtrain = xgb.DMatrix(train_x, label=train_y)
dtest = xgb.DMatrix (test_x)
model = xgb.train(params, dtrain, num_round)
dic = model.get_score (importance_type='total_gain')
dic = pd.DataFrame.from_dict (dic, orient='index') .reset_index()
dic.columns = ['feature', "score']
¥ =5
resultl = pd.DataFrame (index=[], columns=['feature', 'score', 'score2'])
for i in train_x.columns.tolist () :
tr_x = train_x.copy ()
tr_x[i] = tr_x[i].sample(frac=1, random_state=777) .reset_index (drop=True)
dtrain = xgb.DMatrix(tr_x, label=train_y)
model = xgb.train(params, dtrain, num_round)
dic2 = model.get_score (importance_type='total_gain')
dic2 = pd.DataFrame.from_dict (dic2, orient='index') .reset_index()
dic2.columns = ['feature', 'score2']
dic2 = pd.merge (dic, dic2, on='feature', how='outer')
result = dic2[dic2['feature']==1i]
resultl = resultl.append(result)
# HER
resultl['Difference'] = resultl['score'] - resultl['score2']
resultl = resultl.sort_values(['Difference'], ascending=False)
resultl 32




python

Permutation Importance D[FUVIFE [EZE ] po':red

Permutation Importance
https://www.kaggle.com/dansbecker/permutation—importance

eli5.sklearn.Permutationlmportance DR AIZEHBRLELNVO TEYE
EEABIZOLEEE. COEEZRIBINMEYRLTEL,DEBZHTZFH
R ETlE Root MSE(RMSE) IZDWWTERZH A (FER T AER)

feature score score2 difference

0 OverallQual 85.090786 2499119 82591667
1 GrLivArea 77.220236 3.485525 73734711
4 TotalBsmtSF 56.828780 3.645522 53.183258
3 GarageCars 28562878 0978822 27584056
(] GarageFinish  22.109990 0580520 21.529470
27 GarageType2Types  0.111919 MaM MaMN
64 GarageTypeBuiltin MaMN 0313152 MaMN
64 GarageTypenan MaM 0.089721 MaMN
60 SaleConditionAdjLand  0.044388 MaM MaMN
R4 SaleCnnditinnAlinra KWaM N 11RRRQ Mah
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Permutation Importance [RMSE]

python

3

powered

result?2 = [0] * len(train x.columns.tolist ())
kf = KFold(n_splits=4, shuffle=True, random_state=777)
for tr_idx, va_idx in kf.split(train_x):
tr_x, va_x = train_x.iloc[tr_idx], train _x.iloc[va_idx]
tr_y, va_y = train_y.iloc[tr_idx], train_y.iloc[va_idx]
dtrain = xgb.DMatrix(tr_x, label=tr_y)
dvalid = xgb.DMatrix (va_x, label=va_y)
model = xgb.train (params, dtrain, num_round)
va_pred = model.predict (dvalid)
score_org = mean_squared_error (va_y, va_pred)
scores = []
for i in train_x.columns.tolist () :
tmp_x = train_x.copy ()
tmp_x[1i] = tmp_x[i] .sample (frac=1, random_state=777) .reset_index (drop=True)
tr_x, va_x = tmp_x.iloc[tr_idx], tmp_x.iloc[va_idx]
dvalid = xgb.DMatrix (va_x, label=va_y)
va_pred = model.predict (dvalid)
score = mean_squared_error (va_y, va_pred)
scores.append (np.sqrt (score) - np.sqrt (score_org)) # BEILX rmse EDLLEES
result2 = [x + y for (x, y) in zip(result2, scores)]
result?2 = [x / 4 for x in result2]
result2 = pd.DataFrame ({'feature':train_x.columns.tolist (), 'RootMSE':result2},

index=None)
result?2 result2.reset_index (drop=True) .sort_values ([ 'RootMSE'],
result2.style.background_ gradient ()

ascending=False)

34
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# HREIX—D

r.columns = ['feature', 'r']
r = r.query ("feature !=

result_all = pd.merge (imp,

result_all = pd.merge(result_all,
result_all = pd.merge(result_all,

# TR
from pandasgui import show
show (result_all)

'SalePrice'")
r, on='feature',

result?2,
resultl,

how="'outer')
on="'feature',
on="'feature',

how="'outer')
how="'outer')

5 PandasGLI
Edit Debug SetStyle

Name Shape | DataFrame I Filters

Statistice | Grapher Rezhaper

result all 73X 7
index
o
1
2
3
4
5
"
[4] 3

feature

CwverallQual
GrlivArea
TotalBsmiSF

| GarageCars

| GarageFinish
FireplaceQu

VearRemndAdd
.

Importance

B5.0908

Tr.2202

56,8288

28,5629

22,1100

18.7401

A7 RRAN

r

0.7910

0.7086

06136

0.6467

0.5492

0.5265

R ral

RootMSE

0.0505

0.0544

0124

0.0060

o.0022

0.0032

annTT

SCOre

85,0508

Tr.2202

56,8288

28,5629

22,1100

187401

score2

2.4591

3.4855

3.6455

0.9788

0.5805

0.5104

ARNFZ

Difference

82,5917

737347

53.1833

27.5841

21.5295

18.2297

TANRIR

’

35
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# feature Importance RootMSE_Diff.

1| OverallQual

2 GrLivArea

3| TotalBsmtSF 0.614

4| GarageCars 0.647

5| GarageFinish 0.549

6| FireplaceQu 0.526

7| YearRemodAdd 0.507

8 LotArea 0.264

9 ExterQual 0.683 0.00189
10, BsmtFinSF1 0.386

11| KitchenQual 0.660
12 GarageYrBlt 0.486 5.704
13| GarageArea 0.623 6.765
14 MSZoning 9.273 0.325 8.216
15 1stFIrSF 9.235 0.606 0.00170 4.497
16| BsmtQual 7.540 0.649 0.00140 6.860
17| YearBuilt 6.855 0.523 - 2.626
18 BsmtUnfSF 5.905 0.214 1.613
19| LotFrontage 5332 0.352 0.00105 0.020
20| CentralAir 4.934 0251 [NON0I0NN  4.895
21| 2ndFIrSF 3.280 0.319 0.00046 1.771

e EEEMFZ>10LL. HHEAZRE=0.7L L. Root MSE=0.002LL £

Root MSE=0.001LL L,

- EEERFZ=>5LL., HEZRE#=>05L L.
BEEERFZ=>1LL. HE{%2=0.3LLE . Root MSE=0.0005L. L

python

3

powered
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# feature Importance r RootMSE_Diff. Imp_Diff.
22| OpenPorchSF 3.035 0.316 0.00015 0.797
23 BsmtExposure 2.941 0.122 0.00148 1.986
24| SaleConditionAbnorml 2.663 -0.118 0.00117 2.574
25/ WoodDeckSF 2.580 0.324 0.00012 0.771
26| HeatingQC 1.964 0.428 0.00113 1.230
27| SaleConditionFamily 1.439 —-0.046 0.00040 1.419
28 MSSub30 1.418 -0.239 0.00116 1.325
29 MasVnrArea 1.353 0.477 —-0.00020 -1.649
30 BsmtFinTypel 1.158 0.436 —-0.00001 0.501
31| Exterior1_N 1.104 0.384 0.00111 0.286
32 PavedDrive 1.067 0.231 0.00017 0.894
33 SaleType 1.062 0.281 0.00030 -0.011
34| HalfBath 0.959 0.305 0.00053 0.765
35| TotRmsAbvGrd 0.941 0.534 —-0.00089 -0.843
36| Fireplaces 0.930 0.470 —-0.00023 0.315
37| LotShape 0.824 0.266 0.00073 -0.150
38| FullBath 0.688 0.571 0.00071 0.410
39 GarageTypeCarPort 0.564 -0.070 0.00002 0.540
40 Exterior2_N 0.483 0.372 —-0.00009 -0.276
41| MSSub50 0.466 -0.157 0.00001 0.402
42| Foundation 0.364 0.500 —0.00001 -0.146

e ERERFZR=10LLE, HHEERE=0.7L1 L Root MSE=0.002LL L, EEEMFR=5LLE HEAR=05L,

Root MSE=0.001LL L,

BEEERFZ=>1LL. $8E{%%=03LLLE . Root MSE=0.0005LL

python

A

powered
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B ZEH DERD

# feature Importance r RootMSE_Diff. Imp_Diff.
43 MSSub70 0.347 —-0.037 0.00016 0.194
44 GarageTypeDetchd 0.305 —0.354 0.00016 0.031
45 MasVnrType 0.299 0.428 —0.00002 -0.629
46| Fence 0.282 0.155 0.00005 0.197
47| SaleConditionNormal 0.277 -0.154 0.00017 -0.143
48 HouseStyleSLvl 0.272 —-0.039 —0.00012 0.194
49 MSSub80 0.257 —-0.029 0.00004 0.222
50 MSSub90 0.193 -0.115 —0.00013 -0.653
51| MSSub20 0.136 0.041 0.00000 -0.153
52| GarageType2Types 0.112 -0.024 0.00000
53 GarageTypeBasment 0.087 -0.029 —0.00004 -0.184
54| HouseStyle1.5Fin 0.074 -0.163 —0.00004 0.028
95 MSSub85 0.070 —-0.049 0.00000 0.012
56| HouseStyle1Story 0.069 —-0.062 0.00002 -0.113
57, MSSub160 0.059 -0.113 0.00008 —0.485
58 HouseStyle1.5Unf 0.057 —-0.088 0.00001
59 MSSub190 0.056 -0.094 —0.00019
60 SaleConditionAdjLand 0.044 —-0.051 0.00000
61| GarageTypeAttchd 0.032 0.336 0.00020 -0.216
62 MSSub60 0.028 0.377 0.00002 -0.257
63| SaleConditionPartial 0.023 0.352 —-0.00004 -0.366

R
Root MSE=0.001LLE .

FEEERFFZ=>10LLE. HEEE®Z=0.7LLE . Root MSE=0.002L1 L .

- EEERFZ=>5LL., HEZRE#=>05L L.
BEEERFZ=>1LL. $8E{%%=03LLLE . Root MSE=0.0005LL

python

e

powered
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# feature Importance r RootMSE_Diff. Imp_Diff.
64 MSSub45 0.021 -0.083 0.00001
65| HouseStyle2.5Fin 0.037 0.00002
66| HouseStyleSFoyer —-0.093 0.00001
67 MSSub75 0.015 0.00000
68 MSSub40 -0.016 0.00000
69 MSSub180 -0.082 0.00000
70 GarageTypenan -0.237 0.00000
71 MSSub120 0.063 0.00000
72 GarageTypeBuiltln 0.235 —0.00001
73 HouseStyle2Story 0.243 —0.00002
74| SaleConditionAlloca -0.016 —0.00003
75| HouseStyle2.5Unf -0.026 —0.00006

B ZEH DERD

e EEEMFZ>10LL. HHEAZRE=0.7L L. Root MSE=0.002LL £

Root MSE=0.001LL L,

- EEERFZ=>5LL., HEZRE#=>05L L.
BEEERFZ=>1LL. $8E{%%=03LLLE . Root MSE=0.0005LL

python

e

powered
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ST DERD e

# BEEZOLBLEHIsEIZKS (Root MSEDKELVE)

select_vars = ['GrLivArea', 'OverallQual', 'TotalBsmtSF', 'YearRemodAdd', 'LotArea'
'BsthinSFl', 'MSZoning', 'GarageCars', 'YearBuilt', 'Garage¥YrBlt', 'FireplaceQu'
'KitchenQual', 'CentralAir', 'BsmtUnfSF', 'GarageFinish', 'GarageArea',K 'ExterQual',
'l1stF1lrSF', 'BsmtExposure', 'BsmtQual', 'SaleConditionAbnorml', 'MSSub30', 'HeatingQC',
'Exteriorl_N', 'LotFrontage', 'LotShape', 'FullBath', 'HalfBath', '2ndFlrSF',
'SaleConditionFamily', 'SaleType', 'GarageTypeAttchd', 'PavedDrive'
'SaleConditionNormal', 'MSSub70', 'GarageTypeDetchd', 'OpenPorchSF', 'WoodDeckSF']

train_x = df.query('Is_train == 1') [select_vars]
test_x = df.query('Is_train == 0') [select_vars]
train_y = np.loglp(df.query('Is_train == 1'")['SalePrice'])
id = df.query ('Is_train == 0') ['Id']
params = {'booster': 'gbtree',
'objective': 'reg:squarederror',

MHAE0. 1. m&KIC0.05FZHT
MEAES, 3~9% AT )
#HAfEL. 0.1,2,3,4,5,10%ET
#WHE0.8., 0.6~1%HT

'eta': 0.08,
'max_depth': 4,
'min_child _weight': 1,
'colsample_bytree': 0.8,
'colsample_bylevel': 1,

= S o

'subsample': 0.8, #+ #HAfEO0.8., 0.6~1%FHAT

'gamma': O,

'alpha': 0, 4 PIHAfEO. 0.00001,0.01,0.1,100% T

'"lambda': 1,

'random_state': 777
}
# NAN—NNFTA—FDHRE. FEDET. FA. BERAT—4F RS
dtrain = xgb.DMatrix (train_x, label=train_y) kaggle 0)://\0)
dtest = xgb.DMatrix (test_x) score: O ) 13448
num_round = 300
model = xgb.train (params, dtrain, num_round)
pred = np.expml (model.predict (dtest))
out = pd.DataFrame ({'Id':id, 'SalePrice':pred})

out.to_csv('C:/py/housing/submission.csv', index=False) 40
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e  Greedy Forward Selection: [TR1K D 5 BH
1 DF DANTHTIEENRET SR

python

3

powered

EHOIRHH I, hDERBAER
BHEHZIRRT D

def Greedy (base
candidates

cv

n

objective
booster
random_state
n_estimator

eta

max_depth
min_child_weight
colsample_bytree
colsample_bylevel

subsample
gamma
alpha
lambda__
params = {'boos
'objective'

'random_state
'eta': eta,
'max_depth':

'reg:squarederror’',
'gbtree',

777,

150,

0.1,

4,
14
.8,

14

.8,

el eoNoN oM

~ N 0~
.o

ter': booster,
objective,
': random_state,

max_depth,

'min_child _weight':
'colsample_bytree'

'colsample_bylevel':

min_child_weight,
colsample_bytree,

'subsample': subsample,

'gamma': gamma,
'alpha': alpha,
'lambda': lambda_

colsample_bylevel,

41




python

ST B DERD) e

[9999] * n # HEBRICK O THHEZEE (B : accracy®DiH&(F0)

best_score

best_vars = [None] * n
kf = KFold(n_splits=cv, shuffle=True, random_state=random_state)
for candidate in candidates:
vars = base + [candidate]
train_x = df.query('Is_train == 1") [vars]
train_y = np.loglp(df.query('Is_train == 1')['SalePrice'])
scores = []
for tr_idx, va_idx in kf.split(train_x):
tr x, va_x = train_x.iloc[tr_idx], train_x.iloc[va_idx]
tr_y, va_y = train_y.iloc[tr_idx], train_y.iloc[va_idx]
dtrain = xgb.DMatrix (tr_x, label=tr_y)
dvalid = xgb.DMatrix (va_x, label=va_y)
num_round = n_estimator
model = xgb.train (params, dtrain, num_round)
va_pred = model.predict (dvalid)
score = mean_squared_error (va_y, va_pred)
scores.append (score)
tmp_score = np.mean (scores)

for i in range(n) :
if tmp_score < best_scorel[i]: # HBEICL>THAEBEDMETZELERE
for j in range(n-1, i, -1):

best_vars[]j] = best_vars[j-1]

best_score[j]l= best_score[j-1]
best_vars[i] = vars
best_score[i] = tmp_score

break

for 1 in range (n):

print ('-—— No. {} ——-'.format (i+1))
print (best_vars[i])
print ('score = {}'.format (best_score[i]))

return (best_vars[0])

42
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ST DERD) @

# ERBAEH DRSS

all = ['OverallQual', 'GrLivArea', 'TotalBsmtSF', 'GarageCars', 'GarageFinish', 'FireplaceQu', 'YearRemodAdd', 'LotArea', 'ExterQual',
'BsmtFinSF1', 'KitchenQual', 'GarageYrBlt', 'GarageArea', 'MSZoning', 'lstFlrSF', 'BsmtQual', 'YearBuilt', 'BsmtUnfSF', 'LotFrontage',
'CentralAir', '2ndFlrSF', 'OpenPorchSF', 'BsmtExposure', 'SaleConditionAbnorml', 'WoodDeckSF', 'HeatingQC', 'SaleConditionFamily',
'MSSub30', 'MasVnrArea', 'BsmtFinTypel', 'Exteriorl N', 'PavedDrive', 'SaleType', 'HalfBath', 'TotRmsAbvGrd', 'Fireplaces', 'LotShape',
'FullBath', 'GarageTypeCarPort', 'Exterior2_N', 'MSSub50', 'Foundation', 'MSSub70', 'GarageTypeDetchd', 'MasVnrType', 'Fence',
'SaleConditionNormal', 'HouseStyleSLvl', 'MSSub80', 'MSSub90', 'MSSub20', 'GarageType2Types', 'GarageTypeBasment', 'HouseStylel.5Fin',
'MSSub85', 'HouseStylelStory', 'MSSublé60', 'HouseStylel.5Unf', 'MSSubl90', 'SaleConditionAdjLand', 'GarageTypeAttchd', 'MSSub60',
'SaleConditionPartial', 'MSSub45', 'HouseStyle2Story', 'GarageTypeBuiltIn', 'MSSubl20', 'HouseStyle2.5Fin', 'MSSub75',
'SaleConditionAlloca', 'MSSub40', 'HouseStyle2.5Unf', 'MSSubl80', 'HouseStyleSFoyer',6 'GarageTypenan']

# 1[EH

base = Greedy (candidates=all, n=3)

-—— No. 1 ——-

["OverallQual']

score = 0.05340266857814475
-—— No. 2 ——-

['"GrLivArea']

score = 0.07994350979240289
# 2~20EH

for i in range (2, 21):
print ("#' + str(i))

cands = [x for x in all if x not in base]
base = Greedy (base=base, candidates=cands, n=1)
#2
-—— No. 1 ——-
['OverallQual', 'GrLivArea']
score = 0.040084676699588706
#20
-—— No. 1 ——-

['OverallQual', 'GrLivArea', 'YearBuilt', 'BsmtFinSF1l', 'LotArea', 'MSZoning',
'KitchenQual', 'GarageCars', 'HeatingQC', 'HalfBath', 'GarageFinish', 'Fireplaces',
'CentralAir', 'BsmtExposure', 'MSSub30', 'MSSub90', 'FireplaceQu', 'WoodDeckSF',
'HouseStylel.5Unf', 'GarageArea']

score = 0.018847173187210846 43
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python
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# BIEOERER
select_vars = ['OverallQual', 'GrLivArea', 'YearBuilt', 'BsmtFinSF1l', 'LotArea',
'MSZoning', 'KitchenQual', 'GarageCars', 'HeatingQC', 'HalfBath', 'GarageFinish',
'Fireplaces', 'CentralAir', 'BsmtExposure', 'MSSub30', 'MSSub90', 'FireplaceQu',
'WoodDeckSF', 'HouseStylel.5Unf']
train_x = df.query('Is_train == 1') [select_vars]
test_x = df.query('Is_train == 0') [select_vars]
train_y = np.loglp(df.query('Is_train == 1')['SalePrice'])
id = df.query('Is_train == 0') ['Id']
params = {'booster': 'gbtree',
'objective': 'reg:squarederror',
'eta': 0.1, # PHME0. 1, JR&RIC0.05FZHT
'max_depth': 4, # #HEAES, 3~9%HT
'min_child _weight': 1, # PIHAMEL. 0.1,2,3,4,5, 1087
'colsample_bytree': 0.8, # #)Hi{E0.8, 0.6~1%&HT
'colsample_bylevel': 1,
'subsample': 0.8, # #HAfEO0.8., 0.6~1%HAT
'gamma': O,
'alpha': O, # #HAfEo0. 0.00001,0.01,0.1,100% 5T
'lambda': 1,
'random_state': 777
}
mytuning (params=params, num_round=150, verbose=False) # A3 7F7I[X 0.13630 1=H "=
# NAN—INFTA—EDEFE. FEOET. FA. RERAT—%
dtrain = xgb.DMatrix (train_x, label=train_y) N o
dtest = xgb.DMatrix (test_x) kaggle 0):‘//\0)
num_round = 150 score: 0.14469
model = xgb.train (params, dtrain, num_round)
pred = np.expml (model.predict (dtest)) (%(7‘;97’:' ")
out = pd.DataFrame ({'Id':id, 'SalePrice':pred})

out.to_csv('C:/py/housing/submission.csv', index=False)
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Target Encoding [Z2(VT e

« [EREAZHDAINIEQ | TIT>TUL V= Target Encoding [ Bl IZEAD

7—_\\

—AMSEE - RIEZFE ST, A& DIEIZ encoding |ILT=HD

NIE)—=0(N)T—2a0T =20 ENERDERZLR>TRYAATEETHLE
[Z&kY . N\NYTFT—30 TARHBIZEMEN B BIREE) DB L7544

Target Encoding X FAIEEZEOOTVVFETHLIN. ) —0ZFEILDOTULNDT
Y $UNDVEEL LY

« RXRELUETIE. )—0%FEILIZKL &N 5 CatBoost Encoder ZHLNT
HIALIEZOYET

«  SEHER:

CatBoost Encoder
https://contrib.scikit—learn.org/category encoders/catboost.html
CatBoost M@ . ) I7L R

https://papers.nips.cc/paper/2018/file/14491b756b3a51daac41c24863285549—-Paper.pdf
https://catboost.ai/docs/concepts/algorithm—main—stages cat—to—numberic.html

Categorical Encoders and Benchmark
https://www.kaggle.com/subinium/11—categorical-encoders—and—benchmark

Python: Target Encoding M42Y AIZDLVT
https://blog.amedama.jp/entry/target—-mean—encoding—types
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import
import
import
import
import
import
from
from
from

warnings

numpy as np

pandas as pd
matplotlib.pyplot as plt

seaborn as sns

xgboost as xgb
sklearn.model_selection import KFold

sklearn.metrics
category_encoders.cat_boost import CatBoostEncoder

warnings.simplefilter ('ignore', FutureWarning) # ZEHEZIERT

dfl = p
df0 = p
dfl["Is
df0["Is
# CatBo

cbe = CatBoostEncoder ()

target = np.loglp(dfl['SalePrice'])

dfl_cbe = cbe.fit_transform(dfl[cat_vars], target) # jlffi
df0_cbe = cbe.transform(df0[cat_vars]) # hT3
dfl = dfl.drop(cat_vars, axis=1) $# ATV EHMEFHIR
df0 = df0.drop(cat_vars, axis=1) # AT 3V EHEHIFR
dfl = pd.concat ([dfl, dfl_cbe], axis=1) # ZTHEOHTIVZEH%
df0 = pd.concat ([df0, df0_cbe], axis=1) # ZEHREOHTIVEH %
df = pd.concat ([dfl, df0])

d.read_csv ('C:/py/housing/train.csv', header=0)
d.read_csv ('C:/py/housing/test.csv', header=0)
_train"] =1
_train"] =0

ost Encoding

import mean_squared_error
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-”gq @ ‘ 79‘? @ pﬁred

# feature Importance RootMSE_Diff. Imp_Diff.

1| OverallQual

2 GrLivArea

3| Neighborhood 0.696

4| TotalBsmtSF 0.614

5 KitchenQual 0.653

6 BsmtFinSF1 0.386

7| GarageCars 0.640

8| FireplaceQu 0.526

9 GarageFinish 0.539
10 YearRemodAdd 0.507

11| LotArea 0.264
12 OverallCond 7.206 -0.078 6.414
13 MSZoning 5.902 0.316 0.00140 3.919
14| GarageType 5.898 0.485 0.00125 5.058
15 CentralAir 5.470 0.243 4.490
16 GarageArea 4.963 0.623 2.222
17| 1stFIrSF 4.659 0.606 3.134
18 YearBuilt 4.398 0.523 3.267
19 GarageQual 4376 0.266 0.00080 2.866
20| SaleCondition 3.394 0.341 0.00139 1.170
21| LotFrontage 3.286 0.352 0.00164 2.174

e ERERFZR=10LLE, HHEERE=0.7L1 L Root MSE=0.002LL L, EEEMFR=5LLE HEAR=05L,

Root MSE=0001 51,  : BEERSE= 111 L . FEEE =03 L. Root MSE=0.000551 48
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# feature Importance r RootMSE_Diff. Imp_Diff.
22| BsmtQual 3.146 0.661 0.00144 2.000
23 BsmtExposure 3.096 0.362 0.00132 1.927
24 GarageYrBlt 2.731 0.486 000211 -0.201
25| ExterCond 2.387 0.128 0.00070 1.848
26| Heating 2.337 0.079 0.00062 1.221
27| 2ndFIrSF 2.061 0.319 0.00066 1.772
28| ConditionT 1.993 0.153 0.00133 0.463
29 OpenPorchSF 1.955 0.316 —0.00002 1.469
30| HouseStyle 1.910 0.267 0.00001 0.654
31| WoodDeckSF 1.791 0.324 0.00029 1.307
32| Exterior2nd 1.743 0.339 0.00035 0.303
33| Fence 1.536 0.170 0.00007 0.817
34 BsmtFinTypel 1.504 0.442 0.00058 -0.018
35| Functional 1.462 0.076 0.00044 0.363
36| BsmtUnfSF 1.360 0.214 0.00045 0.033
37| HeatingQC 1.330 0.431 0.00051 0.579
38| LotConfig 1.276 0.110 0.00037 0.422
39 SaleType 1.197 0.342 0.00027 -1.634
40 ScreenPorch 1.192 0.111 0.00070 1.072
41| BsmtFullBath 1.150 0.227 0.00067 1.090
42 MoSold 1.131 0.046 0.00008 0.632

e ERERFZR=10LLE, HHEERE=0.7L1 L Root MSE=0.002LL L, EEEMFR=5LLE HEAR=05L,

Root MSE=0.001LL L,

BEEERFZ=>1LL. $8E{%%=03LLLE . Root MSE=0.0005LL

python

A

powered
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# feature Importance r RootMSE_Diff. Imp_Diff.
43 Alley 1.117 0.119 0.00010 0.365
44 EnclosedPorch 1.096 -0.129 0.00016 1.049
45 BldgType 1.052 0.161 0.00009 0.258
46/ BsmtCond 1.018 0.209 —0.00026 -0.073
47| Foundation 0.894 0.494 —0.00006 —0.757
48 LandSlope 0.891 0.010 0.00018 0.278
49 Fireplaces 0.840 0.467 0.00012 0.801
50 Exteriorl1st 0.840 0.354 —0.00002 —0.551
51| PavedDrive 0.834 0.223 0.00036 0.010
52 LandContour 0.818 0.118 —0.00004 -0.111
53 LotShape 0.744 0.249 0.00031 —-0.397
54/ RoofStyle 0.729 0.199 —0.00041 -0.621
55 BsmtFinType2 0.577 0.140 0.00004 -0.147
56| ExterQual 0.530 0.668 —0.00051 —-0.321
57| YrSold 0.527 -0.029 0.00021 0.392
58 MasVnrType 0.526 0.420 0.00004 -0.917
59 FullBath 0.465 0.561 0.00061 0.352
60| GarageCond 0.407 0.272 0.00017 —0.658
61| BsmtFinSF2 0.400 -0.011 0.00005 0.127
62| MiscFeature 0.384 0.048 0.00008 -0.297
63| PoolArea 0.376 0.092 0.00003

e ERERFZR=10LLE, HHEERE=0.7L1 L Root MSE=0.002LL L, EEEMFR=5LLE HEAR=05L, 50

Root MSE=0.001LL L,

BEEERFZ=>1LL. $8E{%%=03LLLE . Root MSE=0.0005LL



s

ERS

# feature Importance r RootMSE_Diff. Imp_Diff.
64| KitchenAbvGr 0.346 -0.136 —0.00005 -0.011
65| MasVnrArea 0.338 0.477 —0.00009 —0.563
66| Electrical 0.321 0.229 0.00022 -1.080
67| BedroomAbvGr 0.320 0.168 —0.00004 0.105
68| TotRmsAbvGrd 0.316 0.534 —0.00051 -0.918
69| RoofMatl 0.297 0.115 0.00028 —-0.546
70| HalfBath 0.293 0.284 0.00027
71| PoolQC 0.253 0.029 —0.00002 —-0.266
72| Street 0.224 —-0.004 0.00013 -0.365
73| MSSubClass 0.222 —0.084 0.00018 —0.564
74| Utilities 0.216 -0.023 —0.00003 -0.410
75| Condition2 0.169 0.030 0.00010 —-0.696
76| BsmtHalfBath 0.097 -0.017 0.00005
77| LowQualFinSF 0.087 —0.026 0.00000 0.048
78| MiscVal —0.021 0.00000
79| 3SsnPorch 0.045 —0.00001

e EEEMFZ>10LL. HHEAZRE=0.7L L. Root MSE=0.002LL £

Root MSE=0.001LL L,

BEEERFZ=>1LL. $8E{%%=03LLLE . Root MSE=0.0005LL

- EEERFZ=>5LL., HEZRE#=>05L L.

python

e

powered
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=7 sle N S > - =
o  ERBAZHETOMEE(ZEHRBRENEOLESINFERR)
varl var2 r

def corr(df, method='pearson'): Exterior1st Exterior2nd 0.9184
r_tmp = df[all].corr (method=method) GarageCars GarageArea 0.8897
SaleType SaleCondition 0.8779
cols = r_tmp.columns YearBuilt GarageYrBIt 0.8348
n = len(cols) GarageQual GarageCond 0.8343
s * _ Fireplaces FireplaceQu 0.8238
m = int (1"1 (n 1) /2) GrLivArea TotRmsAbvGrd 0.8084
varl = [''] * m TotalBsmtSF 1stFIrSF 0.8017
var? — [ Ty ] * m OverallQual ExterQual 0.7288
ExterQual KitchenQual 0.7187
r = [_999] * m GarageType GarageFinish 0.7166
k =0 YearBuilt BsmtQual 0.7088
.. YearBuilt Foundation 0.7008
for 1 1in range (n) : OverallQual Neighborhood 0.6994
for j in range(n) : YearBuilt Neighborhood 0.6967
if i < ] . OverallQual BsmtQual 0.6965
) GarageYrBIt Foundation 0.6810
varl[k] = cols[i] Neighborhood BsmtQual 0.6794
var2[k] = cols []] OverallQual KitchenQual 0.6740
, \ . BedroomAbvGr TotRmsAbvGrd 0.6697
rl[k] - r—tmp -1loc[1 rJ ] ExterQual BsmtQual 0.6692
k =k + 1 GarageYrBlt BsmtQual 0.6620
Foundation BsmtQual 0.6617
return (pd.DataFrame ( ¥ Neighborhood ___ ExterQual 0.6574
{"varl': varl, 'var2': var2, 'r': r}).¥ || 2ndFIrSF GrLivArea 0.6551
sort _values ( [ 't ] , ascending=False) ) YearRe.:modAdd GarageYrBIt 0.6524
BsmtFinSF1 BsmtFullBath 0.6388
GrLivArea FullBath 0.6303

8 oLt (df [all] ) KitchenAbvGr BldgType -0.5922 52
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# BEEZESUTEH RMSEDE > 0) TS

select_vars = ['GrLivArea', 'OverallQual', 'Neighborhood', 'TotalBsmtSF', 'OverallCond', 'LotArea',
'BsmtFinSF1', 'lstFlrSF', 'GarageCars', 'FireplaceQu', 'YearRemodAdd', 'KitchenQual', 'GarageArea',
'CentralAir', 'GarageYrBlt', 'YearBuilt', 'GarageFinish', 'LotFrontage', 'BsmtQual', 'MSZoning',

'SaleCondition', 'Conditionl', 'BsmtExposure', 'GarageType', 'GarageQual', 'ScreenPorch', 'ExterCond',
'BsmtFullBath', '2ndF1lrSF', 'Heating', 'FullBath', 'BsmtFinTypel', 'HeatingQC', 'BsmtUnfSF',
'Functional', 'LotConfig', 'PavedDrive', 'Exterior2nd', 'LotShape', 'WoodDeckSF', 'RoofMatl',
'HalfBath', 'SaleType', 'Electrical', '¥YrSold', 'LandSlope', 'MSSubClass', 'GarageCond',
'EnclosedPorch', 'Street', 'Fireplaces', 'Condition2', 'Alley', 'BldgType', 'MoSold', 'MiscFeature',
'Fence', 'BsmtFinSF2', 'BsmtHalfBath', 'MasVnrType', 'BsmtFinType2', 'PoolArea', 'HouseStyle']

train_x = df.query('Is_train == 1') [select_vars]

test_x = df.query('Is_train == 0') [select_vars]

train_y = np.loglp(df.query('Is_train == 1')['SalePrice'])

id = df.query('Is_train == 0') ['Id']

params = {'booster': 'gbtree',
'objective': 'reg:squarederror',
'eta': 0.08, # MEAEO0. 1. &&RIC0.05%ZHRT
"max_depth': 3, #+ #HAES, 3~9% T
'min_child_weight': 1, #+ ¥EA{EL. 0.1,2,3,4,5,10%RT
'colsample_bytree': 0.41, # #)HA{E0.8. 0.6~1%T
'colsample_bylevel': 1,
'subsample': 0.81, # #HiE0.8. 0.6~1%HT
'gamma': O,
'alpha': 0.00001, # #)EA{E0. 0.00001,0.01,0.1,100% 3"
'lambda': 1,
'random_state': 777

}

mytuning (params=params, num_round=500, verbose=False) # 0.1260378

# NAN—=NFTA—FDHRE. FHEOET. FH. RERT—4

dtrain = xgb.DMatrix (train_x, label=train_y)

dtest = xgb.DMatrix (test_x)

num_round = 500

model = xgb.train(params, dtrain, num_round)

pred = np.expml (model.predict (dtest))

out = pd.DataFrame ({'Id':id, 'SalePrice':pred})

out.to_csv('C:/py/housing/submission.csv', index=False) ﬁkaggle 0):‘\//\°®

Lscore: 0.12743 53
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Greedy Backward Selection: [ 9 AN \eRBAZE D IRME (2., {thD
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AL HELTANI . O?OB%L\'C%L’C?E.#% NET DAL

ERRTD = HFEYLEFLDT -

cands = ['GrLivArea', 'OverallQual', 'Neighborhood', 'TotalBsmtSF',
'OverallCond', 'LotArea', 'BsmtFinSF1l', 'lstFlrSF', 'GarageCars'
'FireplaceQu', 'YearRemodAdd', 'KitchenQual', 'GarageArea'
'CentralAir', 'GarageYrBlt', 'YearBuilt', 'GarageFinish',
'LotFrontage', 'BsmtQual', 'MSZoning', 'SaleCondition', 'Conditionl',

'BsmtExposure', 'GarageType', 'GarageQual', 'ScreenPorch', 'ExterCond',

'BsmtFullBath', '2ndF1lrSF', 'Heating', 'FullBath', 'BsmtFinTypel',
'HeatingQC', 'BsmtUnfSF', 'Functional', 'LotConfig', 'PavedDrive'
'Exterior2nd', 'LotShape', 'WoodDeckSF', 'RoofMatl', 'HalfBath',
'SaleType', 'Electrical', 'YrSold', 'LandSlope', 'MSSubClass'
'GarageCond', 'EnclosedPorch', 'Street', 'Fireplaces', 'Condition2',
'Alley’', 'BldgType', 'MoSold', 'MiscFeature', 'Fence', 'BsmtFinSF2',
'BsmtHalfBath', 'MasVnrType', 'BsmtFinType2', 'PoolArea’,
'HouseStyle']

1~20[E B
for i in range(l, 21):
print ('#' + str(i))
cands = Greedy_Back (candidates=cands, n=1)
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XGBoost.train() D/ VX —H po':red

. seed: ELEID T —F
*  njobs: AL YRE, -1 TIILIZH
. booster: "gbtree" “dart” DNELTWLSEELHHDF

. objective : “reg:squarederror” (IEIJﬁ? DI, %n,\ﬁjéﬂ—l]\ﬂ:)\ reg:squaredlogerror’ ([A]F.
squared log loss Z&x/IME). “binary:logistic”( 2 B4 48, log lossZ&x/IME. TJE$’EJET )N
“count:poisson” ( poisson [E]JF). “survival:cox” ( Cox @J‘Fﬁ') ‘multi: softprob (yﬁﬁg\iﬁ i

. eval metric T77J')leEt objective [Z 8 Eé"ht? JEIZ JTLT\LTJEI*E(IEJ - rmse .
248 :"logloss”): “rmsle” . “mae” . “error”( 2 B %E: 1-accuracy ). “merror” (Z{E4E). b

. num_round [n_estimators] : iR & AR D AL
. eta [learning rate]: FEZE ., T 74 /LA 0.3 723, 0.05 X (& 0.1
*  max_depth: RERDFES. TIAILEE 6 T.3~9

«  gamma: REAREZDIEIES-OICHKRERBSTAAETEHEBDIE. ENKEVNEDIELDSLN
GBRZEEHIE) A, TIAILETHS 0 TRLV?

«  min_child_weight: EZ BT 5&x/NT—28 . ENKRESVEBFEEHIE, TI4ILRE1T, 0.1~10

«  subsample: JREARZEIZEE T —EDTEsamplingd HE|E . EA/NSWNEBFERRIE, T4
M& 1 =A%, 0.6~0.95

g colf?inpl%bytree RERTEIZHBED G Esamplingd 2E|E . EA/NSWNEBZERHLE. T4
JU 1 0.6~1

. colsample_bylevel : i Z S LI ZE D Fll Zsamplingd 5EIE . TI74 /LK 1 T.05~1,03 F2E
[ZTFIF5HES

. alpha [reg alphal: L1 IEB{E DS, EMRKEWNEBFEFIE. T4 J)LME 0, SAE(XZEIL
. lambda [reg lambda]:L2 IEBI{E D&, ENKEVEBEBHLE. T74ILNE 1, SAZIFERBIL

> XGBRegressor() & XGBClassifier() &, num_round & eta [ [n_estimators] [learning rate] [Z
https://xgboost.readthedocs.io/en/latest/parameter.html 56
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import numpy as np

from sklearn.model_selection import KFold

from sklearn.metrics import log_loss

from hyperopt import STATUS_OK, Trials, fmin, hp, tpe
import xgboost as xgb

def score (params) :

num_round = int (params|['n_estimators'])
kf = KFold(n_splits=4, shuffle=True, random_state=777)
scores = []

del params|['n_estimators']
for tr_idx, va_idx in kf.split(train_x):

tr x, va_x = train_x.iloc[tr_idx], train_x.iloc[va_idx]

tr_y, va_y = train_y.iloc[tr_idx], train_y.iloc[va_idx]

dtrain = xgb.DMatrix(tr_x, label=tr_y)

dvalid = xgb.DMatrix(va_x, label=va_y)

model = xgb.train(params, dtrain, num_round)

va_pred = model.predict (dvalid, ntree_limit=model.best_iteration + 1)
score = mean_squared_error (va_y, va_pred) # EHGE AR RICE R

scores.append (np.sqgrt (score))

loss = np.mean (scores) # EHAREVALNBWNMEETHSEEIE (-1) Z#IT+D
return {'loss': loss, 'status': STATUS_OK}
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def optimize(trials):
space = {'seed': 777,

'booster': 'gbtree',

'objective': 'reg:squarederror',

'eval_metric': 'rmse',

'n_estimators': hp.quniform('n_estimators', 100, 1000, 1),

'eta': hp.quniform('eta', 0.025, 0.5, 0.001),
'max_depth': 3, # 2, 3, 4, 5 ZROITBTHT
'min_child_weight': hp.loguniform('min_child_weight', np.log(0.1),
np.log(10)),

'colsample_bytree': hp.quniform('colsample_bytree', 0.2, 1, 0.01),
'colsample_bylevel': hp.quniform('colsample_bylevel', 0.1, 1, 0.01),
'subsample': hp.quniform('subsample', 0.6, 1, 0.01),
'gamma': hp.loguniform('gamma', np.log(le-9), np.log(l1.0)),
'alpha' : hp.loguniform('alpha', np.log(le-9), np.log(l.0)),
'"lambda' : hp.loguniform('lambda', np.log(le-6), np.log(10.0))

}

best = fmin(score, space, algo=tpe.suggest, trials=trials, max_evals=150)

return best # EREBIHII25EIFEETHOK, 100EIBNIE+ D IEZEAIRE

trials = Trials ()
best = optimize(trials)
print (best) # BWRIEARED/INT A —4
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# NAN—NNFTA—FDEE. FEDEIT. FA. RERT—4
dtrain = xgb.DMatrix (train_x, label=train_y)
dtest = xgb.DMatrix (test_x)

# n_estimators—num_round

num_round = 980

params = {'max_depth': 3, 'alpha': 0.00440521364414375,
'colsample_bylevel': 0.38, 'colsample_bytree': 0.7000000000000001, 'eta':
0.026000000000000002, 'gamma': 2.9000361290318213e-07, 'lambda':

0.0003089335955315187, 'min_child _weight': 0.6535932425761198, 'subsample':

0.79}

model = xgb.train(params, dtrain, num_round)

pred = np.expml (model.predict (dtest))

# CV

mytuning (params=params, num_round=num_round) # 0.12597
out = pd.DataFrame ({'Id':id, 'SalePrice':pred}) # 0.12680

out.to_csv ('C:/py/housing/submission.csv', index=False)

kaggle DaAVD
score: 0.12680
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result?2 = [0] * len(train x.columns.tolist ())
kf = KFold(n_splits=4, shuffle=True, random_state=777)
for tr_idx, va_idx in kf.split(train_x):
tr x, va_x = train_x.iloc[tr_idx], train_x.iloc[va_idx]
tr_y, va_y = train_y.iloc[tr_idx], train_y.iloc[va_idx]
dtrain = xgb.DMatrix(tr_x, label=tr_y)
dvalid = xgb.DMatrix(va_x, label=va_y)

model = xgb.train (params, dtrain, num_round)
va_pred = model.predict (dvalid)
score_org = mean_squared_error (va_y, va_pred)
scores = []
for i in train_x.columns.tolist () :
tmp_x = train_x.copy ()
tmp_x[1i] = tmp_x[i] .sample (frac=1, random_state=777) .reset_index (drop=True)
tr_x, va_x = tmp_x.iloc[tr_idx], tmp_x.iloc[va_idx]
dvalid = xgb.DMatrix (va_x, label=va_y)
va_pred = model.predict (dvalid)
score = mean_squared_error (va_y, va_pred)
scores.append (np.sgrt (score) — np.sqgrt (score_orqg)) # BEIX rmse EDLLFES
result2 = [x + y for (x, y) in zip(result2, scores)]
result?2 = [x / 4 for x 1in result2]

result2 = pd.DataFrame ({'feature':train_x.columns.tolist (), 'RootMSE':result2},
index=None)

result2 = result2.reset_index (drop=True) .sort_values(['RootMSE'], ascending=False)
result2.style.background_gradient ()

# RMSEME L > =-ZH#H ZHIR

train_x = train_x.drop(['Street', 'MasVnrType', 'Alley', 'EnclosedPorch',
'HouseStyle', 'BsmtFinType2', 'BldgType'], axis=1)
test_x = test_x.drop(['Street', 'MasVnrType', 'Alley', 'EnclosedPorch',

'HouseStyle', 'BsmtFinType2', 'BldgType'], axis=1)
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# NAN—NNFTA—FDEE. FEDEIT. FA. RERT—4
dtrain = xgb.DMatrix (train_x, label=train_y)
dtest = xgb.DMatrix (test_x)

# n_estimators—num_round

num_round = 980

params = {'max_depth': 3, 'alpha': 0.00440521364414375,
'colsample_bylevel': 0.38, 'colsample_bytree': 0.7000000000000001, 'eta':
0.026000000000000002, 'gamma': 2.9000361290318213e-07, 'lambda':

0.0003089335955315187, 'min_child _weight': 0.6535932425761198, 'subsample':

0.79}

# CV

mytuning (params=params, num_round=num_round) # 0.12377
model = xgb.train(params, dtrain, num_round)

pred = np.expml (model.predict (dtest))

out = pd.DataFrame ({'Id':id, 'SalePrice':pred}) # 0.12591

out.to_csv ('C:/py/housing/submission.csv', index=False)

kaggle DaAVD
score: 0.12591
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select_vars = ['GrLivArea', 'OverallQual', 'Neighborhood', 'TotalBsmtSF',
'OverallCond', 'LotArea', 'BsmtFinSF1l', 'lstFlrSF', 'GarageCars', 'FireplaceQu',
'YearRemodAdd', 'KitchenQual', 'GarageArea', 'CentralAir', 'GarageYrBlt',
'YearBuilt', 'GarageFinish', 'LotFrontage', 'BsmtQual', 'MSZoning',
'SaleCondition', 'Conditionl', 'BsmtExposure', 'GarageType', 'GarageQual',
'ScreenPorch', 'ExterCond', 'BsmtFullBath', '2ndFlrSF', 'Heating', 'FullBath',
'BsmtFinTypel', 'HeatingQC', 'BsmtUnfSF', 'Functional', 'LotConfig',
'Exterior2nd', 'WoodDeckSF', 'RoofMatl', 'HalfBath', 'SaleType', 'Electrical',
'YrSold', 'LandSlope', 'MSSubClass', 'Fireplaces', 'Condition2', 'MoSold',
'"Fence', 'BsmtFinSF2', 'BsmtHalfBath', 'PoolArea']

train_x = df.query('Is_train == 1') [select_vars]

test_x = df.query('Is_train == 0') [select_vars]

train_y = np.loglp(df.query('Is_train == 1') ['SalePrice'])

id = df.query('Is_train == 0'"') ['Id']

trials = Trials{()

best = optimize(trials)

print (best)

# NAN—NFA—ADEE. FEDET. FH. REHAT—4

dtrain = xgb.DMatrix(train_x, label=train_y)

dtest = xgb.DMatrix (test_x)

# n_estimators—-num_round

num_round = 600

params = {'max_depth': 3, 'alpha': 5.26026169268709e-05, 'colsample_bylevel':

0.37, 'colsample_bytree': 0.52, 'eta': 0.029, 'gamma': 8.140200939915681e-09,

'"lambda': 0.017369833907263488, 'min_child_weight': 0.14067910377458015,

'subsample': 0.97}

# CV N o

mytuning (params=params, num_round=num_round) # 0.12640 kaggle 03:'-//\0)

model = xgb.train (params, dtrain, num_round) score: 0.12474

pred = np.expml (model.predict (dtest))

out = pd.DataFrame ({'Id':id, 'SalePrice':pred}) # 0.12474

out.to_csv('C:/py/housing/submission.csv', index=False)
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# train.csv & test.csv DHEE

dfl = pd.read_csv('C:/py/housing/train.csv', header=0)
df0 = pd.read_csv('C:/py/housing/test.csv', header=0)
dfl["Is_train"] =1

dfO0["Is_train"] = 0

# CatBoost Encoding

all_vars = dfl.columns.to_list ()

cat_vars dfl.select_dtypes (include='object') .columns.to_list () + ['MSSubClass',
'MoSold', 'YrSold'l # 'number' *° ['int64','float64']l HIEFER

num_vars = [x for x in all _vars if x not in cat_vars + ['Id', 'SalePrice', 'Is_train']]
cbe = CatBoostEncoder ()
target = np.loglp(dfl['SalePrice'])
dfl_cbe = cbe.fit_transform(dfl[cat_vars], target) # ATIUEHIAHEIZLTTINS
df0_cbe = cbe.transform(df0[cat_vars]) # ATIVEHSBUEICEHRIND
¥ T—HADEE
dfl = dfl.drop(cat_vars, axis=1) $ AT 3)EWETHIRR
df0 = df0.drop(cat_vars, axis=1) # AT3)EHEHIFR
dfl = pd.concat ([dfl, dfl_cbe], axis=1l) # ZTWEOHTIVIEHEZHES
df0 = pd.concat ([df0, df0_cbe], axis=1) # ZEBREOHTIVEHEZHES
df = pd.concat ([dfl, dfO0])
# T—RDREEIMELE
x = 'GarageYrBlt'
df [x] = df[x].apply(lambda x : 2007 if x == 2207 else x)
+ HNENE (EHBIEAHH.)
for x in num_vars:
lower = np.mean(df[x]) — 3 * np.std(df[x])
upper = np.mean(df[x]) + 3 * np.std(df[x])
df [x] = np.where(df[x] < lower, lower, df[x]) # df[x] = np.clip(df[x], lower, upper)
df [x] = np.where (df[x] > upper, upper, df[x]) #
# T—ADNE
train_x = df.query('Is_train == 1'").drop(['Id', 'SalePrice', 'Is_train'], axis=1)
train_y = np.loglp(df.query('Is_train == 1')['SalePrice'])
test_x = df.query('Is_train == 0').drop(['Id', 'SalePrice', 'Is_train'], axis=1)

id = df .query ('Is_train == 0') ['Id']
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/ \ 7)(_ﬂ¥l __-‘/y . /\%X ﬁﬁ/ﬁ O,Utuna powered
. suggest_categorical('grow_policy’, ['depthwise’, 'lossguide’]) : :E IR H 5 1EIR
g suggest_int(max_depth’, 1, 9, step=1, log=False): 1 ~ 9D ZEFE T H 5:EIR
«  suggest_discrete_uniform(eta’, 0.025, 0.5, 0.001):0.025~0.5MD F Z %151 (0.001% &) hi5:E IR
«  suggest_uniform(eta’, 0.025, 0.5):0.025~0.50 E HE{EH HEIR
. suggest_loguniform('min_child_weight’, 0.1, 10): np.log(0.1)~np.log(10) D E R {E H 5 1EIR

import optuna

def objective(trial):
dtrain = xgb.DMatrix (train_x, label=train_y)
dtest = xgb.DMatrix (test_x)

param = {'seed': SEED,
'booster': 'gbtree',
'objective': 'reg:squarederror',
'eval _metric': 'rmse',
# 'eta': trial.suggest_discrete_uniform('eta', 0.025, 0.5, 0.001),
'eta': trial.suggest_uniform('eta', 1le-9, 0.5),
'max_depth': trial.suggest_int ('max_depth', 1, 9),
'min_child _weight': trial.suggest_loguniform('min_child_weight', 1le-9, 10),
'colsample_bytree': trial.suggest_uniform('colsample_bytree', 1le-9, 1),
'colsample_bylevel': trial.suggest_uniform('colsample_bylevel', 1le-9, 1),
'subsample': trial.suggest_uniform('subsample', 1le-9, 1),
'gamma': trial.suggest_loguniform('gamma', le-9, 1.0),
'alpha': trial.suggest_loguniform('alpha', 1e-9, 1.0),
'"lambda': trial.suggest_loguniform('lambda', 1le-9, 10.0),
'grow_policy': trial.suggest_categorical ('grow_policy', ['depthwise', 'lossguide'])
}
xgb_cv_results = xgb.cv(params=param, dtrain=dtrain, num_boost_round=10000, nfold=N_FOLDS,
early_stopping_rounds=100, seed=SEED, stratified=False, verbose_eval=False)
trial.set_user_attr('n_estimators', len(xgb_cv_results))
best_score = xgb_cv_results['test-rmse-mean'].values[—-1]
return best_score 65
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INTA—HF 3 —= 7 : optuna
 https://optuna.readthedocs.io/en/stable/

e https://github.com/optuna/optuna

SEED = 777

N_FOLDS = 4

CV_RESULT_DIR = 'C:¥py'

study = optuna.create_study(direction="minimize') # 'maximize'

study.optimize (objective, n_trials=300, timeout=10000)
trial = study.best_trial

print ('Number of finished trials: ', len(study.trials))
print ('Best trial:'")
(

print (' Value: {}'.format (trial.value))

print (' Params: ')

for key, value in trial.params.items() :
print (' {}: {}'.format (key, value))

N _ESTIMATORS = trial.user attrs|['n_estimators']
print (' Number of estimators: {}'.format (N_ESTIMATORS))

¥ RBIE/INTA—4
study.best_params
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# BIE = Permutation Importance (RMSEMZE>0) = BHE optuna &

params = {'booster': 'gbtree',
'objective': 'reg:squarederror',
'eta': 0.02970034259186664,
'max_depth': 3,
'min_child _weight': 0.002604369914682461,
'colsample_bytree': 0.6007162951331511,
'colsample_bylevel': 0.41770396817930583,
'subsample': 0.8182371855321625,
'gamma': 2.2678145154092127e-09,
'alpha': 1.8996174650465632e-06,
'"lambda': 1.8530721142288748e-07,
'grow_policy': 'lossguide',
'random_state': 777

}

# xgboost FAMDT—AIEE&EIZEH
dtrain = xgb.DMatrix(train_x, label=train_y)
dtest = xgb.DMatrix(test_x)

# NAN—INFA—FDERE., FEDODET. FH. REAT % -
num_round = N_ESTIMATORS kaggle MAAND
model = xgb.train (params, dtrain, num_round) score: 0.12416
pred = np.expml (model.predict (dtest))

out = pd.DataFrame ({'Id':id, 'SalePrice':pred})
out.to_csv('C:/py/housing/submission.csv', index=False) 67
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import pandas as pd
from pycaret.regression import *

# train.csv & test.csv DEFEHAH

train_data = pd.read_csv('C:/py/housing/train.csv', header=0)
test_data = pd.read_csv('C:/py/housing/test.csv', header=0)
+ MEARTE

demo = setup (data=train_data, target='SalePrice',

normalize=True, transformation=True, transformation_method='yeo-johnson',
transform_target=True, remove_outliers=True, remove_multicollinearity=True,
ignore_low_variance=True, combine_rare_levels=True)

# BETILDLE

compare_models ()

¥ ERI4DDETIL

bayesian_ridge = create_model ('br')

huber = create_model ('huber')

ridge = create_model ('ridge')

cat_boost = create_model ('catboost')

$ INTHA—B - Fa—=2F

bayesian_ridge = tune_model (bayesian_ridge)
huber = tune_model (huber)

ridge = tune_model (ridge)

cat_boost = tune_model (cat_boost)

# ToHTIL

blender = blend_models (estimator_list=[bayesian_ridge, huber, ridge, cat_boost])

+ HRIRETILOEE - T

model = finalize_model (blender)
predictions = predict_model (model, data=test_data)
+ HROBEAH

out = pd.DataFrame ({'Id':predictions['Id'], 'SalePrice':predictions['Label']})
out.to_csv('C:/py/housing/submission.csv', index=False) 68
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: The building class
#UE (20, 30, 40, =--) A\ EITHTTY . RALEL

MSZo\ning: The general zoning classification
#7731 ('RH 'C (all) 'RM’ 'FV’ 'RL’ ). test.csv T 4 {58l

LotFrontage: Linear feet of street\ connected to property
HE. ZAZHE. NAniE 4 BIFE. PRIETHT?
: Lot size in square feet )
#BUE. ZATEL, SANniE 4 @EIFE
Street: Type of road access
773 ('Pave’ 'Grvl' | [ZIZETH Pave ) ZBIZL
Alley: Type of alley access
A731) ('Pave’ 'Grvl' ) . KEHKRBI (No alley access &)
: General shape of property
AT73Y) ( 'Reg’ 'IR1"'IR2’IR3 ) . &AI%L
LandContour: Flatness of the property
#7173 ('Lvl 'Bnk’ 'Low’ 'HLS' .| [RIFE£TAH Y 'LvI' ). RiBIZLL
Utilities: Type of utilities available\
A7 31) ('AllPub’ 'NoSeWa' . [EIXZETH 'AllPub’ ). KA 2 151

Lothnfig: Lot configuration
$H731) ( 'Inside’ 'FR2’ 'Corner’ 'CulDSac’ 'FR3’ . Z<{M Inside ) . RAIZ:L
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LandSlope: Slope of property

AT ('Gtl 'Mod' 'Sev', KF A 'Gtl' ) . RiBI%L

Neighborhood: Physical locations within Ames city limits

AT3) S KBGL

Condition1: Proximity to main road or railroad

AT S KEH 'Norm' | RBI%L

Condition2: Proximity to main road or railroad (if a second is present)

AT S KED 'Norm' | RBI%L

BldgType: Type of dwelling

$7731) ( '1Fam’ '2fmCon’ 'Duplex’ 'TwnhsE’ 'Twnhs'. KA "1Fam’ ) . ZAI75EL
: Style of dwelling

$H73") (2Story’ '1Story’ '1.5Fin’ '1.5Unf 'SFoyer 'SLvI’' '2.5Unf '2.5Fin’) . &:AIZEL

OverallQual: Overall material and finish quality
#iE. AL, MEEDMEEEL
OverallCond: Overall condition rating
B, ZAGEL

: Original construction date
#iE. ZAZL. MEEDMEEEL
YearRemodAdd: Remodel date

FUE. ZAZEL . I EDFHEIZ L. “same as construction date if no remodeling or additions”
EWVSTELED T YearBuilt EDFBEABFLN(r = 0.612235 )
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RoofSter: Type of roof .
7373") ( 'Gable’ 'Hip’ 'Gambrel’ 'Mansard’ 'Flat’ 'Shed’. KFHV'Gable’ X[ 'Hip’ )

RoofMatI: Roof material )
7731 ( 'CompShg’ 'WdShngl' 'Metal’ 'WdShake' 'Membran’ 'Tar&Grv’ 'Roll’ 'ClyTile’. KFH
'CompShg’) . KAIZL

: Exterior covering on house

HT73) %, testcsv T 1 54K H

- Exterior covering on house (if more than one material)

HT73) %, test.csv T 1 5| 4&H

r : Masonry veneer type
7731 ( 'BrkFace’ 'None' 'Stone’ 'BrkCmn’ nan ) . &8I 24 {51

MasVnrArea: Masonry veneer area in square feet
FUE. KB 23 ], A NAE 4 BIZE . DRIETHT?
ExterQual: Exterior material quality
HT3('Gd 'TA 'Ex 'Fa’ ). &AlI%zL
ExterCond: Present condition of the material on the exterior
AT ('TA 'Gd 'Fa’ 'Po’ 'Ex’ "), RAl%zL
: Type of foundation

AT3)EHE. KAIGL

: Height of the basement
AT3)EH. RAZH 71
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BsmtCond: General condition of the basement
AT3)EH. RAZH

: Walkout or garden level basement walls
A7) ('No' 'Gd’ 'Mn' 'Av’) . A% %K

: Quality of basement finished area
ATTIVZH . RAZH
: Type 1 finished square feet
B, S8 1451, A nfE 1 B, RR{ETHTE?
BsmtFinType2: Quality of second finished area (if present)
AT ZE(KED 'Unf) | REIZ
BsmtFinSF2: Type 2 finished square feet
2B, &8 1 3. SAndE 1 E?
: Unfinished square feet of basement area
B, &8 1 5., BR{ETHT?
TotalBsmtSF: Total square feet of basement area
B, JGA 1 431, A nfE 1 B, RR{ETHTE?
Heating: Type of heating
HT31) (GasA’ 'GasW 'Grav’ 'Wall' 'OthW’ 'Floor’) . KF A 'GasA’ . KBI%L
: Heating quality and condition
A7) (’Ex 'Gd 'TA’ 'Fa’ 'Po’ ). KiflzL
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: Central air conditioning
ATIAVCY N (KRFEHY ) RAIGL
Electrical: Electrical system
$3731) ( 'SBrkr’ 'FuseF’ 'FuseA’ 'FuseP’ 'Mix’ . K¥H 'SBrkr’ ) &:Hl 1 451

1stFIrSF: First Floor square feet

#iE., ZBEL. SindE 1 &
: Second floor square feet

#HUE. &AIZEL

LowQualFinSF: Low quality finished square feet (all floors)

#iE., ZAZZL, KFEH 0

GrLivArea: Above grade (ground) living area square feet

#iE., &AL, SindE 2 &

BsmtFullBath: Basement full bathrooms

HEICRZDH 0,1.2.3 D 4 Ah7T)EHRGELI=ZAD KN, KA 2 4l

BsmtHalfBath: Basement half bathrooms

HEICRZDHN 0.1.2 D 3 hTIAVERGZLIZAMEKLN? o KAl 2 5], KREM O
: Full bathrooms above grade

HEICEZANM 0.1.2.3.4D 5 HT73)ERLGLI=AMKULN?  ZAIEL

: Half b\aths above grade ) .
MIECRZAAN0.1.2 D 3 HTIVEALZLE=AMNKLN? ( KAILL
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BedroomAbvGr: Number of bedrooms above basement level

#HUE. &AIZEL

KitchenAbvGr: Number of kitchens

MEICRZEH0,1.2 D 3 ATIAYERLZLI=AMEKLN? | KAIAEL

KitchenQual: Kitchen quality

AT31)('Gd 'TA Ex 'Fa’ ). test.csv T 1 f5I;HI. label encoding (XAl 'TA' [ZTHH5E)

TotRmsAbvGrd: Total rooms above grade (does not include bathrooms)

#HUE. &AIZEL

Functional: Home functionality rating

7731 (Typ’ 'Min1’ 'Maj1’ 'Min2’ 'Mod’ 'Maj2’ 'Sev’) . test.csv T 2 {5l &8I
: Number of fireplaces

HIEICEZANM 0.1.2.3.4D 5 HT7a3)ERLGLI=AMKULN?  ZAIEL

: : Fireplace quality
H73I1) (TA 'Gd 'Fa’ 'Ex 'Po’) . RBIZ %

{ : Garage location
77 3") CAttchd 'Detchd’ 'Builtln’ 'CarPort’ 'Basment’ '2Types’) . KB % %4

: Year garage was built

B, RBIZHE. 2207 FEWLSIT—2DH 5. DEHDIELY 2007 F&H W (EHR)
: Interior finish of the garage

HAT3Y (RFn’ 'Unf 'Fin’) . RAIZ %K
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: Size of garage in car capacity

HIEICRZ5H0.1.2.3.4.5D 6 AT7IYEHALELI-ADKLV? | testesv T 1 HIRAL

GarageArea: Size of garage in square feet
#E. testcsv T1 HIXKElI, HRIETHT?

Garag\eQuaI: Garage quality ‘
H7T1) CTA 'Fa’ 'Gd’ 'Ex’ 'Po’. KEMN 'TA) KBS (RBIIHL—2HLERT)

GarageCond: Garage condition

AT73Y)(CTA 'Fa’ nan 'Gd’ 'Po’ 'Ex . KEMN TA ) . RAZH(KAIZAL—IHLERT)

] : Paved driveway
AT CY N P RAILL
: Wood deck area in square feet

B, ZAGEL

: Open porch area in square feet
B, ZAGEL
EnclosedPorch: Enclosed porch area in square feet
B, ZAGEL
3SsnPorch: Three season porch area in square feet
B, ZAGL
ScreenPorch: Screen porch area in square feet
B, ZAGEL
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PoolArea: Pool area in square feet
#HUE. &AIZEL
PoolQC: Pool quality
AT KFELRBI(TELIZELKRT D)
: Fence quality
AT KFELRBI(TELIZELKRT D)
MiscFeature: Miscellaneous feature not covered in other categories
AT KFELRBI(TELIZELKRT D)
MiscVal: $Value of miscellaneous feature
#HUE. &AIZEL
MoSold: Month Sold
BIEICRAAMN 1,2, - 12D 12 A7) EHRELI=AM KL, RBILEL
YrSold: Year Sold
HIEIZR ZAA% 2006, 2007, 2008, 2009, 2010 M 5 ATIAYEHALZELI=AMN KLV, KAIZLL

SaIeType: Type of sale
A 731) (WD’ 'New' 'COD’ 'ConLD’ 'ConLI’ 'CWD’ 'ConLw’ 'Con’ 'Oth’ ). test.csv T 1 {5l ;8.

SaIeC\ondition: Condition of sale
A73") (Normal 'Abnorml’ 'Partial’ 'AdjLand’ 'Alloca’ 'Family’) . &BI7&L
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Python 3.8.3 documentation
https://docs.python.org/3/
https://docs.python.org/ja/3/

matplotlib documentation
https://matplotlib.org/index.html
https://matplotlib.org/1.5.1/faq/usage fag.html

Scikit—learn documentation
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

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

note.nkmk.me: https://note.nkmk.me/python/

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

Faf% KE§ th=E (2019) [Kaggle TR DT —2 72 # D B ffiy (BT s Em+t) |
https://github.com/ghmagazine/kagglebook 78
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