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Datawhale SE{EN I JEEIZE-Baseline

Baseline-v1.0 kR

Tip:X2— P etliabaselinehli A Hifg 5 | £, ARFIZE— 1 E X BaselinefI— M RERENEARN G,
ZER M.

B SEMAISRBE - —FERBMSFN

ek https://tianchi.aliyun.com/competition/entrance/231784/introduction?
spm=5176.12281957.1004.1.38b02448ausjSX

(https://tianchi.aliyun.com/competition/entrance/231784/introduction?
spm=5176.12281957.1004.1.38b02448ausjSX)

In [5]:

2 BELEHFEHR 1ist datalab files
!1s datalab/

231784

Step 1:SAERHITHHE

FRLAZR


https://tianchi.aliyun.com/competition/entrance/231784/introduction?spm=5176.12281957.1004.1.38b02448ausjSX

In [6]:

#tt Hml T A

import numpy as np

import pandas as pd

import warnings

import matplotlib

import matplotlib. pyplot as plt

import seaborn as sns

from scipy. special import jn

from IPython. display import display, clear output
import time

warnings. filterwarnings (’ ignore’)
%matplotlib inline

Bt P2 Y

from sklearn import linear model

from sklearn import preprocessing

from sklearn. svm import SVR

from sklearn. ensemble import RandomForestRegressor, GradientBoostingRegressor

w4 AW IERLTE
from sklearn. decomposition import PCA, FastICA, FactorAnalysis, SparsePCA

import lightgbm as lgb
import xgboost as xgb

w2 ZHPEE AT
from sklearn.model selection import GridSearchCV, cross val score, StratifiedKFold, train_test split
from sklearn.metrics import mean squared error, mean_absolute error

Step 2:ETHEEEEN

In [14]:

24 I PandasX] FHHFHFTEI (pandasi2— TMR A FHTEL 17 10 27 47 %)
Train data = pd.read csv( datalab/231784/used car train 20200313.csv’, sep= )
TestA data = pd.read csv( datalab/231784/used car testA 20200313.csv’, sep= )

By I I AP EE
print ( Train data shape:’, Train data. shape)
print ( TestA data shape:’, TestA data. shape)

Train data shape: (150000, 31)
TestA data shape: (50000, 30)

1) SERZES



In [15]:

##t WL head () [ ZE5 4 E R A #7197 ¢
Train data. head ()

Out[15]:

SalelD name regDate model brand bodyType fuelType gearbox power kilometer

0 0 736 20040402 30.0 6 1.0 0.0 0.0 60 12.5
1 1 2262 20030301 40.0 1 2.0 0.0 0.0 0 15.0
2 2 14874 20040403 115.0 15 1.0 0.0 0.0 163 12.5
3 3 71865 19960908 109.0 10 0.0 0.0 1.0 193 15.0
4 4 111080 20120103 110.0 5 1.0 0.0 0.0 68 5.0

5 rows x 31 columns

2) IREREE



In [16]:
#e WL . info () A LIGZBINS W —LEL #7515 URNANGRA S B

Train data. info()

<{class ’pandas. core. frame. DataFrame’ >
RangeIndex: 150000 entries, 0 to 149999
Data columns (total 31 columns):

SalelD 150000 non—null int64
name 150000 non—null int64
regDate 150000 non—null int64
model 149999 non-null float64
brand 150000 non—null int64
bodyType 145494 non-—null float64
fuelType 141320 non—null float64
gearbox 144019 non—null float64
power 150000 non—null int64
kilometer 150000 non—-null float64
notRepairedDamage 150000 non—null object
regionCode 150000 non—null int64
seller 150000 non—null int64
offerType 150000 non—null int64
creatDate 150000 non—null int64
price 150000 non—null int64
v 0 150000 non—null float64
v 1 150000 non—null float64
v 2 150000 non—null float64
v 3 150000 non—null float64
v 4 150000 non—null float64
v b 150000 non—null float64
v 6 150000 non—null float64
v 7 150000 non—null float64
v 8 150000 non—null float64
v 9 150000 non—null float64
v_10 150000 non—null float64
v_11 150000 non—null float64
v 12 150000 non—null float64
v 13 150000 non—null float64
v 14 150000 non—null float64

dzypes: float64(20), int64(10), object (1)
memory usage: 35.5+ MB

In [17]:

w2 Wi . columns BB P
Train_data. columns

Out[17]:

Index ([’ SaleID’, ’name’, ’regDate’, 'model’, ’brand’, ’bodyType’, ’fuelType’,
>gearbox’, ‘power , ' kilometer’, ’notRepairedDamage’, ’regionCode’,
“seller’, ’offerType’, ’creatDate’, ’price’, 'v 0, 'v.1, 'v2,K6 ’v 3,
'v4,’v5s,'ve, v, 'v8, ’v9, 'v.10, ‘v 11’, ‘v 12
‘v 137, v 1471,

dtype="object’)



In [18]:

TestA data. info()

{class ’pandas. core. frame. DataFrame’ >
Rangelndex: 50000 entries,
Data columns (total 30 columns):

SalelD
name
regDate
model
brand
bodyType
fuelType
gearbox
power
kilometer
notRepairedDamage
regionCode
seller
offerType
creatDate

o

[ S R T A
= O 0 N O Ol v W N +—

< < 9 9 < © © < < < <

v 14

50000
50000
50000
50000
50000
48587
47107
48090
50000
50000
50000
50000
50000
50000
50000
50000
50000
50000
50000
50000
50000
50000
50000
50000
50000
50000
50000
50000
50000
50000

0 to 49999

non—null
non—null
non—null
non—null
non—null
non—null
non—null
non—null
non—null
non—null
non—-null
non—null
non—null
non—null
non—null
non—null
non—null
non—-null
non—null
non—null
non—null
non—null
non—null
non—null
non—null
non—null
non—null
non—null
non—null
non—null

int64
int64
int64
float64
int64
float64
float64
float64
int64
float64
object
int64
int64
int64
int64
float64
float64
float64
float64
float64
float64
float64
float64
float64
float64
float64
float64
float64
float64
float64

dtypes: float64(20), int64(9), object (1)
memory usage: 11.4+ MB

3) BRAIHERNE



In [19]:

#72 L . describe () H LUZTH HIEFFIEIIAHT—220 71 158

Train data. describe ()

Out[19]:

SalelD name regDate model brand bodyTy|
count 150000.000000 150000.000000 1.500000e+05 149999.000000 150000.000000 145494.0000¢
mean  74999.500000 68349.172873 2.003417e+07 47.129021 8.052733 1.7923|

std  43301.414527 61103.875095 5.364988e+04 49.536040 7.864956 1.7606:
min 0.000000 0.000000 1.991000e+07 0.000000 0.000000 0.0000t
25%  37499.750000  11156.000000 1.999091e+07 10.000000 1.000000 0.0000t
50%  74999.500000 51638.000000 2.003091e+07 30.000000 6.000000 1.0000!
75% 112499.250000 118841.250000 2.007111e+07 66.000000 13.000000 3.0000t
max 149999.000000 196812.000000 2.015121e+07 247.000000 39.000000 7.0000t
8 rows x 30 columns
4
In [20]:
TestA data. describe()
Out[20]:

SalelD name regDate model brand bodyType
count  50000.000000 50000.000000 5.000000e+04 50000.000000 50000.000000 48587.000000
mean 174999.500000 68542.223280 2.003393e+07 46.844520 8.056240 1.782185

std  14433.901067 61052.808133 5.368870e+04 49.469548 7.819477 1.760736
min 150000.000000 0.000000 1.991000e+07 0.000000 0.000000 0.000000
25% 162499.750000  11203.500000 1.999091e+07 10.000000 1.000000 0.000000
50% 174999.500000 52248.500000 2.003091e+07 29.000000 6.000000 1.000000
75% 187499.250000 118856.500000 2.007110e+07 65.000000 13.000000 3.000000
max 199999.000000 196805.000000 2.015121e+07 246.000000 39.000000 7.000000

8 rows x 29 columns
>

Step 3ASMESIREIE
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In [21]:

numerical cols = Train data. select dtypes(exclude = ’object’). columns
print (numerical cols)

Index ([’ SaleID’, ’name’, ’regDate’, ’'model’, ’brand’, ’bodyType’, ’fuelType’,
“gearbox’, 'power’, 'kilometer’, ’regionCode’, ’seller’, ’offerType’,
“creatDate’, ’price’, 'v 0, 'v1, 'v2,’v3, 'vd4, v5,6 'veE,
v, v 8, v 9, v 107, v 1, v 127, Tv 13, v 147 ],

dtype="object’)

In [22]:

categorical cols = Train data.select dtypes(include = " object’).columns
print (categorical cols)

Index ([’ notRepairedDamage’ ], dtype=" object’)

2) IS EES

In [23]:

#t EFFEFFIESY
feature cols = [col for col in numerical cols if col not in [ SalelD’, name’,’ regDate’,’ creatDate

feature cols = [col for col in feature cols if 'Type  not in col]

w# FEFIIFIETY, PR3 R 4 FE AR A
X data = Train datal[feature cols]
Y data = Train datal price’]

X test = TestA datal[feature cols]

print C X train shape:’, X data. shape)
print ( X test shape:’, X test. shape)

X train shape: (150000, 18)
X test shape: (50000, 18)

In [24]:

w EX TR, A E B
def Sta inf(data):
printC min’, np. min(data))
print (' max:’, np. max (data))
print ( mean’, np. mean(data))
print(C ptp’, np. ptp(data))
printC std’, np. std(data))
print C var’, np. var(data))

3) FiHEENEFSHER



In [25]:

print ( Sta of label:’)
Sta inf (Y data)

Sta of label:

~min 11

~max: 99999

~mean 5923. 32733333
_ptp 99988

~std 7501. 97346988
_var 56279605. 9427

In [26]:

#y Bpr I T, B E A
plt. hist (Y data)

plt. show()

plt.close()

120000

100000

4) RE{ER-11R%

In [27]:

X data = X data.fillna(-1)
X test = X test.fillna(-1)

Step 4:1EBYIIESTRN

1) FIAxgb#H{TRARZVISFSERB S EHAR

T
40000 60000 20000

T
100000



In [32]:

#7 xgb—Mode!

xgr = xgb. XGBRegressor (n_estimators=120, learning rate=0.1, gamma=0, subsample=0.8, \
colsample bytree=0.9, max depth=7) % objective = reg.:squarederror’

scores train = []
scores = []

## 5P R I iF 77 A
sk=StratifiedKFold (n splits=5, shuffle=True, random state=0)
for train ind,val ind in sk.split(X data, Y data):

train x=X data. iloc[train ind]. values
train y=Y data.iloc[train ind]

val x=X data.iloc[val ind].values

val y=Y data.iloc[val ind]

xgr. fit (train x, train y)
pred train xgh=xgr.predict (train x)
pred xgb=xgr. predict(val x)

score train = mean absolute error(train y, pred train xgh)
scores_train. append (score train)

score = mean absolute error(val vy, pred xgb)
scores. append (score)

print C Train mae:’, np. mean(score train))
print ( Val mae’, np. mean (scores))

Train mae: 628. 086664863
Val mae 715.990013454

2) TEXxgbFIgbtRBFE

In [35]:

def build model xgb(x train,y train):
model = xgb. XGBRegressor (n_estimators=150, learning rate=0.1, gamma=0, subsample=0.8,\
colsample bytree=0.9, max depth=7) # objective = reg:squarederror’
model. fit (x train, y train)
return model

def build model lgb(x train,y train):
estimator = lgb. LGBMRegressor (num leaves=127,n estimators = 150)
param grid = {
“learning rate’ : [0.01, 0.05, 0.1, 0.2]
1
gbm = GridSearchCV(estimator, param grid)
gbm. fit (x_train, y train)
return gbhm

3) tNEUREE (Train,Val) #HITIERIISR, FAFIFE



In [36]:

77 Split data with val
Xx_train, x val,y train,y val = train test split(X data,Y data, test size=0.3)

In [37]:

print C Train lgb...’)

model 1gb = build model lgb(x train,y train)
val lgb = model lgb.predict(x val)

MAE 1gb = mean absolute error(y val,val lgh)
print C MAE of val with Igh:’, MAE 1lgb)

print ( Predict lgb...”)

model 1lgb pre = build model lgh(X data,Y data)
subA lgb = model lgb pre.predict (X test)
print C Sta of Predict lgb:’)

Sta_inf (subA 1lgb)

Train 1gb..

MAE of val with lgb: 689. 084070621
Predict 1lgb...

Sta of Predict 1lgb:

“min —519. 150259864

“max: 88575. 1087721

~mean 5922. 98242599

_ptp 89094. 259032

_std 7377.29714126

_var 54424513.1104

In [38]:

print C Train xgb...’)

model xgb = build model xgb(x train,y train)
val xgb = model xgb.predict(x val)

MAE xgb = mean absolute error(y val, val xgh)
print C MAE of val with xgb:’, MAE xgb)

print C Predict xgh...’)

model xgb pre = build model xgh(X data,Y data)
subA xgb = model xgb pre.predict (X test)
print ( Sta of Predict xgb:’)

Sta_inf (subA xgb)

Train xgb..

MAE of val with xgb: 715.37757816
Predict xgb...

Sta of Predict xgb:

~min —165.479

“max: 90051.8

_mean 5922.9

_ptp 90217.3

_std 7361.13

~var 5.41862e+07

4) HITHIEBAERMNEES



In [39]:

wt X HICNTRIK T 1 FI a4 19 77 ¢

val Weighted = (1-MAE 1gb/ (MAE xgb+MAE lgb))*val lgb+(1-MAE xgb/ (MAE xgb+MAE 1gb))*val xgb

val _Weighted[val Weighted<01=10 # 1 FFNIL B TTIHIR DIEH 1 TTEEEH T, pricey GIAZN1ETEH]
print O MAE of val with Weighted ensemble:’, mean absolute error(y val, val Weighted))

MAE of val with Weighted ensemble: 687.275745703

In [40]:

sub Weighted = (1-MAE 1gb/ (MAE xgb+MAE 1gb))*subA lgh+ (1-MAE xgb/ (MAE xgb+MAE 1gb))*subA xgb

By BE THIE IS o AT
plt. hist (Y data)

plt. show()

plt.close()

120000
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T
40000 60000 0000 100000

5) fHER

In [41]:

sub = pd. DataFrame ()

sub[’SalelD’] = X test.SalelD

sub[ price’] = sub Weighted

sub. to_csv (. /sub Weighted. csv’, index=False)

In [42]:
sub. head ()
Out[42]:

SalelD price
0 0 39533.727414
1 1 386.081960
2 2 7791.974571
3 3 11835.211966
4 4 585.420407



Baseline END.
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Datawhale SEIEN I JEUREIZIR-Task1 EERIEHR
—, PR

Tip:LEER D ATERENI JEURIZIER Task1 FBEUERR 589, AARKNJEURSEERE— D ERRIZENTH
B, RBREARSZZM.
HE: BEMANIEEEZEE - —FEZBMET

ek https://tianchi.aliyun.com/competition/entrance/231784/introduction?
spm=5176.12281957.1004.1.38b02448ausjSX
(https://tianchi.aliyun.com/competition/entrance/231784/introduction?
spm=5176.12281957.1004.1.38b02448ausjSX)

1.1 Z2IBER

- HERREEIENNETR, BRITDRE,
o STAENGIRE, TEHEEMERESSGT T (REXIER) | AELERE

1.2 THEER

- R
- MR
- TE bR
- iR

1.2.1 FRHER
HRBEBRSRGFRIBLENEIES, BXEE, —FRENRBNE.

3k 8 Ebay Kleinanzeigen IRIEIN"FZF, HEBIL 370,000, B2 20 FIFEEE, ATHRIE LLFROLFHE, B
SIHHHEY 10 BRIENIIGE, 5 BRIEAURAE A, 5 HRIEANKE B. FARSIEIR, FHEi, TF
F8. model, KAMEEL, MmRE. QB MESEEHT RS

BHERIRS | SAREN Al SRREOHR, TIBHNTTERFARTERS 3. ORRS.
1.2.2 ZEHER

—RRMES, MTHREUEREHREYNAEERRRNME (ERERRIY) | RBAZIRIMERHHE. TREFIRIMER
SETHRIIITEGERIEFNEEDHT. TipERRHE, SERSEEYFrRRIIERAMFES .

train.csv

« name - S 54RE5
« regDate - 52 FARATE]
o model - ZERYRRG


https://tianchi.aliyun.com/competition/entrance/231784/introduction?spm=5176.12281957.1004.1.38b02448ausjSX

 brand - A%

« bodyType - EHKEY

« fuelType - BAIHSER

« gearbox - ZEFE

« power - {SZEINER

o kilometer - (REITHANE

 notRepairedDamage - iSEB HFKIESRIRIA

« regionCode - BEF X IR

o seller - $HE&7S

o offerType - ¥R{/1ZEEY

« creatDate - [ & & fnAT(a]

« price - {SEMIE

e v O,v.1,'v2,'v3 'va 'vE 've, 'v.7,'v.8 'v.9 'v.10,'v_11,'v_12"'v_13"'v_14'" ({RIBSFET
i, IS EAEEEBTNembedding@s) [ATHNE ERYEHIE]

HFLERIREULIE, #BMlabel encodingfZzt, BIEFHIZE

1.2.3 FHEIR

AETANENIRFHEIIMAE(Mean Absolute Error):
MAE = Zi:l |yi - yil
n
Hepy, KRB MEANELE, HYy,AFSE MERNTTUE.

— BRI EIRIRER:
AR

THETEIRRIRBA TS T —MEEERAVEERIEN. (BRERUSHT I EmiTNiIs, miX
TR SRR AR Z B —1NT5)

—RRRGL > SR A FRRR N e A I 2R

PREEE RAFEISITNT:

o MWTFTHOAKEEINEEE, TFNTEIREEGaccuracy, [Precision, Recall, F-score, Prifizk], ROC-AUC
HhZE.
s WFEZEDEB/IHEEZE, TN IEREZEGaccuracy, [RFIFFMILY, F-scorel,

T AT E RS ETER T

o FIHEIFIRZE (Mean Absolute Error, MAE) , 75i%% (Mean Squared Error, MSE) , 943954
IRZE (Mean Absolute Percentage Error, MAPE) , 951RiR% (Root Mean Squared Error) , R2 (R-
Square)

PHIEFHRE FIIHIHRE (Mean Absolute Error, MAE) S9434iRE, HASEIFHRMTTIESELE
IRERLIRER, HHEATT:

1 N
MAE = — IJ’i—JA"I
L



I5IRE 1951RE (Mean Squared Error, MSE) 19751RE HitEAT/8:
N

1 A2
MSE:FZ(yi_.Vi)

i=1
R2 (R-Square) BI2”TNA: XEFH:

SSes = Z (yi _j\)i)2
SSior = Z (yi _-);i)Z

RESE:

HepyZRylFEE BRIR* RAR N

.\ 2
RZ =1-= SSres =1 - E(yi_yi)
SStor > (J’i - 5)2
R’ BTEERZENT SO HETEMBRROET ARSI, BUEEER 0~1, R*#ER1,XBEIFESMG
BFHFIRILLA A, B3 SN ks, AxBIS SRRy B AER o B2 B39 SR E
¥F. FRLAR>tBFRAMAEME (Goodness of Fit) HIZEITE.

V,FRETE, ),FE, yRREAYE. SO S ETERELT.

1.2.4. DIFrEB

1. WREAMEREIRISIEITRE, BEEHERFLURSEZIREZINNERH TEIRERIER.

2. SR — P HEBRYE]FE)E,

3. FENFxgb. Igb. catboost, LAKpandas. numpy. matplotlib, seabon. sklearn, kerasFZHEUEISIRE
P EELR R TE RIS ESS.

4. BT EDAKIZHEEURAIBA RN B FRAEEE.

1.3 (XE3345

AREBD NXS T EIRERAHE RN RO,

1.3.1 #¥EiEH pandas

In [2]:

import pandas as pd
import numpy as np

path = ’. /data/’

## 1) FA W EERII i

Train data = pd.read csv(path+’ train.csv’, sep= )
Test data = pd.read csv(path+ testA.csv’, sep=" )
print ( Train data shape:’, Train data. shape)
print ( TestA data shape:’, Test data. shape)

Train data shape: (150000, 31)
TestA data shape: (50000, 30)



In [3]:

Train data. head()

Out[3]:
SalelD name regDate model brand bodyType fuelType gearbox power kilometer
0 0 736 20040402 30.0 6 1.0 0.0 0.0 60 12.5
1 1 2262 20030301 40.0 1 2.0 0.0 0.0 0 15.0
2 2 14874 20040403 115.0 15 1.0 0.0 0.0 163 12.5
3 3 71865 19960908 109.0 10 0.0 0.0 1.0 193 15.0
4 4 111080 20120103 110.0 5 1.0 0.0 0.0 68 5.0

5 rows x 31 columns

1.3.2 FHEfERFHTRRG

In [4]:

## accuracy

import numpy as np

from sklearn.metrics import accuracy_score
y pred = [0, 1, 0, 1]

y true = [0, 1, 1, 1]

print C ACC: ", accuracy score(y true, y pred))

ACC: 0.75

In [5]:

#% Precision, Recall, Fl—-score
from sklearn import metrics
y pred = [0, 1, 0, 0]
y true = [0, 1, 0, 1]

print ( Precision , metrics. precision score(y true, y pred))

print C Recall’, metrics. recall score(y true, y pred))
print ( Fl-score:’ , metrics. f1 score(y true, y pred))

Precision 1.0
Recall 0.5
Fl-score: 0.6666666666666666

In [6]:

77 AUC

import numpy as np

from sklearn.metrics import roc auc score

y true = np.array([0, 0, 1, 1])

y scores = np.array([0.1, 0.4, 0.35, 0.8])

print C AUC socre:’,roc auc score(y true, y scores))

AUC socre: 0.75



1.3.3 E)FEIRTEMT TG

In [8]:

# coding=utf-8
import numpy as np
from sklearn import metrics

# MAPE7ZZEF C 36
def mape(y true, y pred):
return np.mean(np. abs((y pred — y true) / y true))

y_true = np.array([1.0, 5.0, 4.0, 3.0, 2.0, 5.0, =3.0])

y_pred = np.array([1.0, 4.5, 3.8, 3.2, 3.0, 4.8, —2.2])

7 MSE

print C MSE: , metrics. mean squared error(y true, y pred))

7 RUSE

print C RMSE:’, np. sqrt (metrics. mean squared error (y true, y pred)))
7 MAE

print C MAE:”, metrics. mean absolute error(y true, y pred))

7 MAPE

print C MAPE:”, mape (y true, y pred))

MSE: 0.2871428571428571
RMSE: 0.5358571238146014
MAE: 0.4142857142857143
MAPE: 0. 1461904761904762

In [10]:

77 R2—-score

from sklearn.metrics import r2_ score

y true = [3, -0.5, 2, 7]

y pred = [2.5, 0.0, 2, 8]

print ( R2-score:’, r2 score(y true, y pred))

R2-score: 0.9486081370449679

1.4 FINBEE

ERTIN—EETVELN, FHERENREEEN, N TEENEHEESFNEERHE TEEE R RERT
5, REBERSFMREARI(ERR, NSRS RSE FEBEREENSR, N7 EREE
RIBRBLAR R SSIZERYEHT, REBANTHRZELHENEEAEIRNFIIRE, BEREREATALERE
4, E—EETEUN—FIAMERIFREBE, IUTESASHESFIHHE T5A:

- 1) FHERRARRERCA ERFEEARCERERNEENEE—BHROKTR? HA2H, B
FRESLENEN LFIEEER, SHARESATHEE BELATE, ERMINMEATK, BEE—
EFRENERIIERE S5 KNERISEREPIESEE, TN TERERNAYMEEIEEIL,
FNTERESIEE —MIS TR, MEMEESIMEREEEME, HhiiE2BrIRECZER AR
B, NTARRIEE, EAES ENEREEAR. WRAEENERR, FAEEENAENEMIRE
AR, MRZEEMSHERETARE, AMIEEARLER, BEErEaaHE EETH—
tt, BEEMRRNTRNE—SHRRESL Lo TIIESE, S E, (RREXNRESFIEIHES
RRZINTHE, FEILUBIEDARSRMMNERIIXR, REMWEHHERIHLE.



. 2) BTYEUERESEMTA: EUNTEIE T —ENTHRRE, DMERE 7 aAYEE RN FEIRERE
FX—EM E, BEAEETIEEMMcE TIR? HAEN, MEIEETHERE, RINEVMEE—LHENAYE
RO, ECANXEAOMEROTREEMREE, KN AIEEMrE, WALt S el LSRR IFRUSIE, B AFSBET
WIFARENRE, BT HNSSHEEMER, HREIUBTAREERIXL RS, LRI
89, BRLEHIEREEREIIEN, WEOSUBRIZEXELE (BENWSBET, WACTRAGE, —
SEMBEAMEEAFNWSTABENE, SEXBIFER, NRVALREL, BXx—LXE, EiE
BFIERESRIAM) . XEE— NN KA TN, BEFEEENTNEBEEKE, UREENSHT
A,

« 3) FTIERH-FNIER: AT AEEXESRREERE, XSS REEERTTUIFRMEEER
ORI 1. AERRIISIES T, RBER T, & LRIEEE—EHREfUREIREIN, AL ESH
E— N AENAHSIEEFRSGIERNTNIERERXENSE, B maReHE. 2. ARSI
FRFHFNTTNSEREEGIZRESBNESMR, KAIAUC, logloss, MAE, RSME, & —LUSERNTNER
. ReBRAREamEE—YLTuNNES,

o 4) ERSEFAEEBERRENSYE: HRuhaLiiiBRRE S-S LERLZ A AR B EE ¢
FriABlHskaY, thilEsEEK, LI FEIESEMRILIE, (IR RENERMY, tHIEESETH
AfiE), tRBIpEEY, BENRRETURFMEE, 15, BELUNGEERN, thBLaXIFIHIE
e E R FERATL, RISRINRAEEETTISREAY, HLEERITREE, EREHEH
BEEB AW S EEREAEMSRE T AREPN IR E SR,

Task1 ZEIERF END.
--- By: AliR4FZE

PS: ZRFERZEFFTAE, W FE 7 n) 32 B i 2 5 41 S AT s 8] 5 0 B hE 42 98
ARG ATEREZE

#1°F: https://www. zhihu. com/people/seu—aigua—niu-che

github: https://github. com/chehongshu

XFDatawhale:

Datawhale2— MNE FFEUERIFZSARNEITRRALR, CET RS WEHLRANFZ LTS
FIE, BT AT RSHIHRZRBEAIEBARLR. Datawhale L “for the learner, 1%
F—ERKARSE, SECHEINERK. FMEs. BEE. BHliEfiEsTias. Ei
Datawhale BFFRAVIEEERRIFRERNE. FEZIFNFESR, WAL ETR, BAOATK
K, BiaERASA, ASHR, ASEUFIASHKSEHIERL,

RREBIEZRERES, THARBERESE, FiEaXiEDatawhale:







Datawhale SEHEAIJEEIZHE-Task2 RS
—. EDA-BUEEHRZEMESR

Tip: ttERD AEERNI JEURIZHIER Task2 EDA-ZURIRRMEDHT 3B, THRKRTHREURE, REEUE, FIEUEM
BBA, YRIBRRGELEZZRM.

HE: BEMANIEEEZEE - —FEZBMET

ek https://tianchi.aliyun.com/competition/entrance/231784/introduction?
spm=5176.12281957.1004.1.38b02448ausjSX
(https://tianchi.aliyun.com/competition/entrance/231784/introduction?
spm=5176.12281957.1004.1.38b02448ausjSX)

2.1 EDABfR

- EDARIINMBEEEMETAELIRSE, THEIRS, WERSHTIRIERIBE R IGEIRET AR TR T RAL
fRF INEREFIEA.

o ST THIREZRRIIT—LHEREXRTHERRNHEEXRIUANZESTIWEZ FERIFEXRR.

. %I%@TE%#%‘"—M&I&%L TEIRELARAFE TIZRIS B, (AR SRR S A SR L T SRATTN Rl EE IS

. mEJZXﬂ:éﬁEE’J}m?EE T, AT HEH T EERSEXFREFT R,

2.2 AR

1. ASHEGERIZ LR A IALE:
o HUERIZEE pandas. numpy. scipy;
o BJ#{4ZE matplotlib, seabon;
- Hith;
2. HANGUE:
o BNIGEFTMRE;
o EREMNZREE (head()+shape);
3. *SGE':'””
« 1Biddescribe()REEEHIBIIIBXAITE
o Bidinfo()RAEEUESLEL
4. HIMTEUETRRAA IR E
. BEESYRIFEEantER
- BEEEN
5. THEFUIERI D
o BRDER (BRLBHDHE)
o BZFEskewness and kurtosis
- BEETNIHEREANEL
6. FHED NEBNFIFIEIFHFAE, FRIRBUFIEERB uniqueDfh
7. FRHED T
o XD
o BEEJVMNHFIES REMIEE
o BN FEFIHS D HREIML
o HFFHEEE ZERIXE AL


https://tianchi.aliyun.com/competition/entrance/231784/introduction?spm=5176.12281957.1004.1.38b02448ausjSX

- ZTEEERIAXETR
8. REUFEDHT

. unlque Xisl

« KPR ERIL

. %%U%?IEE'\J/J\ EEERT I

o EFHFIAYEERTRL LS

o BB ZERIRELET Y (count_plot)

9. FApandas_profiling4E i EiER &

2.3 X361

2.3.1 AN SHEIRRIZLAR TR

AR EEEBRpip install Z28, BRIAERESEMIBE FI40 pip install pandas -i
https://pypi.tuna.tsinghua.edu.cn/simple (https://pypi.tuna.tsinghua.edu.cn/simple)

In [1]:

Hcoding:utf-8

#F Awarningstd, FIHLIEAFSLIY M2 15 ],
import warnings

warnings. filterwarnings (" ignore’)

import pandas as pd

import numpy as np

import matplotlib. pyplot as plt
import seaborn as sns

import missingno as msno

2.3.2 NER

In [6]:
#21) A MNGIERN i 5
Train_data = pd.readicsv( train.csv’, sep=" )

Test data = pd.read csv( testA.csv’, sep=" )

FRrEfFESRIINRBILIB(F EXRME)

* name - SEEYRED

« regDate - 52 FARATE]
 model - ZERYRRT

e brand - F3i8

« bodyType - ZE53HY

o fuelType - BAIHZEEY

« gearbox - ZRFE

* power - REINER

« kilometer - ;RETHAE
« notRepairedDamage - iSEBHFIEERNRIA
« regionCode - EF XL


https://pypi.tuna.tsinghua.edu.cn/simple

o seller-{HER

« offerType - fR{15E

« creatDate - | &5 & fiT(E

. price - JSZEMNE

e v O,v.1,'v.2,'v.3 'v4 'v5 'veE, 'v.7, 'v.8,'v.9 'v.10,'v_ 11", 'v_ 12" 'v_13"'v_14" (IBIESEINT
1. IEEXEEEBEIembeddingmE) [ATLHhE ERIFILE])

In [9]:

e 2) FTHEE S (head () +shape)
Train data. head (). append(Train data. tail())

Out[9]:

SalelD name regDate model brand bodyType fuelType gearbox power kilome
0 0 736 20040402 30.0 6 1.0 0.0 0.0 60 1
1 1 2262 20030301 40.0 1 2.0 0.0 0.0 0 1
2 2 14874 20040403 115.0 15 1.0 0.0 0.0 163 1
3 3 71865 19960908 109.0 10 0.0 0.0 1.0 193 1

4 4 111080 20120103 110.0 5 1.0 0.0 0.0 68
149995 149995 163978 20000607 121.0 10 4.0 0.0 1.0 163 1
149996 149996 184535 20091102 116.0 1 0.0 0.0 0.0 125 1

149997 149997 147587 20101003 60.0 1 1.0 1.0 0.0 90
149998 149998 45907 20060312 34.0 10 3.0 1.0 0.0 156 1
149999 149999 177672 19990204 19.0 28 6.0 0.0 1.0 193 1

10 rows x 31 columns

In [10]:
Train_data. shape

Out[10]:

(150000, 31)



In [11]:

Test data. head(). append(Test data.tail())
Out[11]:

SalelD name regDate model brand bodyType fuelType gearbox power kilomet

0 150000 66932 20111212 222.0 4 5.0 1.0 1.0 313 15
1 150001 174960 19990211 19.0 21 0.0 0.0 0.0 75 12
2 150002 5356 20090304 82.0 21 0.0 0.0 0.0 109 7
3 150003 50688 20100405 0.0 0 0.0 0.0 1.0 160 7
4 150004 161428 19970703 26.0 14 2.0 0.0 0.0 75 15
49995 199995 20903 19960503 4.0 4 4.0 0.0 0.0 116 15
49996 199996 708 19991011 0.0 0 0.0 0.0 0.0 75 15
49997 199997 6693 20040412 49.0 1 0.0 1.0 1.0 224 15
49998 199998 96900 20020008 27.0 1 0.0 0.0 1.0 334 15
49999 199999 193384 20041109 166.0 6 1.0 NaN 1.0 68 9

10 rows x 30 columns

In [12]:

Test data. shape
Out[12]:

(50000, 30)

BIrREEIESERIhead()LAN shapefIIMR, XSIHFE—LSERLD, SEIE TEANESINER, MRVECH
pandasFHE(EARL, BT —EE—T, XESEXRISEIRETERREFHHITEE

2.3.3 SEEEURETR

1. describeftBBFINGFITE, Mlcount, FEYEmean, FHEstd, &/IMEmMIn, P(E25% 50% 75% . LA
REXE BXNMERFERRIEREIENARISEE RS MENSEERFE, tLinE RS &I
999 9999 -1 FHEXLHIEREnanfIBI—FRIAHL, BIFMRFEEZIET

2. info @ITinfolk T #REIEESIRtype, BEITF TREBRTFER T nanL/MIEHFASHE



In [13]:
#e 1) Wildescribe () KRB HINFG 1T &E

Train data. describe ()

Out[13]:

SalelD name regDate model brand bodyTy|
count 150000.000000 150000.000000 1.500000e+05 149999.000000 150000.000000 145494.0000¢
mean  74999.500000 68349.172873 2.003417e+07 47.129021 8.052733 1.7923I

std  43301.414527 61103.875095 5.364988e+04 49.536040 7.864956 1.7606-
min 0.000000 0.000000 1.991000e+07 0.000000 0.000000 0.0000(
25%  37499.750000 11156.000000 1.999091e+07 10.000000 1.000000 0.0000!
50%  74999.500000 51638.000000 2.003091e+07 30.000000 6.000000 1.0000!
75% 112499.250000 118841.250000 2.007111e+07 66.000000 13.000000 3.0000t
max 149999.000000 196812.000000 2.015121e+07 247.000000 39.000000 7.0000(
8 rows x 30 columns
4
In [14]:
Test data. describe ()
Out[14]:

SalelD name regDate model brand bodyType
count  50000.000000 50000.000000 5.000000e+04 50000.000000 50000.000000 48587.000000
mean 174999.500000 68542.223280 2.003393e+07 46.844520 8.056240 1.782185

std  14433.901067 61052.808133 5.368870e+04 49.469548 7.819477 1.760736
min 150000.000000 0.000000 1.991000e+07 0.000000 0.000000 0.000000
25% 162499.750000 11203.500000 1.999091e+07 10.000000 1.000000 0.000000
50% 174999.500000 52248.500000 2.003091e+07 29.000000 6.000000 1.000000
75% 187499.250000 118856.500000 2.007110e+07 65.000000 13.000000 3.000000
max 199999.000000 196805.000000 2.015121e+07 246.000000 39.000000 7.000000

8 rows x 29 columns



In [15]:

#4 2) Wit into () RKHTH BT

Train data. info()

{class ’pandas. core. frame. DataFrame’ >

RangeIndex: 150000 entries,
Data columns (total 31 columns):

SalelD
name
regDate
model
brand
bodyType
fuelType
gearbox
power
kilometer
notRepairedDamage
regionCode
seller
offerType
creatDate
price

v 0

= O CO 0 O O v~ W DN —

< < < © < < © < < <

150000
150000
150000
149999
150000
145494
141320
144019
150000
150000
150000
150000
150000
150000
150000
150000
150000
150000
150000
150000
150000
150000
150000
150000
150000
150000
150000
150000
150000
150000
150000

0 to 149999

non—null
non—null
non—null
non—null
non—null
non—null
non—null
non—null
non—null
non—-null
non—null
non—null
non—null
non—null
non—null
non—null
non—-null
non—null
non—null
non—null
non—null
non—null
non—null
non—null
non—null
non—null
non—null
non—null
non—null
non—-null
non—null

int64
int64
int64
float64
int64
float64
float64
float64
int64
float64
object
int64
int64
int64
int64
int64
float64
float64
float64
float64
float64
float64
float64
float64
float64
float64
float64
float64
float64
float64
float64

dzypes: float64(20), int64(10), object (1)
memory usage: 35.5+ MB



In [16]:

Test data. info()

{class ’pandas. core. frame. DataFrame’ >
Rangelndex: 50000 entries,
Data columns (total 30 columns):

SalelD
name
regDate
model
brand
bodyType
fuelType
gearbox
power
kilometer
notRepairedDamage
regionCode
seller
offerType
creatDate

(@)

[ P T P R
= O 0 N O O v W N +—

< < © 9 < © 9 < < < <

v 14

50000
50000
50000
50000
50000
48587
47107
48090
50000
50000
50000
50000
50000
50000
50000
50000
50000
50000
50000
50000
50000
50000
50000
50000
50000
50000
50000
50000
50000
50000

0 to 49999

non—null
non—null
non—null
non—null
non—-null
non—null
non—null
non—null
non—null
non—null
non—null
non—null
non—null
non—null
non—null
non—null
non—null
non—-null
non—null
non—null
non—null
non—null
non—null
non—null
non—-null
non—null
non—null
non—null
non—null
non—null

int64
int64
int64
float64
int64
float64
float64
float64
int64
float64
object
int64
int64
int64
int64
float64
float64
float64
float64
float64
float64
float64
float64
float64
float64
float64
float64
float64
float64
float64

dtypes: float64(20), int64(9), object (1)
memory usage: 11.4+ MB

2.3.4 FIEEURTRRHIRE



In [17]:
e 1) BH NI Enanig ]

Train data.isnull (). sum()

Out[17]:

SalelD
name
regDate
model
brand 0
bodyType 4506
fuelType 8680
gearbox 5981
power

kilometer
notRepairedDamage
regionCode

seller

offerType
creatDate

price

v 0

—_— o O O

o

< R R < < < <
= O CO 3 O O v» W DN —

eNeNeoloNeoNoloReBeohoNeoNoBoNeoNolo o NeoBoNeNe N o)

dtype: int64



In [18]:

Test data. isnull (). sum()

Out[18]:

SalelD
name
regDate
model
brand
bodyType
fuelType
gearbox
power
kilometer
notRepairedDamage
regionCode
seller
offerType
creatDate
v 0

< < R < <9 < < <
= O 0 N O O i W DN —

v 14
dtype: int64

O O O O

1413
2893
1910

o

[sNeBoloNeoNoloReoBolhoNeololoNeoNolo oo BoNe Ne]



In [19]:

# nann] it

missing = Train data. isnull(). sum()
missing = missing[missing > 0]
missing. sort values(inplace=True)

missing. plot. bar ()

Out[19]:

<matplotlib. axes. subplots.AxesSubplot at 0x111bl56dba8>

8000 4

G000 4

4000 4

2000 4

model -
bodyType
gearbox
fuelType

BITLA LR ] LMREWRY T SRIRLLSITFAE “nan”, FRILUBnanfINMEFTED, EERNBERAET nanfF R MR
BEEA, NMRRN—REFET, NRERIQpFMMERAJLIERTR, IMNECSEMK, (BaRnanFER
g%, ALEEE

In [20]:

# HHIE FotEE

msno. matrix (Train data. sample (250))

Out[20]:
<matplotlib. axes. subplots.AxesSubplot at 0x111b16e75f8>
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[21]:

In

. sample (1000))

msno. bar (Train_data

Out[21]:

subplots. AxesSubplot at 0x111b1936f98>

<matplotlib. axes

# ATHILE FIREE

. sample (250))

msno. matrix (Test data

Out[22]:

subplots. AxesSubplot at 0x111blb4ba20>

<matplotlib. axes

2
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In [23]:
msno. bar (Test data. sample (1000))

Out[23]:

<matplotlib. axes. subplots. AxesSubplot at 0x111blbc5978>
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M ERRRETDIGENEARSER, T EINSIBTRE, notRepairedDamageftEERE

In [24]:
#4 2) BESEERI



In [25]:

Train data. info()

{class ’pandas. core. frame. DataFrame’ >
Rangelndex: 150000 entries, 0 to 149999
Data columns (total 31 columns):

SalelD 150000 non—null int64
name 150000 non—null int64
regDate 150000 non—null int64
model 149999 non-null float64
brand 150000 non—null int64
bodyType 145494 non—null float64
fuelType 141320 non—null float64
gearbox 144019 non—null float64
power 150000 non—null int64
kilometer 150000 non—null float64
notRepairedDamage 150000 non—null object
regionCode 150000 non—null int64
seller 150000 non—null int64
of ferType 150000 non—null int64
creatDate 150000 non—null int64
price 150000 non—null int64
v 0 150000 non-null float64
v 1 150000 non—null float64
v 2 150000 non—null float64
v 3 150000 non—null float64
v 4 150000 non—null float64
v b 150000 non—null float64
v 6 150000 non—null float64
v 7 150000 non—null float64
v 8 150000 non—null float64
v 9 150000 non—null float64
v_10 150000 non—null float64
v 11 150000 non—null float64
v_12 150000 non—null float64
v 13 150000 non—null float64
v 14 150000 non—null float64

dtypes: float64(20), int64(10), object (1)
memory usage: 35.5+ MB

AJLAKIIRR T notRepairedDamage JyobjectZBUEhER /%= iX BRI HEARRY L M RRYEEH TR HANE 7

In [26]:

Train datal notRepairedDamage’].value counts ()

Out[26]:

0.0 111361
- 24324
1.0 14315

Name: notRepairedDamage, dtype: int64

AJLABHK - ATHRE, RARSEENnanEERANNE, XERAITAMIE, & mnan



In [27]:

Train datal notRepairedDamage’].replace( =, np.nan, inplace=True)

In [28]:

Train datal’ notRepairedDamage’ ].value counts ()

Out[28]:
0.0 111361
1.0 14315

Name: notRepairedDamage, dtype: int64

In [29]:

Train data. isnull (). sum()

Out[29]:

SalelD
name
regDate
model
brand
bodyType 4506
fuelType 8680
gearbox 5981
power 0
kilometer 0
notRepairedDamage 24324
regionCode 0
seller
offerType
creatDate
price

v 0

O = O O O

I
— O C0 N O O v W DN —

< < © © < < © < < <

eNeBeoloNeoBoloNeoBeoloReololoReoNeoBoReo el o)

v 14
dtype: int64



In [30]:

Test data[’ notRepairedDamage’].value counts ()

Out[30]:

0.0 37249
- 8031
1.0 4720

Name: notRepairedDamage, dtype: int64
In [31]:

Test datal notRepairedDamage’ ].replace(’ =, np.nan, inplace=True)

LITFN SN EIRS, —RASYTINEHARE), SuiXiafhis, SRRATLgEZE, BER—RE
MXAK

In [32]:

Train datal[”seller”]. value counts()

Out[32]:
0 149999
1 1

Name: seller, dtype: int64

In [33]:

Train datal[”offerType”]. value counts ()

Out[33]:

0 150000

Name: offerType, dtype: int64
In [34]:

del Train data[”seller”]
del Train data[”offerType”]
del Test data[”seller”]
del Test datal”offerType”]

2.3.5 TRENERNS



In [35]:

Train datal price’]

Out [35]:

0 1850
1 3600
2 6222
3 2400
4 5200

149995 5900
149996 9500
149997 7500
149998 4999
149999 4700
Name: price, Length: 150000, dtype: int64

In [36]:

Train datal price’].value counts()

Out[36]:

500 2337
1500 2158
1200 1922
1000 1850
2500 1821
25321 1
8886 1
8801 1
37920 1
8188 1

Name: price, Length: 3763, dtype: int64



In [37]:
## 1) B CETRLIER 55D

import scipy.stats as st

y = Train datal price’]

plt. figure(l); plt.title( Johnson SU’)

sns. distplot(y, kde=False, fit=st. johnsonsu)
plt. figure(2); plt.title( Normal’)

sns. distplot(y, kde=False, fit=st.norm)

plt. figure(3): plt.title( Log Normal )

sns. distplot(y, kde=False, fit=st.lognorm)

Out[37]:

<matplotlib. axes. subplots.AxesSubplot at 0x111blee82b0>
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Log Normal
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In [38]:

w7 2) & skewness and kurtosis

sns. distplot (Train datal price’]);

print ("Skewness: %f” % Train datal price’].skew())
print ("Kurtosis: %f” % Train datal price’ ].kurt())

Skewness: 3. 346487
Kurtosis: 18.995183

0.000175 1

0.000150 -

0000125 1
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0000075 1

0000050 -

0000025 1

0.000000 T T f T T T
0 20000 40000 0000 80000 100000

price



In [39]:

Train data. skew(), Train data. kurt ()

Out [39]:

(SalelD
name
regDate
model
brand
bodyType
fuelType
gearbox
power
kilometer
notRepairedDamage
regionCode
creatDate
price
v 0

[ P T P
= O 0 N O O i W N +—

< < © 9 < < 9 < < <

v 14

W R W H WO NHEOH O — DN oo

S

— DN W WD DN O W

dgype: float64, SalelD

name
regDate

model

brand

bodyType

fuelType

gearbox

power

kilometer
notRepairedDamage
regionCode
creatDate

price

v 0

— = O 00 3O O W N —

—= o

< < < © < < © < < < <

. 017846e-17
. 576058e-01
. 849508e-02
. 484388e+00
. 150760e+00
. 915299e-01
. 595486e+00
. 317514e+00
. 586318e+01
. 525921e+00
. 430640e+00
. 888812e-01
.901331e+01
. 346487e+00
. 316712e+00
. 594543e-01
. 842556e+00
. 062920e-01
. 679890e-01
. 737094e+00
. 680730e-01
. 130233e+00
. 046133e-01
. 195007e-01
. 522046e-02
. 029146e+00
. 653576e-01
.679152e-01
. 186355e+00

-1. 039945
—0. 697308
1. 740483
1. 076201
0. 206937
5. 880049
-0. 264161

5733. 451054

1. 141934
3. 908072
-0. 340832

6881. 080328

18. 995183
3. 993841
-1.753017
23. 860591
-0. 418006
-0. 197295
22. 934081
—-1. 742567
25. 845489
—0. 636225
-0. 321491
-0. 577935
12. 568731

-1. 200000



v 12 0. 268937
v 13 —-0. 438274
v_14 2. 393526
dtype: float64)

In [40]:
sns. distplot (Train data. skew(), color="blue’, axlabel =" Skewness’)

Out [40]:

<matplotlib. axes. subplots.AxesSubplot at 0x111b484ab38>
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In [41]:
sns. distplot (Train data. kurt (), color="orange’, axlabel = Kurtness’)

Out[41]:

<matplotlib. axes. subplots.AxesSubplot at 0x111b4953940>

0.007 A

0.00&

0.005 4

0.004 4

0.003

0.002 4

0.001

0.000 - — . . .
—2000 0 2000 4000 BO00 8000
Kurtness

skew. kurtitBB&# https://www.cnblogs.com/wyy1480/p/10474046.html
(https://www.cnblogs.com/wyy1480/p/10474046.html)



https://www.cnblogs.com/wyy1480/p/10474046.html

In [42]:
e 3) B I A AT

plt. hist(Train data[ price’ ], orientation = 'vertical’,histtype = 'bar’, color = red )
plt. show()
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In [43]:

# log¥t 2.2 JG I rEcE 5], i LT 1og Bt 1T 70, X tH A2 F0 el i 5 i Y t ri ck

plt. hist (np. log(Train datal price’]), orientation = ’vertical ,histtype = 'bar’, color = red’)
plt. show()
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* name - SEEYRED

« regDate - ;S FAAATIE

o model - ZFEYRRT

 brand - FRH2

+ bodyType - E53E

o fuelType - BAIHZEEY

« gearbox - TEH

* power - JSEINE

« kilometer - ;SZE{TH AR

« notRepairedDamage - iSZEBHARIESHIHRIR

« regionCode - B X IR

o seller- 575 [LA]

« offerType - IRINSEEL  [LAH])

« creatDate - | &5 & 7RATE]

* price - SREMTE

e v O,v.1,'v.2,'v.3 'v4 'v5 've, 'v.7, 'v.8,'v.9 'v.10,'v_ 11", 'v_12' 'v_13"'v_14" (IBIESEINT
. IRSEAEEEBTWNembedding@E) [ATIEIE BRYEHIE]

In [44]:

# 7B 1abel R THI (e
Y train = Train datal price’ ]

In [45]:

# B G TR Bl abel coding Hf9E#7

# XIEAEGH, AR & KX 7

# FFHFIE

# numeric features = Irain data. select dtypes (include=/np. number])

# numeric features. columns

# # BIIFIF

# categorical features = [rain data. select dtypes (include=[np. object])
# categorical features. columns

In [46]:
numeric features = [ power’, ’kilometer’, 'v O, 'v 1, 'v2, 'v3, 'v4, ’'v5, 'v6, 'v7,
categorical features = ['name’, 'model’, ’brand’, ’bodyType , ’fuelType’, ’gearbox’, ' notRepairedDar

4



In [47]:

# JFiFnunique

for cat fea in categorical features:
print (cat_fea + "[FHESAUW T: )
print (" {M4FEE A D ASEIIME”. format (cat fea, Train datalcat fea].nunique()))
print (Train datal[cat fea].value counts())

name FJRFIE A U -
nameFFAIE A N99662 A [ A
708 282

387 282

55 280

1541 263

203 233

5074 1

7123 1

11221 1

13270 1

174485 1

Name: name, Length: 99662, dtype: int64
mode 1 [JRFAE /3 AT 1R

mode L'FFAIEAG A>2484N [A] () E
0.0 11762

19.0 9573

4.0 8445

In [50]:

# JFiFnunique

for cat fea in categorical features:
print (cat fea + "HIHFME AU R: 7)
print (" {}EFEE A I ASFERIE”. format (cat fea, Test datalcat feal.nunique()))
print (Test datalcat fea].value counts())

name [JRFE /AT U0 R «
nameFFHE A AS37453 8 [F] (I1H
55 97

708 96

387 95

1541 88

713 74

22270 1

89855 1

42752 1

48899 1

11808 1

Name: name, Length: 37453, dtype: int64
model FIRFAED AT AN T -

mode 1 FF1EA 247 A R fME
0.0 3896

19.0 3245

4.0 3007

1 N 1NnoO1

2.3.7 FHER R



In [54]:

numeric features. append (' price’)

In [55]:

numeric features

Out[55]:

[’ power’,
" kilometer
’ Vio, ,

’

< < < < 9 < < < <

O 00 N O U1 W W N —

=<
—
<

v 117,
v 127,
‘v 137,
‘v 147,
“price’ ]

In [56]:
Train data. head ()
Out [56] :

SalelD name regDate model brand bodyType fuelType gearbox power kilometer

0 0 736 20040402 30.0 6 1.0 0.0 0.0 60 12.5
1 1 2262 20030301 40.0 1 2.0 0.0 0.0 0 15.0
2 2 14874 20040403 115.0 15 1.0 0.0 0.0 163 12.5
3 3 71865 19960908 109.0 10 0.0 0.0 1.0 193 15.0
4 4 111080 20120103 110.0 5 1.0 0.0 0.0 68 5.0

5 rows x 29 columns



In [57]:
By 1) KM

price numeric = Train datal[numeric features]

correlation = price numeric. corr ()
print (correlation[’ price’ ]. sort values(ascending = False), \n’)

price 1. 000000
v 12 0. 692823
v 8 0. 685798
v 0 0. 628397
power 0.219834
v b 0. 164317
v 2 0. 085322
v 6 0. 068970
v 1 0. 060914
v 14 0. 035911
v 13 -0. 013993
v 7 -0. 053024
v 4 -0. 147085
v 9 -0. 206205
v_10 —-0. 246175
v 11 -0. 275320
kilometer  —0.440519
v 3 -0. 730946

Name: price, dtype: float64



In [58]:

f , ax = plt.subplots(figsize = (7, 7))
plt. title( Correlation of Numeric Features with Price’, y=1, size=16)
sns. heatmap (correlation, square = True, vmax=0.8)

Out [58]:

<matplotlib. axes. subplots.AxesSubplot at 0x111b6ed5b70>

Correlation of Numeric Features with Price
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v2

v 3
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v 12
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v2
v3
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v
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vi-
w il
w12 -
w13
v 14
price —

kilometer

In [59]:

del price numeric[ price’]



In [47]:
wh 2) BELTFIETT i/ IE

for col in numeric features:
print C {:15}". format (col),
Skewness: {:05.2f}" . format (Train datalcol]. skew()) ,

’ bl
bl

"Kurtosis: {:06.2f}" . format (Train datalcol]. kurt())

)

power Skewness: 65. 86 Kurtosis: 5733.45
kilometer Skewness: —1.53 Kurtosis: 001. 14
v 0 Skewness: —1.32 Kurtosis: 003.99
v 1 Skewness: 00. 36 Kurtosis: —01.75
v 2 Skewness: 04.84 Kurtosis: 023. 86
v 3 Skewness: 00. 11 Kurtosis: —00. 42
v 4 Skewness: 00. 37 Kurtosis: —00. 20
v b Skewness: —4.74 Kurtosis: 022.93
v 6 Skewness: 00. 37 Kurtosis: —01.74
v 7 Skewness: 05.13 Kurtosis: 025.85
v 8 Skewness: 00. 20 Kurtosis: —00. 64
v 9 Skewness: 00. 42 Kurtosis: —00. 32
v 10 Skewness: 00. 03 Kurtosis: —00. 58
v 11 Skewness: 03.03 Kurtosis: 012.57
v 12 Skewness: 00. 37 Kurtosis: 000. 27
v 13 Skewness: 00. 27 Kurtosis: —00. 44
v 14 Skewness: —1.19 Kurtosis: 002. 39
price Skewness: 03. 35 Kurtosis: 019.00
In [48]:

#t 3) FFPNECFHFAEFE 747 7] R
f = pd.melt(Train data, value vars=numeric features)
g = sns. FacetGrid(f, col="variable”, col wrap=2, sharex=False, sharey=False)

g = g.map(sns. distplot, “value”)
variable = power variable = kilometer
0.005 1
210 1
0.004 1
15 1
0.003 1
10 -
0.002 1
0.001 0.5 1
ﬂﬂﬂl} T T T T ﬂ'ﬂ ] T T T
0 5000 10000 15000 20000 0 5 10 15
variable = v_0 variable = v_1
0.175 A 17
0.150 1 10 -
0.125 1
0.8 1
0.100 1

ALAEHERBIHENS %I



In [52]:
w4 1) T I Z IR A R

sns. set ()

columns = [ price’, 'v 12°, 'v.8 , v 0, 'power, 'v5, 'v2,°ve, vl1, vi14]
sns. pairplot (Train datalcolumns], size = 2 ,kind =" scatter’,diag kind="kde’)

plt. show()

In [60]:

Train_data. columns

Out[60]:

Index ([’ SalelID’, ’name’, ’regDate’, 'model’, ’brand’, ’bodyType’, ’fuelType’,
>gearbox’, ‘power’, ' kilometer’, ’notRepairedDamage’, ’regionCode’,
’creatDate’, ’price’, ‘v 0, 'v1, 'v2,’v3, 'v4, v5, 'veE,

vT, v 8, v 9, Cv.10, Cv. 117, Cv 12, 'v 13,
dtype="object’)

v 14" ],



In [62]:

Y train

Out[62]:

0 1850
1 3600
2 6222
3 2400
4 5200

149995 5900
149996 9500
149997 7500
149998 4999
149999 4700
Name: price, Length: 150000, dtype: int64

IR ESEESZ AHXRTRE, AICESZEITSERAFEBRHINE
https://Iwww.jianshu.com/p/6e18d21a4dcad (https://www.jianshu.com/p/6e18d21a4cad)



https://www.jianshu.com/p/6e18d21a4cad

In [63]:

By 5) ZAHE LK Z i

fig, ((axl, ax2), (ax3, ax4), (axb, ax6), (ax7, ax8), (ax9, axl0)) = plt. subplots(nrows=5, ncols=2,
z[v 12, 'v& , 'v0', ‘power’, 'v5, ‘v2., °vée, 'vi, 'viid]

v 12 scatter plot = pd.concat([Y train, Train datal v 12’ 1], axis = 1)

sns. regplot (x="v 12",y = 'price’, data = v 12 scatter plot, scatter= True, fit reg=True, ax=axl)

v_8 scatter plot = pd.concat([Y train, Train datal’v 8 ]], axis = 1)
sns. regplot (x="v 8,y = 'price’,data = v_8 scatter plot, scatter= True, fit reg=True, ax=ax2)

v_0 scatter plot = pd.concat([Y train, Train datal’v 0’ ]], axis = 1)
sns. regplot (x="v 0',y = 'price’ ,data = v 0 scatter plot, scatter= True, fit reg=True, ax=ax3)

power scatter plot = pd.concat([Y train, Train datal power’ ]],axis = 1)
sns. regplot (x="power’ ,y = 'price , data = power scatter plot, scatter= True, fit reg=True, ax=ax4)

v b scatter plot = pd.concat([Y train, Train datal’v 5 ]], axis = 1)
sns. regplot (x="v 5,y = 'price’,data = v 5 scatter plot, scatter= True, fit reg=True, ax=axb)

v_2 scatter plot = pd.concat([Y train, Train datal’v 2’]], axis = 1)
sns.regplot (x="v 2",y = 'price’,data = v_2 scatter plot,scatter= True, fit reg=True, ax=ax0)

v_6 scatter plot = pd.concat([Y train, Train datal’v 6’ ]], axis = 1)

sns. regplot (x="v 6,y = 'price’ ,data = v 6 scatter plot,scatter= True, fit reg=True, ax=ax7)

v 1 scatter plot = pd.concat([Y train, Train datal’v 1’]], axis = 1)
sns.regplot (x="v 1',y = 'price’,data = v_1 scatter plot,scatter= True, fit reg=True, ax=ax8)

v_14 scatter plot = pd.concat([Y train, Train datal v 14 1], axis = 1)
sns. regplot (x="v 14",y = 'price’,data = v_14 scatter plot, scatter= True, fit reg=True, ax=ax9)

v 13 scatter plot = pd.concat([Y train, Train datal v 13’ 1], axis = 1)

sns. regplot (x="v 13",y = 'price’,data = v 13 scatter plot, scatter= True, fit reg=True, ax=axl0)

Out [63]:

<matplotlib. axes. subplots.AxesSubplot at 0x111b47b2b38>
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2.3.8 RBNSEDT

In [55]:

24 1) unique iy
for fea in categorical features:
print (Train data[fea]. nunique())

99662
248
40

8

7

2

2
7905

In [56]:

categorical features

Out [56] :

[’ name’,

"model’,

"brand’,

> bodyType’,

> fuelType’,

" gearbox’,

" notRepairedDamage’,
" regionCode’ ]
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In [64]:
By 2) FERFFIFFETEE AT

# 1y namefil regionCodelfJFEH X Fhdi 7, X HENTHAFHGHT L F50H — T
categorical features = [ model’,
"brand’,
" bodyType’,
" fuelType’
" gearbox’,
"notRepairedDamage’ ]
for ¢ in categorical features:
Train datalc] = Train datalc].astype( category’)
if Train datalc].isnull (). any():
Train datalc] = Train datalc]. cat.add categories ([’ MISSING 1)
Train datalc] = Train datalc].fillna( MISSING’)

def boxplot(x, y, **kwargs):
sns. boxplot (x=x, y=y)
x=plt. xticks (rotation=90)

f = pd.melt(Train data, id vars=[ price’ ], value vars=categorical features)
g = sns. FacetGrid(f, col="variable”, col wrap=2, sharex=False, sharey=False, size=5)
g = g.map (boxplot, “value”, “price”)
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In [65]:

Train data. columns

Out[65]:

Index ([’ SaleID’, ’name’, ’regDate’, 'model’, ’brand’, ’bodyType’, ’fuelType’,
" gearbox’, ’power’, 'kilometer’, ’notRepairedDamage’, ’regionCode’,
’creatDate’, ’price’, ‘v 0, 'v1, 'v2,’v3, 'vd4, v5,6 'veE,

v, v 8, vy, 'v.10, v 11, ‘v 12, ‘v 13, ,V714’j,
dtype="object’)



In [66]:
#4 3) FERHFUERTDIESE AR

catg list = categorical features

target = price’

for catg in catg list :
sns. violinplot (x=catg, y=target, data=Train data)
plt. show()
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In [67]:

categorical features

"brand’,

" bodyType’,
" fuelType’,

b bl
gearbox ,

" notRepairedDamage’ ]

00

T T
10 MISSING
notRepairedDamage

[’ model’,




In [68]:

w4 4) FEFFFAERIFETE R AT AL

def bar plot(x, y, **kwargs):
sns. barplot (x=x, y=y)
x=plt. xticks (rotation=90)

f = pd.melt(Train data, id vars=[ price’ ], value vars=categorical features)
= sns. FacetGrid (f, col="variable”, col wrap=2, sharex=False, sharey=False, size=5)
g.map (bar plot, “value”, “price”)

o 0
I
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In [69]:

#t 5) FEHFFHEHTEE T FERME ] HE (count _plot)
def count plot(x, #**kwargs):

sns. countplot (x=x)

x=plt. xticks (rotation=90)

f = pd.melt(Train data, value vars=categorical features)
g = sns.FacetGrid(f, col="variable”, col wrap=2, sharex=False, sharey=False, size=5)
g = g.map(count plot, “value”)
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2.3.9 Fpandas_profiling4EpkEUEIRS
Fipandas_profiling&p— MR A2 EAI IAFIEIRIR S (R AER, HE) &REZTFhtmISEEIE]

In [63]:

import pandas profiling



In [64]:

pfr = pandas profiling. ProfileReport(Train data)
pfr. to file(”. /example. html”)

HBox (children=(FloatProgress (value=0. 0, description= variables’, max=29.0, style=Pro
gressStyle (description wid-:-

HBox (children=(FloatProgress (value=0. 0, description="correlations’, max=6.0, style=P
rogressStyle (description we:-

HBox (children=(FloatProgress (value=0. 0, description=" interactions [continuous]’, max
=729.0, style=ProgressStyl---

HBox (children=(FloatProgress (value=0. 0, description=" table’, max=1.0, style=Progress
Style(description width=i---

HBox (children=(FloatProgress (value=0. 0, description=missing’ , max=4.0, style=Progre
ssStyle(description width=--*

HBox (children=(FloatProgress (value=0. 0, description="warnings’, max=3.0, style=Progr
essStyle (description widthe::

HBox (children=(FloatProgress (value=0. 0, description= package’, max=1.0, style=Progre
ssStyle(description width=-+-

HBox (children=(FloatProgress (value=0. 0, description="build report structure’, max=1.
0, style=ProgressStyle(des-:-

24 ggé-l!j:iiﬁg

FTEHEDAS RN AEBNLER, ALFNAERTERRILRTREYS, XRREFRN—, HWEEESR
B—.

BT R—RBEESEEAIRURHE TESR ORISR RER, RIEECH—LER, Jismt, X
SCRRIAVRR{E H FIRTATR N ROIEAE,

REAUNHTEDASEIREIEF ISR, RETAEHFIISUREIFID AR 95EBERAVRHIE
HURIR RN BB FESI DI ] —HRRFRAEDA (Exploratory Data Analysis) :

RENCERNHE (E2REEMRERNRRENE) EREDITRBRETHITRR, B
fREl. #IR. HENIG. B IESFRIRREEN SR — SR DT 5%,



HERFBNTRIADAEN— 25T, SRR, MT RS IR 2REHER.

1. W TFERAWIS ot (EEZEELIR, 8.sum(), .mean(), .descirbe()FFeiTEE) ATLM: HAHE, I
GENE, EOENENHE, REEMTEE, BIMFRRIIEXY AEERSHE) | FIEE (FRFEEU,
int, float, time) , FHERJERKER (EEMREAEIIEFIRITN, BLETSHELENANTTS
%) |, FHEAYESERR.

2. DITICRELAFFHIEERR SEE30% LA LHFARIGRCAIE, BB TREREEISIENET, ST ENIZZEE
7t (BRAEM4, HEES, 0ER, KEERE)  BEESX, ERMEADEARRIHMRE
I,

3. WTEEEMENINDHT, SIHISFENEbeEEAREE (HERBIYEREHESRAETS) FBE
BBz, ERABIEREERER, BoREE, KRS ABRES.

4. 3T Labelf & IHIDHT, DITRERDHIERS.

5 MO LABE IS FE, fifillabellXSHE (FitE, BHaE) BN T7ESINSHIER, &8
X—SAILUAIIEEZ FH—EFEES, BUERERO T —EAHHENRSRER, MNTIFEFFERS
1, XITHFEMIabelBXS{FE], DITEPRI—LRERE.

Task2 EDAZIES#T END.
- By: AIB %

PS: ZREGRZEWFFLAR, W FE T ) 3 BRI 25 7 40 Tt A 1] 7 51 $cbs 2 4
NAT: AR

%1°F. https://www. zhihu. com/people/seu—aigua—niu—che

github: https://github. com/chehongshu

XFDatawhale:

Datawhale2— MNEFTFEUERIZSAISISNTFRALR, CET RZSMHRANRA WAL
FIE, BET AT REHIHRZRSEEAIEIBARLR. Datawhale L “for the learner, 1%
F-RENKAES, SMEDEEINBHK. ANEs. BEEH. BF{EMNETES. [
Datawhale FEFFRRVEESERRFEAS. FFRFIFIFFRSAE, WeeAA SR, BIHOATRK
K, EEASA, ASMR, ASEIFIASHRFERRRLE,

RRBIEZRERES, TENRBERESE, HiE5aXitDatawhale: (BH! ! !)



Datawhale SEHEA I JEEIZHE-Task3 $SIELE

=, BIETEBRR

Tip: BRI B RN TEORISIRA0 Taskd BIETRR 353, SRR TREMBETRURSISE, WIARSE
REETR.

B SEUAIIRSE - —FERBNETN

ek https://tianchi.aliyun.com/competition/entrance/231784/introduction?
spm=5176.12281957.1004.1.38b02448ausjSX
(https://tianchi.aliyun.com/competition/entrance/231784/introduction?
spm=5176.12281957.1004.1.38b02448ausjSX)

3.1 4SETIEBR

o WFHEHTH—E DT, AN TERHITHE
o STASTTHHAETRENSNT, FTEIEH T - ERRSE TSR,

3.2 AENE
HTRAT TR

1. FELIE:

o BUUELE (8 3-Sigma) DITHIRSEE;

. BOX-COX #&#2 (IBHRHT) ;

o RKEEHT
2. BSEIR— AT

- RN (BIRIREESST)

o B (S [0.1] RiAD) ;

. HNEEST, TURMAR: log(——)
3. RS

o EDTE;

« FIESHE,
« Best-KS 1 (EIUFIREREHHIT—SXK) |
« RO

4. FRES(ESLIE:

o AR (5TXIZEEL XGBoost EHAREY) ;
o MHBR (BREEUERZ)
o« HEEtNE, SIESE/PAEY RS EETTN/ Z BN EREEIAN 2 FEE 2,
- DfE, BEE—E;
5. $S{EHINE :
o MEFITERE, IRETHEL KA. Hl. IREESE,
- BYEMEAE, BIEHEXIRTEFNEXRE, PIRE, XABS,;
- WIRER, 8ESHE. DHhRBELL;
o JELRMEETIE, BIE log/ FEH/ RS,
o BHEE, BIERY;
o ZHBDZ, EENE.


https://tianchi.aliyun.com/competition/entrance/231784/introduction?spm=5176.12281957.1004.1.38b02448ausjSX

6. $FETHIE
o TEI (filter) : SXIEUBHHTHFIDERE, AREIEEIEE, ERMNGIEE Relief AEEFER/MXER
HARARABERE;
« B (wrapper) : BEEICHRZEEFERNFINOMENEFEIHNEN, ERAEE
LVM (Las Vegas Wrapper) ;
« 8RNI (embedding) : EETREAMNEER, FIF[IGIEFENHT TIHDERE, EUNE
lasso [@])F;
7. b4
o PCA/LDA/ICA;
o FHBEZFEE—FRIEE.

3.3 K&

3.3.0 &R

In [1]:

import pandas as pd

import numpy as np

import matplotlib

import matplotlib. pyplot as plt
import seaborn as sns

from operator import itemgetter

%matplotlib inline

In [2]:

train = pd. read csv( train.csv’, sep= )
test = pd.read csv( testA.csv, sep=" )
print (train. shape)
print (test. shape)

(150000, 30)
(50000, 30)



In [3]:

train. head()

Out[3]:
name regDate model brand bodyType fuelType gearbox power kilometer notRepaire
0 736 20040402 30.0 6 1.0 0.0 0.0 60 12.5
1 2262 20030301 40.0 1 2.0 0.0 0.0 0 15.0
2 14874 20040403 115.0 15 1.0 0.0 0.0 163 12.5
3 71865 19960908 109.0 10 0.0 0.0 1.0 193 15.0
4 111080 20120103 110.0 5 1.0 0.0 0.0 68 5.0
5 rows x 30 columns
>

In [4]:

train. columns

Out[4]:

Index ([’ name’, ’regDate’, 'model’, ’brand’, ’bodyType’, ’fuelType’, ’gearbox’,
"power’, ' kilometer’, ’notRepairedDamage’, ’regionCode’, ’seller’,

*offerType’, ’creatDate’, ’price’, v 0, 'v 1, 'v2,6 'v3, 'v4,

'v5,’ve, ‘v, ’v8, ’'v9, 'v10, v 11, v 12, 'v 13

‘v 14’ ],
dtype="object’)

In [5]:

test. columns

Out[5]:

Index ([’ name’, ’regDate’, 'model’, ’brand’, ’bodyType’, ’fuelType’, ’gearbox’,
"power’, ' kilometer’, ’notRepairedDamage’, ’regionCode’, ’seller’,

“offerType’, ’creatDate’, ’price’, v 0, v 1, 'v2, 'v3, 'v4,

'v5,’ve, v, 'vs8,'v9, ’v.10, v 11, ‘v 12", v 13

‘v 147 ],
dtype=" object’)

3.3.1 HiRREE



In [6]:
# XBIELE T — IR AP CHS, 7] LG E v

def outliers proc(data, col name, scale=3):

nwn

HTEve R, BRIAH box plot (scale=3) HHATIE VL
:param data: %YL pandas g

:param col name: pandas %144

:param scale: RJ¥

:return:

a4

def box plot outliers(data ser, box scale):

nnn

FIH AR 4 B 2 br e 1E

:param data ser: F£UX pandas. Series HEE

:param box scale: FHZEEIRJE,

:return:

igr = box_scale * (data ser.quantile(0.75) — data_ser.quantile(0.25))
val low = data ser.quantile(0.25) - iqr

val up = data ser.quantile(0.75) + iqr

rule low = (data ser < val low)

rule up = (data ser > val up)

return (rule low, rule up), (val low, val up)

data n = data. copy ()

data series = data n[col name]

rule, value = box plot outliers(data series, box scale=scale)
index = np. arange (data_series. shape[0]) [rule[0] | rule[1]]
print ("Delete number is: {}”. format(len(index)))

data n = data n. drop(index)

data n.reset index(drop=True, inplace=True)

print ("Now column number is: {}”.format(data n. shape[0]))
index low = np. arange(data series. shape[0]) [rule[0]]
outliers = data series. iloc[index low]

print ("Description of data less than the lower bound is:”)
print (pd. Series(outliers). describe())

index up = np. arange (data series. shape[0]) [rule[1]]

outliers = data series.iloclindex up]

print ("Description of data larger than the upper bound is:”)
print (pd. Series (outliers). describe())

fig, ax = plt.subplots(l, 2, figsize=(10, 7))

sns. boxplot (y=datalcol name], data=data, palette="Setl”, ax=ax[0])
sns. boxplot (y=data nl[col name], data=data n, palette="Setl”, ax=ax[1])
return data n



In [7]:

# ZNT LU — 257 B A, L power P
# BB AW L T
# (LIRS test HIEHENGEN = = P aETEH B EEAE A2

train = outliers proc(train,  power’, scale=3)

Delete number is: 963
Now column number is: 149037

Description of

count 0.0
mean NaN
std NaN
min NaN
25% NaN
50% NaN
75% NaN
max NaN

data less than the lower bound is:

Name: power, dtype: float64

Description of

count 963.
mean 846.
std 1929.
min 376.
25% 400.
50% 436.
75% 514.
max 19312.

data larger than the upper bound is:
000000
836968
418081
000000
000000
000000
000000
000000

Name: power, dtype: float64

20000
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15000 A
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10000 A

pOWEr

7500 A
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L
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L
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& 200
=
=
¥
M 150
¥
i luﬂ 4
L
50 4
|] 4




3.3.2 §5IEHEIE

In [8]:
# G ERIHET—RE, 77 (E a1 IF

train[’ train’ ]J=1
test[ train’ ]=0
data = pd. concat ([train, test], ignore index=True, sort=False)

In [9]:

# (/R datal’ creatDate’] — datal reghate’ ], RIJTEELIT I, —HEFK i M55 (EHHT a1 I H
# AT, U E A HERIE A, TN 7 % errors="coerce’
datal[’ used time’] = (pd. to datetime(datal creatDate’], format="%Y%m%d , errors= coerce ) —
pd. to datetime(datal[’ regDate’ ], format=" %Y%m%d , errors= coerce’)).dt.d:

In [10]:

#HFERIE 15k MERII TG THERT, ZeflTa] LLEFFMER, 4] LA FFCE
# (AR EAE MR BIAWIERREH L FFAR ALK, 7. 5%
# BT LSRR, PRI ] XCBoost & FEHTRAH, R G HFELFEGHALNE, L if LT E

data[ used time’].isnull().sum()

Out[10]:

15072

In [11]:

# MU PRI T 158, A ERRIE A, S E RIS, 25 F A T 5652 %15
datal city ] = datal regionCode’ ].apply(lambda x : str(x)[:-3])

In [12]:

# i R B, [T A L S A F A G v
# XBPEL train FIEH TS A
train gb = train. groupby (“brand”)

all info = {}
for kind, kind data in train gb:
info = {}

kind data = kind datalkind data[ price’ ] > 0]

info[’ brand amount’ ] = len(kind data)

info[  brand price max ] = kind data.price.max()

info[’ brand price median’] = kind data.price.median()

info[’ brand price min’ ] = kind data. price.min()

info[’ brand price sum’] = kind data.price. sum()

infol’ brand price std ] = kind data. price. std()

info[’ brand price average ] = round(kind data.price.sum() / (len(kind data) + 1), 2)

all infolkind] = info
brand fe = pd.DataFrame(all info).T.reset index().rename(columns={"index”: “brand”})
data = data.merge (brand fe, how="left’, on= brand )



In [13]:

# g Ll power B

# X RFCN THI FRAE AR T

B T4 BB, JRRIERZE, = =

¥ 1. BHT G E P B E FIE ST, 1 B R T (E Y,

# 0 BTN SR F BV, 1 age>30 2y 1 Zo0 Ky 0. W FLESSy 200 919200 BT R A
# 3 LR JFF)S KEMHHT, FAGELHR, LB w7, FIEEGHMIRE, XTI 7L B
Y4 BBE I LUHAT R X, JEH A BET, B MNP EGFE N N, H—E A JELTE, 2
# 5 UG R ERE, WP FERX ], AR PERAE T — 2 5351

# YR GIRENGA, LightGBI FEECH XGBoost AL T HHF Mg, 14 T HAHT2 1 M
bin = [i*10 for i in range(31)]

datal[’ power bin’] = pd. cut(datal power’ ], bin, labels=False)

datal[ [’ power bin’, ’power’ ]].head()

Out[13]:

power_bin power

0 5.0 60

1 NaN 0

2 16.0 163

3 19.0 193

4 6.0 68

In [14]:

2 FIHLF T, BT PR G E A T

data = data. drop ([’ creatDate’, ’regDate’, 'regionCode ], axis=1)
In [15]:

print (data. shape)
data. columns

(199037, 38)
Out[15]:

Index ([’ name’, 'model’, ’brand’, ’bodyType’, ’fuelType’, ’gearbox’, ’power’,
"kilometer’, ’notRepairedDamage’, ’seller’, ’offerType’, ’price’, v 0,
v 1, ’v?2, vy, 'v4, vy, 've, ' vT, 'v8, 'v9, ‘v 10,
‘v 11U, v 12, v 13, v 14’, ’train’, 'used time’, ‘city’,

“brand_amount’, ’brand price average , ’brand price max’,
"brand price median’, ’brand price min’, ’brand price std’,
"brand price sum’, ’power bin’],

dtype="object’)

In [16]:
# H i EE e E 28 7] LSRRG 1, T BT S — T

data. to csv( data for tree.csv’, index=0)



In [17]:

# FeNTa] LU RE — 5 ESe LR NNV 2 FERIFRZE /]

# Z T TR AR TR, AN B2 E i GE T ZER A ]
g FNIE FEH 7

data[’ power’ ].plot.hist()

Out[17]:

<matplotlib. axes. subplots.AxesSubplot at 0x12904e5c0>

200000 4

175000 1

T T T T T T T T
o 2500 5000 7500 10000 12500 15000 17500 20000

In [18]:

# FNINEZX] train HATEFEELPE T, HEHFLH XL G ERI 2RI S test HHT power SEi1H,
# rLECN TR SERINY train A1 power 7 1EAM 4947, 1] LA K JE 7 Bl K C &
trainl power’ ].plot.hist()

Out[18]:

<matplotlib. axes. subplots.AxesSubplot at 0x12de6bba8>
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In [19]:
# I HIR log, 7EMIVT—1E

from sklearn import preprocessing

min max_ scaler = preprocessing. MinMaxScaler ()

datal’ power’ ] = np. log(datal’ power ] + 1)

datal’ power’ ] ((datal power’ ] — np.min(datal power ])) / (np.max(datal power’ ]) — np.min(datal po

datal power’ ].plot.hist()

Out[19]:
<matplotlib. axes. subplots.AxesSubplot at 0x129ad5dd8>
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In [20]:

# km HIELFCIE TR, W IZAE CZEML 70 T

datal’ kilometer’ ].plot.hist()

Out[20]:

<matplotlib. axes. subplots.AxesSubplot at 0x12de58cf8>
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In [21]:

# HrLLECN T ] L E FE i —1E
datal[  kilometer’] = ((datal[’ kilometer’ ] — np.min(datal kilometer’])) /

(np. max (data[ kilometer’]) — np.min(datal kilometer’])))
datal’ kilometer’ ].plot.hist()

Out[21]:

<matplotlib. axes. subplots.AxesSubplot at 0x128b4fd30>
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In [23]:
% BRULZ ) BN TIPS T2 1 1 -

# 'brand amount’, 'brand price average’, 'brand price max’,
# 'brand price median’, 'brand price min’, 'brand price std’,
% 'brand price sum’
# XHENFH——FG 0 T, EHEMER,
def max min(x):

return (x — np.min(x)) / (np.max(x) - np.min(x))

data[’ brand amount’] = ((data[ brand amount’ ] — np.min(datal brand amount’])) /
(np. max (datal brand amount’]) — np.min(datal brand amount’])))

datal’ brand price average ] = ((datal brand price average ] — np.min(datal brand price average ]))
(np. max (data[’ brand price average’]) — np.min(datal brand price aver:
datal[’ brand price max’] = ((datal brand price max ] — np.min(datal brand price max ])) /
(np. max (data[’ brand price max’]) — np.min(datal brand price max ])))
datal[’ brand price median’ ] = ((datal’ brand price median’] - np.min(data[’ brand price median’])) /

(np. max (datal brand price median’]) — np.min(datal brand price median’
((datal’ brand price min’] — np.min(datal’ brand price min’])) /
(np. max (datal brand price min ]) — np.min(datal brand price min ])))
((datal’ brand price std’] - np.min(datal brand price std’])) /
(np. max (data[’ brand price std’]) — np.min(datal brand price std ])))
datal[’ brand price sum’] = ((datal brand price sum’ ] — np.min(datal brand price sum ])) /
(np. max (datal brand price sum’]) - np.min(datal brand price sum’ ])))

data[’ brand price min’]

data[’ brand price std’]

In [24]:

B X ENFNFHAT Onefncoder
data = pd. get dummies(data, columns=[ model’, ’brand , 'bodyType’, ’fuelType’,
" gearbox’, ’notRepairedDamage’, ’power bin’])



In [25]:

print (data. shape)
data. columns

(199037, 369)
Out[25]:

Index ([’ name’, ’power’, 'kilometer’, ’seller’, ’offerType’, ’price’, v 0,
v, v?2, v3,

"power_bin 20.0°, ’power bin 21.0’, ’power bin 22.0°, ’power bin 23.0,

“power bin 24.0’, ’power bin 25.0°, ’power bin 26.0’, ’power bin 27.0°,

"power bin 28.0°, ’power bin 29.0° ],

dtype="object’, length=369)

In [26]:
# XMW ATLLZS LR

data. to csv( data for lr.csv’, index=0)

3.3.3 §51iEimik

1) gzt

In [27]:
# RN

print (datal power’].corr(datal price ], method=" spearman’))

print (datal kilometer’ ].corr(datal’ price’ ], method="spearman’))

print (datal brand amount’ ].corr(datal’ price’ ], method=" spearman’))

print (datal’ brand price average’ ].corr(datal price’ ], method="spearman’))
print(datal’ brand price max ].corr(datal price ], method=" spearman’))
print (datal brand price median’ ].corr(datal[’ price’ ], method=" spearman’))

0. 5737373458520139
—0.4093147076627742
0. 0579639618400197
0. 38587089498185884
0.26142364388130207
0.3891431767902722



In [28]:
# 2GR ] L B

data numeric = datal[ power’, ’kilometer’, ’brand amount’, ’brand price average’,
"brand price max’, ’brand price median’]]
correlation = data numeric. corr ()

f , ax = plt. subplots(figsize = (7, 7))
plt. title( Correlation of Numeric Features with Price’, y=1, size=16)
sns. heatmap (correlation, square = True, vmax=0.8)

Out[28]:

<matplotlib. axes. subplots.AxesSubplot at 0x129059470>
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In [ ]:

!pip install mlxtend

In [16]:
# k feature X ALTRAEH, KRF 45, HrLl#EFi interrupt J

from mlxtend. feature selection import SequentialFeatureSelector as SFS
from sklearn. linear model import LinearRegression
sfs = SFS(LinearRegression(),
k features=10,
forward=True,
floating=False,
scoring = 12,
cv = 0)
x = data. drop ([’ price’ ], axis=1)
x = x.fillna(0)
y = datal price’ ]
sfs. fit(x, y)
sfs. k feature names

STOPPING EARLY DUE TO KEYBOARD INTERRUPT..
Out[16]:

(C powerPS ten’,

‘city’,

brand price std’
"vehicleType andere’,
“model 145’

“model 6017,

" fuelType andere’
’notRepairedDamage ja’)



In [17]:

from mlxtend. plotting import plot sequential feature selection as plot sfs
import matplotlib. pyplot as plt

figl = plot sfs(sfs.get metric dict(), kind="std dev’)

plt. grid()

plt. show()

/Users/chenze/anaconda3/1ib/python3. 7/site-packages/numpy/core/ methods. py:140: Runt
imeWarning: Degrees of freedom <= 0 for slice

keepdims=keepdims)
/Users/chenze/anaconda3/1ib/python3. 7/site—packages/numpy/core/ methods. py:132: Runt
imeWarning: invalid value encountered in double scalars

ret = ret.dtype. type(ret / rcount)

0.0051 4
0.0050 4
b
E 0.0049 4
£
[T]
2 00048 A
0.0047
D.l:lcl'q'ﬁ T T T T T T T T
1 2 3 4 5 B 7 8
Number of Features
Bl
3) BRATL
In [18]
# N, Lasso [AITHATAGE R A] GG A ZCEFIFE 7F
# KM a2 A S F HE i

:; ‘1 =LV lluﬂ—ﬂl

FHETRERHERPREXRERIN—R, FRIRUEHRIILE, RFRAMEEAREHEAS, HETRIRIBIERE
IFHEBIRA, ESETRERNFMEESRE T RENTHFR NS,

FHETAEN T E BT BT REURE IR DB It R BB, NMRSEFEIAMEE. thal, &
BEGERNTERERS, BEANRKETLUIINSIERIRSE,

FHHEER T TZR—RD, HENEN TIEREUERIRA.

BRI RERSIE, XSEFEIIHRNERHHEEERAIKEE, XTI RERaETRHEH T
H, LKan3EFs, groupby, agg HXiF—LR{ERIT—LRHERLT, INETLIIHFHEHITIH—/ log, exp &
e, FENNZSMHEATOUWEE N EERNEENERIK) [, SMNASESARHITIEE. BT
ERMESIIRT 7RSI FIHEAIIE, AR LR NN %TEHR—%*F—*:?E&%&EU%*EK I RIFRIER.



NFRBEFES Y (IFER) IRETRE, FRSEL A ES, SETESKE, MsREN, FE, RE
SHEBENELFENANHE XMEEEERINFINE, EEERATERXEN, SMEEQEREFLT
BRI, MAFPBEMENSUES, XFE—MMHESREEERN DTS RISZEEERYIERE, MM
7 BEEIFRIEE magic,

SPHETREASTRIIRRESE—RA, XHMENHAES LR NN MO —RIRE, miTHHE
AU R EE M S R BT R BRI,

BRIRG, FHETRER—IANTER, (BEEEIFEEN—4E.

Task 3-4FHETFE END.
- By: fIi%

PS: H B R2EHEN AR
H1°F: P https://www. zhihu. com/people/is—aze (F=ZH [ 4] %3 &1 R 2T )

F*FDatawhale:

Datawhale 2— MNEFFEUERIZSAIREITRRAR, CET RZSWHLRANFZ LTS
FIE, BE T AT REHEIIRZRSEIEIRALR. Datawhale L“for the learner, f1%>]
EF—ERKARSE, SECHEINERK. FREs. BEEH. BHlEfiETias. Ei
Datawhale BFFRAVIEEEIREIFRERNE. FHFEZIFNFRAR, WAL ETR, BAOATK
K, B ASA, ASHIR, ASEUFASHKSEHIERL,

RRBIEZRERFS, TEARBERESE, FiEXiEDatawhale:




Datawhale SR JEEIZHE-Tasks BiEFES
M, BES5RAS

Tip:tEER D AEERNIEERIZHER Taskd BIERES 88, HRRTHRESMEELLIAZEARTHNM T IAS RS, K
BRREEZZ M.

HE: BEMANIEEEZEE - —FEZBMET

ek https://tianchi.aliyun.com/competition/entrance/231784/introduction?
spm=5176.12281957.1004.1.38b02448ausjSX
(https://tianchi.aliyun.com/competition/entrance/231784/introduction?
spm=5176.12281957.1004.1.38b02448ausjSX)
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5.3.1 Z5iEMm])IRE

https://zhuanlan.zhihu.com/p/49480391 (https://zhuanlan.zhihu.com/p/49480391)

5.3.2 REEHIHEE

https://zhuanlan.zhihu.com/p/65304798 (https://zhuanlan.zhihu.com/p/65304798)

5.3.3 GBDT{ZH!

https://zhuanlan.zhihu.com/p/45145899 (https://zhuanlan.zhihu.com/p/45145899)

5.3.4 XGBoost{&EY

https://zhuanlan.zhihu.com/p/86816771 (https://zhuanlan.zhihu.com/p/86816771)

5.3.5 LightGBM{&E!

https://zhuanlan.zhihu.com/p/89360721 (https://zhuanlan.zhihu.com/p/89360721)

5.3.6 #EFEH:

o (¥128%3)) https://book.douban.com/subject/26708119/ (https://book.douban.com/subject/26708119/)
(FiHE>77%)  https://book.douban.com/subject/10590856/
(https://book.douban.com/subject/10590856/)

{PythonAXtk#N2885>]) hitps://book.douban.com/subject/26987890/
(https://book.douban.com/subject/26987890/)

(EEEFIAMHETFE) https://book.douban.com/subject/26826639/
(https://book.douban.com/subject/26826639/)

(BUERIZFRIFIRTE) https://book.douban.com/subject/30129410/
(https://book.douban.com/subject/30129410/)

5.4 {(XE3361

5.4.1 EEVER

In [1]:

import pandas as pd

import numpy as np

import warnings

warnings. filterwarnings (' ignore’)

reduce_mem_usage HREUEISHEEEESEY, HEIFA IR EIREART S BEE


https://zhuanlan.zhihu.com/p/49480391
https://zhuanlan.zhihu.com/p/65304798
https://zhuanlan.zhihu.com/p/45145899
https://zhuanlan.zhihu.com/p/86816771
https://zhuanlan.zhihu.com/p/89360721
https://book.douban.com/subject/26708119/
https://book.douban.com/subject/10590856/
https://book.douban.com/subject/26987890/
https://book.douban.com/subject/26826639/
https://book.douban.com/subject/30129410/

In [2]:

def reduce mem usage (df):
””” iterate through all the columns of a dataframe and modify the data type
to reduce memory usage
start mem = df.memory usage (). sum()
print ( Memory usage of dataframe is {:.2f} MB’.format(start mem))

for col in df.columns:
col type = dfl[col]. dtype

if col type != object:
¢ min = df[col].min()
¢ max = df[col].max()
if str(col type)[:3] == "int :
if ¢ min > np.iinfo(np. int8).min and ¢ max < np.iinfo(np. int8). max:
df[col] = dflcol]. astype (np. int8)
elif c min > np.iinfo(np. intl6).min and ¢ max < np.iinfo(np. intl6).max:
df[col] = df[col]. astype (np. int16)
elif ¢ min > np.iinfo(np. int32).min and ¢ max < np.iinfo(np. int32).max:
df[col] = df[col]. astype (np. int32)
elif c min > np.iinfo(np. int64).min and c¢ max < np.iinfo(np. int64).max:
dflcol] = df[col]. astype (np. int64)
else:
if ¢ min > np. finfo (np. floatl6).min and ¢ max < np. finfo(np. floatl6). max:
df[col] = dfl[col]. astype (np. float16)
elif ¢ min > np. finfo(np. float32).min and ¢ max < np. finfo (np. float32). max:
df[col] = dfl[col]. astype (np. float32)
else:
df[col] = df[col]. astype (np. float64)
else:
df[col] = dfl[col].astype( category’)

end mem = df.memory usage (). sum()

print ( Memory usage after optimization is: {:.2f} MB . format (end mem))
print ( Decreased by {:.1f}% .format (100 * (start mem — end mem) / start mem))
return df

In [3]:

sample feature = reduce mem usage (pd.read csv( data for tree.csv’))
Memory usage of dataframe is 60507328. 00 MB

Memory usage after optimization is: 15724107.00 MB
Decreased by 74. 0%

In [4]:

continuous feature names = [x for x in sample feature.columns if x not in [ price’,’ brand , model’

5.4.2 Z$0])3 & AHFZIGIE & IRHESEISSER



In [5]:

sample feature = sample feature.dropna().replace(’ =", 0).reset index(drop=True)
sample feature[ notRepairedDamage’ ] = sample feature[ notRepairedDamage’].astype (np. float32)

train = sample feature[continuous feature names + [ price ]]

train X = train[continuous feature names]
train y = train[ price’]

5.4.2 - 1 [EERERIE

In [6]:

from sklearn. linear model import LinearRegression

In [7]:

model = LinearRegression(normalize=True)

In [8]:

model = model. fit(train X, train y)

BB MR TEEAIEEE (intercept) S5iXEE(coef)

In [9]:

“intercept: + str(model.intercept )

sorted(dict (zip(continuous feature names, model.coef )).items(),

Out[9]:

[Cv 6, 3342612.384537345),
8, 684205.534533214),
97, 178967.94192530424),
7, 35223.07319016895),
v 5, 21917.550249749802),
v 3, 12782.03250792227),
v 1 , 11654.925634146672),
v 13’, 9884.194615297649),
v_ 11, 5519.182176035517),
3765.6101415594258),
C gearbox’, 900. 3205339198406) ,
( fuelType’, 353.5206495542567),
(C bodyType’, 186.51797317460046),
(Ccity’, 45b.17354204168846),
(C power’, 31.163045441455335),
(C brand price median’, 0.535967111869784),
(C brand price std’, 0.4346788365040235),
(C brand amount’ . 0. 15308295553300566) .

Cv
Cv
Cv
Cv
¢
¢
¢
¢
¢
Cv

In [10]:

from matplotlib import pyplot as plt

key=lambda x:x[1],

reverse=True)



In [11]:

subsample index = np.random. randint(low=0, high=len(train y), size=50)

LFIFILv_ORYESITFERMRE, BRAIEENTMUER (BBeR) SEXINRE (BBR) NNHERR
K, BB TRMESRI T /NFOoRIER, RBAF IAMREFE— L AR

In [12]:

plt. scatter (train X['v 9" ][subsample index], train y[subsample index], color="black’)

plt. scatter (train X['v 9’ ][subsample index], model.predict(train X. loc[subsample index]), color="blt
plt.xlabel (v 9”)

plt.ylabel C price’)

plt. legend ([’ True Price’,’ Predicted Price’ ], loc="upper right’)

print C The predicted price is obvious different from true price’ )
plt. show()

The predicted price is obvious different from true price
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] [ e .
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BRI VA IMERRIRES (price) EMKED T, AFITIHAIAVEETTN,

N SIESSh, MRESHIEEES 7T X— kiR, 25E=:
https://blog.csdn.net/Noob_daniel/article/details/76087829
(https://blog.csdn.net/Noob_daniel/article/details/76087829)

RERRSREERRIEIRRE


https://blog.csdn.net/Noob_daniel/article/details/76087829

In [13]:

import seaborn as sns

printC It is clear to see the price shows a typical exponential distribution’)
plt. figure(figsize=(15,5))

plt. subplot (1,2, 1)

sns. distplot (train y)

plt. subplot (1,2, 2)

sns. distplot (train y[train y < np.quantile(train y, 0.9)])

It is clear to see the price shows a typical exponential distribution

Out[13]:

<matplotlib. axes. subplots.AxesSubplot at 0x1b33efb2f98>
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In [14]:

train y 1ln = np. log(train y + 1)




In [15]:

import seaborn as sns

print C The transformed price seems like normal distribution’)

plt. figure(figsize=(15,5))

plt. subplot (1,2, 1)

sns. distplot (train y 1n)

plt. subplot (1,2, 2)

sns. distplot (train y In[train y In < np.quantile(train y 1n, 0.9)])

The transformed price seems like normal distribution
Out[15]:
<matplotlib. axes. subplots.AxesSubplot at 0x1b33f077160>
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In [16]:

model = model. fit(train X, train y 1n)

print ( intercept:’ + str(model. intercept ))
sorted(dict (zip(continuous feature names, model.coef )).items(), key=lambda x:x[1], reverse=True)

intercept:23. 515920686637713
Out[16]:

[Cv 9, 6.043993029165403),

Cv 12, 2.0357439855551394),

Cv 11, 1.3607608712255672),

Cv 1, 1.3079816298861897),

Cv 13, 1.0788833838535354),

(Cv 3, 0.9895814429387444),

( gearbox’, 0.009170812023421397),

(C fuelType’, 0.006447089787635784),

(C bodyType’, 0.004815242907679581),

(C power bin’, 0.003151801949447194),

(C power’, 0.0012550361843629999),

(C train’, 0.0001429273782925814),

(C brand price min’, 2.0721302299502698e-05),
(C brand price average’, 5.308179717783439e-06),
(C brand amount’, 2.8308531339942507e-06),

(C brand price max’, 6.764442596115763e-07),
(C offerType’, 1.6765966392995324e-10),

(C seller’, 9.308109838457312e-12),

(C brand price sum’, -1.3473184925468486e-10),
(C name’, -7.11403461065247e-08),

(C brand price median’, -1.7608143661053008e—06),
(C brand price std’, -2.7899058266986454e-06),
(Cused time’, -5.6142735899344175e-06),
Ccity’, -0.0024992974087053223),

Cv 14, -0.012754139659375262),

(C kilometer’, —0.013999175312751872),

Cv 0, -0.04553774829634237),

( notRepairedDamage’, -0.273686961116076),
Cv 7, -0.7455902679730504),

Cv 4, -0.9281349233755761),

Cv 2, -1.2781892166433606),

Cv 5, -1.5458846136756323),

Cv 10", -1.8059217242413748),

Cv 8, -42.611729973490604),

Cv 6, -241.30992120503035) ]

BRHITIMME, KAMNERSESERZE, BARENSERR



In [17]:

plt. scatter (train X['v 9" ][subsample index], train y[subsample index], color="black’)

plt. scatter (train X['v 9’ ][subsample index], np.exp(model.predict(train X. loc[subsample index])), cc
plt.xlabel (v 9)

plt.ylabel C price’)

plt. legend ([’ True Price’,’ Predicted Price’ ], loc="upper right’)

print C The predicted price seems normal after np. log transforming’)

plt. show()

The predicted price seems normal after np. log transforming
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EERIGENSEHTIGZNZ, SESRBMIBESE —EBNIGED R=1ED (Kb
WmnistFEEIIIGE) . — MDA JIGE (train_set) , iThE&E (valid_set) , MidE
(test_set) X=ANES. XESLEN TR 4 REMSEZISEN. EPileRTERg, =2
IHERTEASGIGNENE, (MRERMISSEREIE. millGEfTGEENESEI Tm
RETRT .

R AESCERRGIGF, JIGHNERS T IGENISTEEBRERERTN (WIRskasuk) |, 8
X FYIGERZIMIFIRIISTEEBEMABBASARE 1. EFEIIBEFHASICATERIZ
EEHEXZ, MESE DK (X—EHASI)IE) ) IGEERRISEHI TN, 18
XHEMATHIRTX LS HT) | GEZ MBI SEE. XMEBHFR R EGIE (Cross
Validation)



In [18]:

from sklearn.model selection import cross val score
from sklearn.metrics import mean absolute error, make scorer

In [19]:

def log transfer (func):
def wrapper(y, vhat):
result = func (np. log(y), np.nan to num(np. log(yhat)))
return result
return wrapper

In [20]:

scores = cross val score(model, X=train X, y=train y, verbose=1, cv = 5, scoring=make scorer (log tr

[Parallel (n jobs=1)]: Using backend SequentialBackend with 1 concurrent workers
[Parallel (n _jobs=1)]: Done 5 out of 5 | elapsed: 1. 1s finished

(ERRZMEREIRE, IRCEBFREAFIEEIERI TR IQIE (Error 1.36)

In [21]:

print C AVG: , np.mean(scores))

AVG: 1.3641908155886227

(ERZMEITFRE, MRS RERHEEIREHI T3 IGUE (Error 0.19)

In [22]:

scores = cross val score(model, X=train X, y=train y ln, verbose=1, cv = 5, scoring=make scorer (mea

[Parallel (n_jobs=1)]: Using backend SequentialBackend with 1 concurrent workers
[Parallel (n jobs=1)]: Done 5 out of 5 | elapsed: 1.1s finished

In [23]:

print C AVG: , np.mean(scores))

AVG: 0. 19382863663604424

In [24]:

scores = pd.DataFrame (scores. reshape (1, -1))

scores. columns = [ cv’ + str(x) for x in range(l, 6)]
scores. index = [*MAE’ ]

scores

Out[24]:

cvi cv2 cv3 cv4 cv5

MAE 0.191642 0.194986 0.192737 0.195329 0.19445

R A 92 . ? iERIEFI/=ZIER



VTl TV IRIATEIN=TT IRV

BESLE, BTRIIAEETHRIARKAIEES, E?E&REﬁiIET HESHERXAVEIES L RM&R T ARESE
BB, BE2018FM—FEMEMN2017FN_FEME, XEARAGEN, BULIHANETLLRABREIRR
XEIEEIHIT MR, ARG, Bl %ﬁﬁaeﬁuﬁj‘lEﬂE’J4/57ﬁ$Z§é’M’ﬁ 1458, SERIERY/SHIFIRIEES, REER
ShifRXIGIEERR K

In [25]:

import datetime

In [26]:

sample feature = sample feature.reset index(drop=True)

In [27]:

split point = len(sample feature) // 5 * 4

In [28]:

train = sample feature. loc[:split point]. dropna()
val = sample feature. loc[split point:]. dropna()

train X = train[continuous feature names]
train y In = np. log(train[ price’ ] + 1)

val X = val[continuous feature names]
val v In = np. log(vall price’ ] + 1)

In [29]:

model = model. fit(train X, train y 1n)

In [30]:

mean_absolute error(val y 1n, model.predict(val X))

Out[30]:

0. 19443858353490887

5.4.2 - 4 L2HIFIRNL SIEIFNLE

In [32]:

from sklearn.model selection import learning curve, validation curve

In [37]:

? learning curve



In [38]:

def plot learning curve(estimator, title, X, y, ylim=None, cv=None,n jobs=1, train size=np. linspac

plt. figure()

plt. title(title)

if ylim is not None:

plt. ylim(Ckylim)

plt. xlabel ( Training example’)

plt. ylabel ( score’)

train sizes, train scores, test scores = learning curve(estimator, X, y, cv=cv, n_jobs=n_ jobs,

train scores mean = np.mean(train scores, axis=1)

train scores std = np.std(train scores, axis=1)

test scores mean = np.mean(testfscores, axis=1)

test scores std = np. std(test scores, axis=1)

plt. grid () #/x 1

plt.fill between(train sizes, train scores mean — train scores std,
train scores mean + train scores std, alpha=0. I,
color="r"

plt. fill between(train sizes, test scores mean — test scores std,
test _scores mean + test scores _std, alpha=0. I,
color="g")

plt.plot(train sizes, train scores mean, o— , color="r1’,

label="Training score”)
plt.plot(train sizes, test scores mean, o— ,color="g”,
label="Cross—validation score”)
plt. legend (loc="best”)
return plt

In [53]:
plot learning curve(LinearRegression(), ’Liner model’, train X[:1000], train y 1n[:1000], ylim=(0.0,
Out[53]:

<module ’matplotlib.pyplot’ from ’C:\\ProgramData\\Anaconda3\\1ib\\site—-packages\\ma
tplotlib\\pyplot. py >
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In [40]:

train = sample feature[continuous feature names + [’ price’ ]].dropna()

train X = train[continuous feature names]
train y = train[ price’]
train y ln = np. log(train y + 1)

5.4.3 - 1 SRR & BRATISILERE

AELERIA, FIEFCETHXITINEG, RESRE. ENWERS. SUESHEXEHESENTESE:

- FRERZENESHIA SIS overfitting] ?
https://www.zhihu.com/question/32246256/answer/55320482
(https://www.zhihu.com/question/32246256/answer/55320482)

. ERISZE SIERIAYZ{KEE]] hitp://yangyingming.com/article/434/ (http://yangyingming.com/article/434/)

o IEMWKEIESIERR https:/blog.csdn.net/jinping_shi/article/details/52433975
(https://blog.csdn.net/jinping_shi/article/details/52433975)

EER IR EIHBEEDEF, FHESEIREESFIR)GIEERENS B, MIRATFDEREFEIR
YT EP B TIFEERE, ANGREEANELENESL2IENT L, EXSEMERIEEIINFIFRIER
WiiER, o513 T IkE35LassoE]A,

In [41]:

from sklearn. linear model import LinearRegression
from sklearn. linear model import Ridge
from sklearn. linear model import Lasso

In [42]:

models = [LinearRegression(),
Ridge (),
Lasso ()]

In [43]:

result = dict()
for model in models:
model name = str(model).split( () [0]
scores = cross val score(model, X=train X, y=train y ln, verbose=0, cv = 5, scoring=make scorer

result[model name] = scores
print (model name + ° is finished’)

LinearRegression is finished

Ridge is finished
Lasso is finished

XS =TT ERIRERRIEL


https://www.zhihu.com/question/32246256/answer/55320482
http://yangyingming.com/article/434/
https://blog.csdn.net/jinping_shi/article/details/52433975

In [44]:

result = pd.DataFrame (result)
result. index = [cv’ + str(x) for x in range(l, 6)]

result
Out[44]:

LinearRegression Ridge Lasso
cvi 0.191642 0.195665 0.382708
cv2 0.194986 0.198841 0.383916
cv3 0.192737 0.196629 0.380754
cv4 0.195329 0.199255 0.385683
cv5 0.194450 0.198173 0.383555
In [45]:

model = LinearRegression().fit(train X, train y ln)
print ( intercept:’ + str (model. intercept ))
sns. barplot (abs (model. coef ), continuous feature names)

intercept:23. 515984499017883
Out[45]:

<matplotlib. axes. subplots.AxesSubplot at 0x1feb933cab8>
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In [46]:

model = Ridge().fit(train X, train y In)
print ( intercept:’ + str(model. intercept ))
sns. barplot (abs (model. coef ), continuous feature names)

intercept:5. 901527844424091
Out [46] :

<matplotlib. axes. subplots.AxesSubplot at 0x1fea9056860>
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In [47]:

model = Lasso().fit(train X, train y In)
print ( intercept:’ + str(model. intercept ))
sns. barplot (abs (model. coef ), continuous feature names)

intercept:8.674427764003347
Out[47]:

<matplotlib. axes. subplots.AxesSubplot at 0x1fea90b69b0>
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5.4.3 - 2 JESEIEEY

PRT MRS, BRITFSHAIERINAELIHREUNT, FIREERAT—HRRE, BIERTHOE
FRtEEL SE AR B TR LT,

In [48]:

from sklearn. linear model import LinearRegression
from sklearn.svm import SVC

from sklearn. tree import DecisionTreeRegressor

from sklearn. ensemble import RandomForestRegressor
from sklearn. ensemble import GradientBoostingRegressor
from sklearn. neural network import MLPRegressor

from xgboost. sklearn import XGBRegressor

from lightgbm. sklearn import LGBMRegressor

In [49]:

models = [LinearRegression(),
DecisionTreeRegressor (),
RandomForestRegressor (),
GradientBoostingRegressor (),
MLPRegressor (solver="1bfgs’, max iter=100),
XGBRegressor (n_estimators = 100, objective=" reg:squarederror’ ),
LGBMRegressor (n_estimators = 100) ]



In [50]:

result = dict()
for model in models:
model name = str(model).split(C () [0]
scores = cross val score(model, X=train X, y=train y ln, verbose=0, cv = 5, scoring=make scorer
result[model name] = scores
print (model name + ~ is finished’)

LinearRegression is finished
DecisionTreeRegressor is finished
RandomForestRegressor is finished
GradientBoostingRegressor is finished
MLPRegressor is finished

XGBRegressor is finished
LGBMRegressor is finished

In [51]:
result = pd.DataFrame (result)

result. index = ["cv’ + str(x) for x in range(l, 6)]
result

Out[51]:

LinearRegression DecisionTreeRegressor RandomForestRegressor GradientBoostingRegres

cvi 0.191642 0.184566 0.136266 0.168
cv2 0.194986 0.187029 0.139693 0.171
cv3 0.192737 0.184839 0.136871 0.169
cv4 0.195329 0.182605 0.138689 0.172
cvs 0.194450 0.186626 0.137420 0.171
4

A LABRIREARMMERES— 1 MoldhI9EE T BIFATIR

5.4.4 {EBYAS

FELFEAINMB T =FERRES AN T:

o RLEGEK https://www.jianshu.com/p/ab89df9759¢8 (https://www.jianshu.com/p/ab89df9759c8)

o RIIEIEZ https://blog.csdn.net/weixin_43172660/article/details/83032029
(https://blog.csdn.net/weixin_43172660/article/details/83032029)

o MMHEMAEAZ hitps://blog.csdn.net/linxid/article/details/81189154
(https://blog.csdn.net/linxid/article/details/81189154)



https://www.jianshu.com/p/ab89df9759c8
https://blog.csdn.net/weixin_43172660/article/details/83032029
https://blog.csdn.net/linxid/article/details/81189154

In [52]:

## LGB HHE A :
objective = [ regression’, ’regression 11°, 'mape’, ’huber’, ’fair’ ]

num leaves = [3,5, 10, 15, 20, 40, 55]
max_depth = [3,5, 10, 15, 20, 40, 55]
bagging fraction = []

feature fraction = []

drop rate = []

5.4.4 -1 ZLiAS

In [53]:

best obj = dict()
for obj in objective:
model = LGBMRegressor (objective=obj)

score = np.mean(cross val score(model, X=train X, y=train y ln, verbose=0, cv = 5, scoring=make
best objlobj] = score

best leaves = dict ()

for leaves in num_leaves:
model = LGBMRegressor (objective=min(best obj.items(), key=lambda x:x[1])[0], num leaves=leaves.
score = np.mean(cross _val score(model, X=train X, y=train y ln, verbose=0, cv = 5, scoring=make
best leaves[leaves] = score

best depth = dict()
for depth in max depth:
model = LGBMRegressor (objective=min(best obj.items(), key=lambda x:x[1]) [0],
num leaves=min(best leaves.items(), key=lambda x:x[1]) [0],
max_depth=depth)
score = np.mean(cross val score(model, X=train X, y=train y ln, verbose=0, cv = 5, scoring=make
best depth[depth] = score



In [54]:

sns. lineplot(x=["0 initial’,’ 1 turning obj’, 2 turning leaves’,’ 3 turning depth ], y=[0.143 , min(be
>
Out[54]:

<matplotlib. axes. subplots.AxesSubplot at 0x1fea93f6080>
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5.4.4 - 2 Grid Search &

In [55]:

from sklearn.model selection import GridSearchCV

In [56]:

parameters = { objective : objective , 'num leaves’ : num leaves, 'max depth’ : max depth}
model = LGBMRegressor ()

clf = GridSearchCV(model, parameters, cv=5)

clf = clf.fit(train X, train y)

In [57]:

clf. best params

Out [57]:

{’max_depth’: 15, 'num leaves’ : 55, ’objective  : ’regression’}

In [58]:

model = LGBMRegressor (objective=" regression’,
num leaves=55,
max_depth=15)



In [59]:

np. mean (cross_val score(model, X=train X, y=train y ln, verbose=0, cv = 5, scoring=make scorer (mean

Out[59]:

0.13626164479243302

5.4.4 - 3 MHHRAS

In [60]:

from bayes opt import BayesianOptimization

In [61]:

def rf cv(num leaves, max depth, subsample, min child samples):
val = cross val score(
LGBMRegressor (objective = 'regression 11’
num leaves=int (num leaves),
max_depth=int (max_depth),
subsample = subsample,
min child samples = int(min child samples)
),
X=train X, y=train y ln, verbose=0, cv = 5, scoring=make scorer (mean absolute error)
). mean ()
return 1 — val

In [62]:

rf bo = BayesianOptimization(
rf cv,
{
"num leaves’ : (2, 100),
"max_depth’: (2, 100),
“subsample’ : (0.1, 1),
"min child samples’ : (2, 100)
}



In [63]:

rf bo.maximize ()

\ iter | target | max depth | min ch... | num le... | subsample |
Il | 0.8649 | 89.57 | 47.3 | 55.13 | 0.1792
|2 | 0.8477 | 99.86 | 60.91 | 15.35 | 0.4716
| 3 | 0.8698 | 81.74 | 83.32 | 92.59 | 0.9559
| 4 | 0.8627 | 90.2 | 8.754 | 43.34 | 0.7772
| 5 | 0.8115 | 10.07 | 86.15 | 4.109 | 0.3416
| 6 | 0.8701 | 99.15 | 9.158 | 99.47 | 0.494
|7 | 0.806 | 2.166 | 2.416 | 97.7 | 0.224
| 8 | 0.8701 | 98.57 | 97.67 | 99.87 | 0.3703
| 9 | 0.8703 | 99.87 | 43.03 | 99.72 | 0.9749
|10 | 0.869 | 10.31 | 99.63 | 99.34 | 0.2517
|11 | 0.8703 | 52.27 | 99.56 | 98.97 | 0.9641
|12 | 0.8669 | 99.89 | 8.846 | 66.49 | 0.1437
| 13 | 0.8702 | 68.13 | 75.28 | 98.71 | 0.153
| 14 | 0.8695 | 84.13 | 86.48 | 91.9 | 0.7949
| 15 | 0.8702 | 98.09 | 59.2 | 99.65 | 0.3275
| 16 | 0.87 | 68.97 | 98.62 | 98.93 | 0.2221
|17 | 0.8702 | 99.85 | 63.74 | 99.63 | 0.4137
| 18 | 0.8703 | 45.87 | 99.05 | 99.89 | 0.3238
|19 | 0.8702 | 79.65 | 46.91 | 98.61 | 0.8999
|20 | 0.8702 | 99.25 | 36.73 | 99.05 | 0.1262
|21 | 0.8702 | 85.51 | 85.34 | 99.77 | 0.8917
|22 | 0.8696 | 99.99 | 38.51 | 89.13 | 0.9884
| 23 | 0.8701 | 63.29 | 97.93 | 99.94 | 0.9585
| 24 | 0.8702 | 93.04 | 71.42 | 99.94 | 0.9646
| 25 | 0.8701 | 99.73 | 16.21 | 99.38 | 0.9778
| 26 | 0.87 | 86.28 | 58.1 | 99.47 | 0.107
|27 | 0.8703 | 47.28 | 99.83 | 99.65 | 0.4674
| 28 | 0.8703 | 68.29 | 99.51 | 99.4 | 0.2757
| 29 | 0.8701 | 76.49 | 73.41 | 99.86 | 0.9394
|30 | 0.8695 | 37.27 | 99.87 | 89.87 | 0.7588
In [64]:

1 = rf bo.max[ target’ ]

Out [64]:

0. 1296693644053145
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In [70]:

plt. figure(figsize=(13,5))
sns. lineplot (x=["0 origin’, 1 log transfer’,”2 L1 & L2",” 3 change model’,’ 4 parameter turning ], y=

Out[70]:

<matplotlib. axes. subplots.AxesSubplot at Oxlfeac73ceb8>
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Task5 E1Ki@Z END.

--- By: /\FUfEIR

BRI Z I, 2R HIRTOPA IR
YEEBINLER 2% 221 https://zhuanlan. zhihu. com/mlbasic

XFDatawhale:

Datawhale 2— MNEFTFEUERIZSAISISNTFRAR, CET RZSMHRANRA T WAL
FIE, RETHEHEEEINIRESEINERRR. Datawhale LL*for the learner, 13
EF—ENKARES, SNEDEENEHK. ARes. BEEE. BFHAEfIETES. Fi
Datawhale FBFFRAVIESERRZFRENE. FEZIFFRAR, WAL IETR, BAOATRK
K, BiaRASA, ASHR, ASTHEUFIASHKKHIERL,

RREBIEZRERES, TEARBERESE, FiEaXiEDatawhale:






Datawhale SEHEAIJEHREIZHRE-Task5 {5BIGLS

h. REHS

Tip:LEER D ATERNI JEURIZIER) Tasks 1REIRE &8, WRRTHBSMREERIBSTII, EHEBUE
RIZiFRITop, MPARGLES 3L,

HE: BEMANIEEEZEE - —FEZBMET

ek https://tianchi.aliyun.com/competition/entrance/231784/introduction?
spm=5176.12281957.1004.1.38b02448ausjSX
(https://tianchi.aliyun.com/competition/entrance/231784/introduction?
spm=5176.12281957.1004.1.38b02448ausjSX)

5.1 {58 & BiR
o WFZHESTAMREIHHTIRERS,
o X TFESMERINELS, RS ERHIT R,

5.2 AEA
BARA BRI EBONT, AMSREITIRESR,

1. EEIMNELE:
o EF (HEMER) : EAFYELS (Arithmetic mean) , JUAEIEEES (Geometric mean) ;
o P RE (Voting)
. Z8: HEFRIA(Rank averaging), logild

2. stacking/blending:
- MRZEER, FRRTUERBIETTN.

4. boosting/bagging (fExgboost, Adaboost,GBDTHFELFE) :
o ZSRNEATTIE

5.3 StackingtBXIBiC /M8

1) fH4 & stacking

IR stacking LRSI IEGEIEEIHETIEZIRG, BRI FEIBOTTNERIE/F#EI)I%R
& REIFRIFEIEE.


https://tianchi.aliyun.com/competition/entrance/231784/introduction?spm=5176.12281957.1004.1.38b02448ausjSX

Concept Diagram of Stacking

training data

> | classifier output value

output value

training data output value
= | classifier } classifier | =t
output value
training data
= | classifier
Level O Level 1

B MRFEIRESE—RNRMRERNSZMMESRIE. MTORAE, RITLUERRELREFENERS
RIS, XTFERIFEE, BfITLUGS RamHrERKTIIE.

AR E A I LSRRGSR, BB —MESRIERFERB I —MISEIEEREMAES
FIRNERESHEE, XNNAAFEStacking,

fEstackingZ5iEs, FANEMRZESISBUBIIRFIeE, ATFESHFEIBUMRRFIESITFEIES (meta-
learner) , JRFZFIBERTIIGHIEIRIUBIRIIIGE, RE)IERERE)%GE _ERTIRFS2REEI.

2) W{Ti#1T stacking
BErEET:

A WEE D = {(z1,1), (®2,92), - -+, (Tmy Um) )5
Hjﬁ)?f]ﬁ& El! 221 e ?‘L’T1
WG Wik L.
UR
fur t=1,2,...,T do
Ett }
end for
D =
fori=1,2...,mdo
fort=1,2,...,Tdo
zie = he(xi);
end for
D = DU ((2ir, Zigs o+ 4 2iT) s Ui
10: end for
11: ' = £(D’);
With: H(z) = b'(hi(z), ha(z),. .., he(z))

00 3 ool L0

o

B 8.9 Stacking ¥
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o 1213 BilIGHRMEFESIRE, BREDRFIER.
. sz5 R (ERIIIZR SRR MAE I RIGTUNER, XN TSR IBMREZ I 201455,
T2 11 2R FEISBTTURISTR) ISR K F =R, BRIFAIRE)IZRA0EE,

3) Stackingf75i%iRiR
B, BAEN—TRIPALERBER BIERIStacking i KIS,

Stackingt®BIAR[E 22— ERVEN, XEFSEREN, ROt —%KStacking fRigFl1H2 128 Model1_1,
Model1_2 F] —/MRRiEEIModel2
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5.4 SE8 45

5.4.1 @I\ KBE-RES
1) HEIMRELY, SRESUS

In [1]:

w Al LT IERIHE, test prei CE T NI TN E
test prel = [1.2, 3.2, 2.1, 6.2]
test pre2 = [0.9, 3.1, 2.0, 5.9]
test pred [1.1, 2.9, 2.2, 6.0]

# y test true {CHEEHRINIE LN
y test true = [1, 3, 2, 6]

In [2]:

import numpy as np
import pandas as pd

By X GRAT IR - R 2

def Weighted method(test prel, test pre2, test pre3,w=[1/3,1/3,1/3]):
Weighted result = w[0]#*pd. Series(test prel)+w[1]#*pd. Series(test pre2)+w[2]#*pd. Series(test pre3)
return Weighted result

In [3]:

from sklearn import metrics

# SRR TS R i FMAE

print ( Predl MAE:’, metrics. mean absolute error(y test true, test prel))
print ( Pred2 MAE:’, metrics.mean absolute error(y test true, test pre2))
print ( Pred3 MAE:’, metrics. mean absolute error(y test true, test pre3))

Predl MAE: 0.175
Pred2 MAE: 0.075
Pred3 MAE: 0.1
In [4]:

wy RN i ZMAE

w=1[0.3,0.4,0.3] # &XHLERE

Weighted pre = Weighted method(test prel, test pre2, test pre3,w)
print ( Weighted pre MAE:’, metrics.mean absolute error(y test true, Weighted pre))

Weighted pre MAE: 0.0575

AR ERES T ZRIRNERERRTRY, XA FRE A BRATIIFE,

BE—LEAFRAAZE, tbiimeansty, medianiiy



In [5]:

w4 B X GG RATIIR 5 4

def Mean method(test prel, test pre2, test pre3):
Mean result = pd. concat ([pd. Series(test prel), pd. Series(test pre2), pd.Series(test pre3)], axis=1,
return Mean result

In [6]:

Mean pre = Mean method(test prel, test pre2, test pred)
print ( Mean pre MAE:’, metrics.mean absolute error(y test true, Mean pre))

Mean pre MAE: 0. 0666666666667

In [7]:

## B RGN FI 5 4

def Median method(test prel, test pre2, test pre3d):
Median result = pd. concat ([pd. Series(test prel), pd. Series (test pre2), pd. Series(test pre3)], axis:
return Median result

In [8]:

Median pre = Median method(test prel, test pre2, test pre3)
print ( Median pre MAE: ,metrics.mean absolute error(y test true, Median pre))

Median pre MAE: 0.075

2) StackingRi&(E]3):

In [9]:

from sklearn import linear model

def Stacking method(train regl, train reg2, train reg3,y train true, test prel, test pre2, test pre3, mod
model L2.fit (pd.concat ([pd.Series(train regl), pd.Series(train reg2), pd. Series(train reg3)], axis=
Stacking result = model L2.predict(pd. concat([pd.Series(test prel), pd. Series(test pre2), pd. Serie
return Stacking result

In [10]:

#h AL LET IR LA, test prei (U MR HITTN(E
train regl = [3.2, 8.2, 9.1, 5.2]

train reg2 = [2.9, 8.1, 9.0, 4.9]

train reg3 [3.1, 7.9, 9.2, 5.0]

# y test true {CHKFINIE I

y train true = [3, 8, 9, 5]

test prel = [1.2, 3.2, 2.1, 2]
test pre2 = [0.9, 3.1, 2.0, 5.9]
test pred = [1.1, 2.9, 2.2, 0]

# y test true {CHEBRIIIESLAT
y test true = [1, 3, 2, 6]



In [11]:

model L2= linear model.LinearRegression /()
Stacking pre = Stacking method(train regl, train reg2, train reg3,y train true,
test prel, test pre2, test pre3, model L2)

print ( Stacking pre MAE:’, metrics.mean absolute error(y test true, Stacking pre))

Stacking pre MAE: 0.0421348314607

_JLJEI)U1‘E§£%%$EXT$ZHUEL—,VE’meﬂ' ‘*E%ﬂ] S EIRN—RE, WTFEEStackingfERIAHi%
BRSTER, XERSHIE , NMEESEMREE EAABEIAEHRIFATIR.

RS

5.4.2 PRIREIRSG:
WFH%, FAROTLERERATIE, LIRS, Stacking...

In [12]:

from sklearn. datasets import make blobs

from sklearn import datasets

from sklearn. tree import DecisionTreeClassifier
import numpy as np

from sklearn. ensemble import RandomForestClassifier
from sklearn. ensemble import VotingClassifier

from xghoost import XGBClassifier

from sklearn. linear model import LogisticRegression
from sklearn.svm import SVC

from sklearn.model selection import train_ test split
from sklearn. datasets import make moons

from sklearn.metrics import accuracy score, roc_auc_score
from sklearn.model selection import cross val score
from sklearn.model selection import StratifiedKFold

1) Voting# R :
VotingBIRENE], DAIREMERREMN, HRERADEIRMZERIBAE,



In [16]:

’

MR WE AR ERHTHRE, AXERGORIMN BEE, HSABSREmE RSN B AT e,

iris = datasets. load iris()
x=iris. data

y=iris. target
Xx_train, x_test,y train,y test=train test split(x,y, test size=0.3)

clfl = XGBClassifier (learning rate=0.1, n estimators=150, max depth=3, min child weight=2, subsampl
colsample bytree=0.6, objective= binary:logistic’)
c1f2 = RandomForestClassifier(n estimators=50, max depth=1, min samples split=4,
min samples leaf=63, oob score=True)
clf3 = SVC(C=0. 1)
7R

eclf = VotingClassifier(estimators=[( xgb’, clfl), Crf’, clf2), (svc, clf3)], voting= hard )
for clf, label in zip([clfl, clf2, clf3, eclf], [ XGBBoosting', ’Random Forest’, ~SVM', ’Ensemble’ ]

scores = cross val score(clf, x, y, cv=b, scoring= accuracy )
print ("Accuracy: %0.2f (+/— %0.2f) [%s]” % (scores.mean(), scores.std(), label))

Accuracy: 0.97 (+/- 0.02) [XGBBoosting]
Accuracy: 0.33 (+/- 0.00) [Random Forest]
Accuracy: 0.95 (+/- 0.03) [SVM]

Accuracy: 0.94 (+/- 0.04) [Ensemble]

In [17]:

’

BOREE: FRE SRR EAR A, BEn TR B ERIThEE, "TNSR O AN R, 3 X AR T AN (] )
x=iris. data

y=iris. target

X_train, x test,y train,y test=train test split(x,y, test size=0.3)

clfl = XGBClassifier (learning rate=0.1, n estimators=150, max depth=3, min child weight=2, subsampl
colsample bytree=0.8, objective= binary:logistic’)
clf2 = RandomForestClassifier(n estimators=50, max depth=1, min samples split=4,
min samples leaf=63, oob score=True)
cl1f3 = SVC(C=0.1, probability=True)

7 R
eclf = VotingClassifier(estimators=[( xgb’, clfl), Crf’, clf2), (svc, clf3)], voting= soft’, wei
clfl. fit(x train, y train)

for clf, label in zip([clfl, clf2, clf3, eclf], [ XGBBoosting’, ’Random Forest’, ~SVM', ’Ensemble’ ]

scores = cross val score(clf, x, y, cv=b, scoring= accuracy )
print ("Accuracy: %0.2f (+/- %0.2f) [%s]” % (scores.mean(), scores.std(), label))

Accuracy: 0.96 (+/- 0.02) [XGBBoosting]
Accuracy: 0.33 (+/- 0.00) [Random Forest]

Accuracy: 0.95 (+/- 0.03) [SVM]
Accuracy: 0.96 (+/- 0.02) [Ensemble]

2) $%pYStacking\BlendingfliS :

stackinaB—fh EFERYEERVHELR.



e — Lt et e ~——— i~ e ——1 —

LIRERG, F—ERZMEFIREM, EMANRRIGE, SENERENERUSE—ER
FI=AEEEIGERITEIIGR, NMERITcERstackingtEY, stackingfiERELENEA T
SERAVIGEUE.



In [18]:

’

5-Fold Stacking

from sklearn. ensemble import RandomForestClassifier

from sklearn. ensemble import ExtraTreesClassifier, GradientBoostingClassifier
import pandas as pd

HOYEE V25 1) £ 55

data 0 = iris.data

data = data 0[:100, :]

target 0 = iris. target
target = target 0[:100]

e TR b B e o A

clfs = [LogisticRegression(solver="1bfgs’),
RandomForestClassifier (n estimators=5, n jobs=-1, criterion= gini’),
ExtraTreesClassifier(n estimators=5, n jobs=-1, criterion= gini’),
ExtraTreesClassifier (n estimators=5, n_ jobs=—1, criterion= entropy ),
GradientBoostingClassifier (learning rate=0.05, subsample=0.5, max depth=6, n estimators=5) ]

#U) 53— E A i 5
X, X predict, y, vy predict = train test split(data, target, test size=0.3, random state=2020)

dataset blend train = np. zeros ((X. shape[0], len(clfs)))
dataset blend test = np. zeros((X predict. shape[0], len(clfs)))

#hfirstacking

n_splits = 5

skf = StratifiedKFold(n splits)
skf = skf.split(X, y)

for j, clf in enumerate(clfs):

BRI 24 5 T A P2

dataset blend test j = np. zeros((X predict. shape[0], 5))

for i, (train, test) in enumerate (skf):
#5-Foldi X ill4k, & G117 TEX70M, T mHI 5577 KA, 77 T3 9 551 5577 1
X train, y train, X test, y test = X[train], y[train], X[test], yl[test]
clf. fit (X train, y train)
y_submission = clf.predict proba(X test)[:, 1]
dataset blend train[test, j] = y submission
dataset blend test j[:, i] = clf.predict proba(X predict)[:, 1]

2O TIILE, BB kAT 1 T (2 8 T 2 57 T HF 1

dataset blend test[:, j] = dataset blend test j.mean(l)

print ("val auc Score: %f” % roc auc score(y predict, dataset blend testl:, jl))

clf = LogisticRegression(solver="1bfgs’)
clf. fit(dataset blend train, y)
y submission = clf.predict proba(dataset blend test)[:, 1]

print ("Val auc Score of Stacking: %f” % (roc auc score(y predict, y submission)))

val auc Score: 1.000000
val auc Score: 0.500000
val auc Score: 0.500000
val auc Score: 0.500000
val auc Score: 0.500000
Val auc Score of Stacking: 1.000000



Blending, HESLANStacking2—FSAYZ EEERERIT

HI 2R EERIBAIGRET D RIERD, FLAN70%RIEIRIEAFHD)IZREE, FIT30%AIEEE
fE/MhzER.

EFE—E, B1MEX70%8980E b)ll&2MER, SARETNER30%EEAIabel, [EAT TN
test&EMlabel,

TEHETR, FMERAEXI0%METR—EIUNAISREFIHERER) %5, AaFtestEss
—ETTRIIabeFE, PSR —EIISRaURE St —LS T
HitmET:

« 1.Ltstacking@ (EARBEITRIVIE X IITE KIS stacker feature)
o 2BFT—MESEMEERE: generlizersfistacker{E T A—HEAIEIESE

HeET:

o 1.ERTRINEIE (BE2HERRYblender RfEEMAtraining set10%HIE)
« 2.blenderaf SIS
« 3.stackingfFEAZRAI EGUFS TR



In [19]:

LIRS

Blending

’

HOVE V25 1T 2 55
HEVEE NG I 2 H 5
data 0 = iris.data
data = data 0[:100, :]

target 0 = iris. target
target = target 0[:100]

#I A S B9 51 2

clfs = [LogisticRegression(solver="1bfgs’),
RandomForestClassifier (n_estimators=5, n jobs=-1, criterion="gini’),
RandomForestClassifier (n estimators=5, n jobs=-1, criterion=" entropy ),
ExtraTreesClassifier(n estimators=5, n jobs=-1, criterion= gini’),
#ExtralreesClassifier(n estimators=5, n jobs=—1, criterion="entropy’),
GradientBoostingClassifier (learning rate=0.05, subsample=0.5, max depth=6, n estimators=5) ]

#L) 7 —E  E T i
X, X predict, y, vy predict = train test split(data, target, test size=0.3, random state=2020)

EL) 4 HEEE Ky d ], A2 77

X dl, X d2, y dl, y d2 = train test split(X, y, test size=0.5, random state=2020)
dataset dl = np. zeros ((X d2. shape[0], len(clfs)))

dataset d2 = np. zeros ((X predict. shape[0], len(clfs)))

for j, clf in enumerate(clfs):
BIR K V55T
clf. fit (X d1, y d1)
y submission = clf.predict proba(X d2)[:, 1]
dataset d1[:, j] = y submission
2O T ISE,  E RS kA2 1 T e 2 %7 HTFF T
dataset d2[:, j] = clf.predict proba(X predict)[:, 1]
print ("val auc Score: %f” % roc auc score(y predict, dataset d2[:, jl))

i (8 I 2

clf = GradientBoostingClassifier (learning rate=0.02, subsample=0.5, max depth=6, n_estimators=30)
clf. fit(dataset d1, y d2)

y submission = clf.predict proba(dataset d2)[:, 1]

print ("Val auc Score of Blending: %f” % (roc auc score(y predict, y submission)))

val auc Score: 1.000000
val auc Score: 1.000000
val auc Score: 1.000000
val auc Score: 1.000000
val auc Score: 1.000000
Val auc Score of Blending: 1.000000

SE{8%: https://blog.csdn.net/Noob_daniel/article/details/76087829
(https://blog.csdn.net/Noob_daniel/article/details/76087829)

3) oEAYStackingFl & (FIAmIxtend):


https://blog.csdn.net/Noob_daniel/article/details/76087829

In [ ]:

!pip install mlxtend

import warnings

warnings. filterwarnings (" ignore’)
import itertools

import numpy as np

import seaborn as sns

import matplotlib. pyplot as plt
import matplotlib. gridspec as gridspec

from sklearn import datasets

from sklearn. linear model import LogisticRegression
from sklearn.neighbors import KNeighborsClassifier
from sklearn.naive bayes import GaussianNB

from sklearn. ensemble import RandomForestClassifier
from mlxtend. classifier import StackingClassifier

from sklearn.model selection import cross val score
from mlxtend. plotting import plot learning curves
from mlxtend. plotting import plot decision regions

# Llpython F it Z/E 1 K559 P

iris = datasets. load iris()
X, v = iris.datal:, 1:3], iris.target

clfl = KNeighborsClassifier(n neighbors=1)

clf2 = RandomForestClassifier (random state=1)

clf3 = GaussianNB()

lr = LogisticRegression()

sclf = StackingClassifier(classifiers=[clfl, clf2, clf3]
meta classifier=1r)

label = ["KNN’, ’Random Forest’, 'Naive Bayes’, ’Stacking Classifier’ ]
clf list = [clfl, clf2, clf3, sclf]

fig = plt. figure (figsize=(10,8))
gs = gridspec. GridSpec (2, 2)
grid = itertools. product ([0, 1], repeat=2)

clf cv mean = []
clf cv std = []
for clf, label, grd in zip(clf list, label, grid):

scores = cross val score(clf, X, y, cv=3, scoring= accuracy )

print ("Accuracy: %. 2f (+/= %. 2f) [%s]” % (scores.mean(), scores.std(), label))
clf cv mean. append (scores. mean())

clf cv_std. append(scores. std())

clf. fit(X, y)

ax = plt. subplot(gs[grd[0], grd[1]])

fig = plot decision regions (X=X, y=y, clf=clf)
plt. title (label)

plt. show()

LRI 2458 A 'KNN', 'Random Forest', 'Naive Bayes' AFEIXEM_E RFETIIN—N
'LogisticRegression', #RESMIXIERBEERIFHIEH .



5.4.3 —LtHEHE:

Egﬁﬂﬁiﬁ*ﬁﬁ!ﬁhiﬁiﬂﬂ, FISTNERFIRFHEAFRMHEMN FRISAFBEIRBEFNEGR (Stacking3E

(AJLARETUSRIGERINANRREHHEF)

In [22]:

def Ensemble add feature(train, test, target, clfs):

#n flods = &5
# skt = list(StratifiedkFold(y, n folds=n flods))

train_ = np. zeros ((train. shape[0], len(cl1fs*2)))
test = np. zeros ((test. shape[0], len(clfs*2)))

for j,clf in enumerate(clfs):
VAR R A AR
# print(j, clf)
VAT LA T, S 28 RN AR, SRS FL I B A N R 28 o KT RE . T
# X train, y train, X test, y test = X[train/, yl[train/, X[test], y/[test]

clf. fit (train, target)
y train = clf.predict(train)
y test = clf.predict(test)

#2 FIIFIEAL %

train [:, j%2] = y traink*2

test [:, j*2] = vy test®*2

train [:, j+1] = np.exp(y train)

test [:, j+1] = np.exp(y _test)

# print ("val auc Score: %t % r2 score(y predict, dataset d2/:, j]))
print ( Method ’, j)

train = pd.DataFrame (train )
test = pd.DataFrame (test )
return train , test



In [23]:

from sklearn.model selection import cross val score, train test split
from sklearn. linear model import LogisticRegression
clf = LogisticRegression()

data 0 = iris. data
data = data 0[:100, :]

target 0 = iris. target
target = target 0[:100]

X train, x test,y train,y test=train test split(data, target, test size=0.3)
X _train = pd.DataFrame (x train) : x test = pd.DataFrame(x test)

e TR b B e S A
clfs = [LogisticRegression(),
RandomForestClassifier (n estimators=5, n jobs=-1, criterion= gini’),
ExtraTreesClassifier(n estimators=5, n jobs=-1, criterion= gini’),
ExtraTreesClassifier(n estimators=5, n_ jobs=—1, criterion= entropy ),
GradientBoostingClassifier (learning rate=0.05, subsample=0.5, max depth=6, n estimators=5) ]

New train, New test = Ensemble add feature(x train,x test,y train, clfs)

clf = LogisticRegression()

# clf = GradientBoostingClassifier (learning rate=0. 02, subsample=0.5, max depth=6, n estimators=30)
clf. fit (New train, y train)

y emb = clf.predict proba(New test)[:, 1]

print ("Val auc Score of stacking: %f” % (roc auc score(y test, y emb)))

Method 0
Method 1
Method 2
Method 3
Method 4

Val auc Score of stacking: 1.000000

5.4.4 BFRTH)



In [25]:

import pandas as pd

import numpy

as np

import warnings

import matplotlib

import matplotlib. pyplot as plt
import seaborn as sns

warnings. filterwarnings (" ignore’)
%matplotlib inline

import itertools
import matplotlib. gridspec as gridspec

from sklearn
from sklearn.
from sklearn.
from sklearn.
from sklearn.

import datasets

linear model import LogisticRegression
neighbors import KNeighborsClassifier
naive bayes import GaussianNB

ensemble import RandomForestClassifier

# from mlxtend classifier import StackingClassifier

from sklearn.

model selection import cross val score, train test split

# from mlxtend. plotting Import plot learning curves
# from mlxtend. plotting import plot decision regions

from sklearn.
from sklearn.

from sklearn
from sklearn
from sklearn.
from sklearn

model selection import StratifiedKFold
model selection import train test split

import linear model

import preprocessing

svm import SVR

decomposition import PCA, FastICA, FactorAnalysis, SparsePCA

import lightgbm as lgb
import xgboost as xgb

from sklearn.
from sklearn.

from sklearn.

In [30]:

#2 AR
Train_data =
TestA data

model selection import GridSearchCV, cross val score
ensemble import RandomForestRegressor, GradientBoostingRegressor

metrics import mean squared error, mean absolute error

pd. read csv(’ datalab/231784/used car train 20200313.csv’, sep=
pd. read csv(’ datalab/231784/used car testA 20200313.csv’, sep=

print (Train data. shape)
print (TestA data. shape)

(150000, 31)
(50000, 30)

)
")



In [31]:

Train data. head()
Out[31]:

SalelD name regDate model brand bodyType fuelType gearbox power kilometer

0 0 736 20040402 30.0 6 1.0 0.0 0.0 60 12.5
1 1 2262 20030301 40.0 1 2.0 0.0 0.0 0 15.0
2 2 14874 20040403 115.0 15 1.0 0.0 0.0 163 12.5
3 3 71865 19960908 109.0 10 0.0 0.0 1.0 193 15.0
4 4 111080 20120103 110.0 5 1.0 0.0 0.0 68 5.0

5 rows x 31 columns

In [32]:

numerical cols = Train data. select dtypes(exclude = ’object’).columns
print (numerical cols)

Index ([’ SaleID’, ’name’, ’regDate’, 'model’, ’brand’, ’bodyType’, ’fuelType’,
“gearbox’, 'power’, 'kilometer’, ’regionCode’, ’seller’, ’offerType’,
“creatDate’, ’price’, ‘v 0, 'v1, 'v2,’v3, 'v4, v5, 'veE,
v, v8, vy, 'v10, ‘v 11, ‘v 12, ‘v 13, ‘v 14 ],

dtype="object’)

In [33]:

feature cols = [col for col in numerical cols if col not in [ SalelD’, name’,’ regDate’,’ price’]]

In [34]:

X data = Train data[feature cols]
Y data = Train datal price’ ]

X test = TestA data[feature cols]

print ( X train shape:’, X data. shape)
print C X test shape:’, X test. shape)

X train shape: (150000, 26)
X test shape: (50000, 26)



In [35]:

def Sta inf(data):
printC min’, np. min(data))
print C max:’, np. max(data))
print C mean’, np. mean(data))
printC ptp’, np. ptp(data))
print (' std’, np. std(data))
print( var’,np. var(data))

In [36]:

print ( Sta of label:’)
Sta inf (Y data)

Sta of label:

~min 11

~max: 99999

~mean 5923. 32733333
_ptp 99988

_std 7501. 97346988
_var 56279605. 9427

In [37]:

X data = X data.fillna(-1)
X test = X test.fillna(-1)



In [43]:

def build model 1r(x train,y train):
reg model = linear model.LinearRegression ()
reg model. fit(x train,y train)
return reg model

def build model ridge(x train,y train):
reg model = linear model.Ridge (alpha=0.8) #a/phas=range (1, 100, 5)
reg model. fit(x train,y train)
return reg model

def build model lasso(x train,y train):
reg model = linear model. LassoCV ()
reg model. fit(x train,y train)
return reg model

def build model gbhdt(x train,y train):
estimator =GradientBoostingRegressor (loss="1s’, subsample= 0. 85, max depth= 5,n estimators = 100)
param grid = {
“learning rate’ : [0.05,0.08,0.1,0.2],
1
gbdt = GridSearchCV (estimator, param grid, cv=3)
ghdt. fit(x train,y train)
print (ghdt. best params )
# print (gbdt. best estimator )
return ghdt

def build model xgb(x train,y train):
model = xgb. XGBRegressor (n estimators=120, learning rate=0.08, gamma=0, subsample=0.8, \
colsample bytree=0.9, max depth=b) # objective = reg:squarederror’
model. fit (x train, y train)
return model

def build model lgb(x train,y train):
estimator = lgb. LGBMRegressor (num leaves=63,n estimators = 100)
param grid = {
*learning rate’ : [0.01, 0.05, 0.1],
}
gbm = GridSearchCV(estimator, param grid)
gbm. fit (x_train, y train)
return gbm

2) XGBoostiFr3z X [a])FIEIFECIR



In [41]:

77 xgb

xgr = xgb. XGBRegressor (n_estimators=120, learning rate=0.1, subsample=0.8,\
colsample bytree=0.9, max depth=7) #, objective = reg:squarederror’

scores train = []
scores = []

## SHr K X Ik 7y
sk=StratifiedKFold (n splits=5, shuffle=True, random state=0)
for train ind,val ind in sk.split(X data, Y data):

train x=X data. iloc[train ind]. values
train y=Y data.iloc[train ind]

val x=X data.iloc[val ind].values

val y=Y data.iloc[val ind]

xgr. fit (train x, train y)
pred train xgh=xgr.predict (train x)
pred xgb=xgr. predict(val x)

score train = mean absolute error(train y, pred train xgh)
scores_train. append (score train)

score = mean absolute error(val vy, pred xgb)
scores. append (score)

print C Train mae:’, np. mean(score train))
print ( Val mae’, np. mean (scores))

Train mae: 558. 212360169
Val mae 693. 120168439

3) XISEIEE, HBSHAE RIS



In [42]:

727 Split data with val
Xx_train, x val,y train,y val = train test split(X data,Y data, test size=0.3)

#% Train and Predict

print C Predict LR...”)

model 1r = build model 1lr(x train,y train)
val 1r = model Ir.predict(x val)

subA _1r = model Ir.predict (X test)

print ( Predict Ridge...’)

model ridge = build model ridge(x train,y train)
val ridge = model ridge.predict(x val)

subA ridge = model ridge.predict (X test)

print ( Predict Lasso...’)

model lasso = build model lasso(x train,y train)
val lasso = model lasso.predict(x val)

subA lasso = model lasso. predict (X test)

print C Predict GBDT...)

model ghdt = build model gbdt(x train,y train)
val gbdt = model gbdt. predict(x val)

subA gbdt = model ghdt. predict (X test)

Predict LR..

Predict Ridge..

Predict Lasso..

Predict GBDT...

{’ learning rate’: 0.1, 'n estimators’ : 80}

—RRIEEPHRREARENRHI A

In [44]:

print ( predict XGB...’)

model xgb = build model xgb(x train,y train)
val xgb = model xgb.predict(x val)

subA xgb = model xgb. predict (X test)

print C predict lgb...”)

model lgb = build model lgb(x train,y train)
val 1lgb = model lgb.predict(x val)

subA lgh = model Igh.predict (X test)

predict XGB...
predict 1lgb...



In [45]:

print ( Sta inf of lgb:’)
Sta_inf (subA 1gb)

Sta inf of lgb:
~min —126. 864734992
~max: 90152. 4775557
“mean 5917. 96632163
~ptp 90279. 3422907
~std 7358. 88582391
~var 54153200. 5693

1) MRS
In [46]:

def Weighted method(test prel, test pre2, test pre3,w=[1/3,1/3,1/3]):
Weighted result = w[0]#pd. Series(test prel)+w[1]#*pd. Series(test pre2)+w[2]#*pd. Series(test pre3)
return Weighted result

## Init the Weight
w = [0.3,0.4,0.3]

#a T i GE

val pre = Weighted method(val lgb,val xgh,val gbdt,w)
MAE Weighted = mean absolute error(y val, val pre)
print C MAE of Weighted of val:’,MAE Weighted)

w4 A 75

subA = Weighted method(subA lgb, subA xgb, subA gbdt, w)
print C Sta inf:’)

Sta_inf (subA)

## A FEE X

sub = pd. DataFrame ()

sub[’SalelD’] = X test. index

sub[ price’] = subA

sub. to csv (. /sub Weighted. csv’, index=False)

MAE of Weighted of val: 730. 877443666
Sta inf:

~min —2816. 93914153

“max: 88576. 7842223

~mean 5920. 38233546

_ptp 91393. 7233639

_std 7325. 20946801

~var 53658693. 7502

In [47]:

#t GETHEIILR (LB PETX

val 1r pred = model lr.predict(x val)

MAE 1r = mean absolute error(y val,val lr pred)
print C MAE of Ir:’,MAE 1r)

MAE of lr: 2597. 45638384

2) StarkinaEhe



=y ST AT NI T

In [48]:

## Starking

#e HE

train lgb pred = model lgb.predict(x train)
train xgb pred = model xgb.predict(x train)
train gbdt pred = model gbdt.predict(x train)

Strak X train = pd. DataFrame ()

Strak X train[ Method 1’] = train lgb pred
Strak X train[ Method 2’ ] = train xgb pred
Strak X train[ Method 3] = train gbdt pred

Strak X val = pd.DataFrame ()

Strak X val[ Method 1’] = val 1Igb
Strak X val[ Method 2°] = val xgb
Strak X val[ Method 3] = val ghdt

Strak X test = pd.DataFrame ()
Strak X test[ Method 1] = subA lgb

Strak X test[ Method 2" ] = subA xgb
Strak X test[ Method 3’ ] = subA gbdt
In [49]:
Strak X test.head()
Out[49]:
Method_1 Method_2 Method_3

0 39682.037093 41029.078125 40552.596813
1 239.498371 266.032654 393.909761
2 6915.162439 7345.680664 7623.552178
3 11861.783785 11721.493164 11463.293245
4

583.773267 513.307983 520.665295



In [50]:

7% levelZ2-method

model 1r Stacking = build model lr(Strak X train,y train)

w7 LE

train pre Stacking = model Ir Stacking. predict(Strak X train)

print C MAE of Stacking—LR:’, mean absolute error(y train, train pre Stacking))

## Gl sE
val pre Stacking = model lr Stacking.predict(Strak X val)
print ( MAE of Stacking-LR:’,mean absolute error(y val,val pre Stacking))

w2 TEE
print C Predict Stacking—LR...")
subA Stacking = model lr Stacking. predict(Strak X test)

MAE of Stacking—-LR: 628.399441036
MAE of Stacking-LR: 707.673951794
Predict Stacking-LR..

In [55]:

subA Stacking[subA Stacking<10]=10 ## ELL1LDETHE

sub = pd. DataFrame ()

sub[’SalelD’] = X test. index

sub[ price’] = subA Stacking

sub. to csv (. /sub Stacking.csv’, index=False)

In [56]:

print ( Sta inf:’)
Sta_inf (subA Stacking)

Sta inf:

~min 10.0

“max: 90849. 3729816
~mean 5917. 39429976
_ptp 90839. 3729816

~std 7396. 09766172

~var 54702260. 6217

3.4 2—%— ‘_‘L:E\QE
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Task 5-#&5BIRHE END.
--- By: ML67
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github: https://github. com/mlw67 < fi— Lt £E4E S AACAL (KL 7))
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