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DATASET INTRODUCTIONby kaggle
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VARIABLES SUMMARY at Train.csv
Feature Description Type
. the property's sale price in dollars
SalePrice (target variable that you're trying to predict)
LotFrontage Linear feet of street connected to property
LotArea Lot size in square feet
continuou
S
1stFIrSF First Floor square feet
2ndFIrSF Second floor square feet
LowQualFinSF Low quality finished square feet (all floors)
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VARIABLES SUMMARY at Train.csv
Feature Description Type
MSSubClass The building class
MSZoning The general zoning classification
Street Type of road access
category
YrSold Year Sold
SaleType Type of sale
SaleCondition Condition of sale
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DATA PREPROCESSING:step 1
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o Step 1 RHER (FE14605) | (3£145%E5)
ep Alley 1369 1352
g R g FireplaceQu 690 730
Lol PoolQC 1453 1456
Fence 1179 1169
MiscFeature 1406 1408
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DATA PREPROCESSINGtep 2

o Step 2
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Step 2 tHEAMELEER
0000000
ep JH X 0000000
SalePrice

GrlLivArea 0.708624 OpenPorchSF 0.315856

GarageArea 0.623431 HalfBath 0.284108

TotalBsmtSF 0.613581 LotArea 0.263843

1stFIrSF 0.605852 BsmtFullBath 0.227122

FullBath 0.560664 BsmtUnfSF 0.214479

o =28 /\ TotRmsAbvGrd 0.533723 BedroomAbvGr 0.168213
;FE E'j 7 7|‘ﬁ' YearBuilt 0.522897 ScreenPorch 0.111447

44 - SEAEF YearRemodAdd 0.507101 PoolArea 0.092404

S Tj;% EQL T;Z; - t GarageYrBlt | 0.486362 3SsnPorch 0.044584

== F RERRES MasVnrArea 0.477493 BsmtFinSF2 -0.01138

By python pandas Fireplaces 0.466929 BsmtHalfBath -0.01684
BsmtFinSF1 0.38642 MiscVal -0.02119

LotFrontage 0.351799 LowQualFinSF -0.02561

WoodDeckSF 0.324413 EnclosedPorch -0.12858

2ndFIrSF 0.319334 KitchenAbvGr -0.13591
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Step 2 tHEAMHELEER
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t value |Siginificant
FunctionalMaj2 -2.237 *
LotConfigFR2 -3.067 >
NeighborhoodEdwards | -2.815 *
BsmtExposureNo -2.676 *
o THER
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By R regression
GarageCondPo 2.729 >
GarageCondTA 2.736 *
NeighborhoodNoRidge| 5.955 b
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DATA PREPROCESSING:step 3 smzusmmmait 2225203
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Step 3 #HRIEEEHRE(L 1585858
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Step 3 ¥ERIB SRR

OO0O0OO0O0O0O0
0000000
(ONeNONeNONONG)

500000
400000
300000
200000
100000

OverallQual

-

~

w

-~

v

o

~

co I

© I
SalePrice

5 B E E B B

5 & 0 o un &
L

[NE L B

¢ ¢ DN

&100 SOOEEEENS ¢
e —
L]
* I

LN}

EM ANt T mE S8R SalePrice Btk

A N O O O

4dd4d 441 qaada

4444404
ih 2 S E 4R A5 SalePrice B

BsmtQual ssle
350000 130 *
300000
125
250000 ¥ o .
200000 g 120 ] .
E .
150000 ns '
100000
1.0
50000 I .
0 105 . 1
Ex Fa Gd NA TA Ex Fa Gd NoBSMT s




DATA PREPROCESSING:step 4 sazuanmen 2225203

## Standardizing numeric features
numeric_features = features.loc[:,['LotFrontage', 'LotArea’, 'GrLivArea', 'Totalsr’,

‘TotalBsmtSF', ‘1stFlrSF*, '2ndF1rSF', 'GarageArea’]]
numeric_features_standardized = (numeric_features - numeric_features.mean())/numeric_features.std()

# MasvnrType NA in all. filling with most popular values
features['MasvnrType'] = features['MasvnrType'].fillna(features[ 'MasvnrType'].mode()[@])

# BsmtQual, BsmtCond, BsmtExposure, BsmtFinTypel, BsmtFinType2

# NA in all. NA means No basement

for col in ('BsmtQual’, 'BsmtcCond', 'BsmtExposure’, ‘'BsmtFinTypel', 'BsmtFinType2'):
features[col] = features[col].fillna('NoBSMT")

# TotalBsmtSF NA in pred. I suppose NA means @
features['TotalBsmtSF'] = features['TotalBsmtSF'].fillna(@)

# Electrical NA in pred. filling with most popular values
features['Electrical’] = features['Electrical’].fillna(features[ Electrical’].mode()[®])

# kitchenAbvGr to categorical
features['KitchenabvGr'] = features['KitchenAbvGr'].astype(str)

# KitchenQual NA in pred. filling with most popular values
features[ 'KitchenQual'] = features['KitchenQual'].fillna(features[ 'KitchenQual'].mode()[®])

# FireplaceQu NA in all. NA means No Fireplace
features[ 'FireplaceQu'] = features['FireplaceQu’].fillna( 'NoFP")

# GarageType, Garagefinish, GarageQual NA in all. NA means No Garage
for col in ('GarageType', 'GarageFinish', 'GarageQual'):
features[col] = features[col].fillna('NoGRG")

# SaleType NA in pred. filling with most popular values
features['saleType'] = features['saleType'].fillna(features[ SaleType'].mode()[@])

# Year and Month to categorical
features['Yrsold'] = features[ 'yrsSold'].astype(str)
features[ 'MoSold'] = features['MoScld'].astype(str)

features|'GarageArea’]
features['GarageArea']

features[ 'GarageArea'].astype(float)
features[ 'GarageArea'].fillna(®e.e)

# GarageCars NA in pred. I suppose NA means @
features['GarageCars'] = features['GarageCars'].fillna(®).astype(str)

# MSSubClass as str
features['MSSubClass'] = features['MSSubClass'].astype(str)

# MSZoning NA in pred. filling with most popular values
features['MSZoning'] = features[ 'MSZoning'].fillna(features[ 'MSZoning'].mode()[@])

# LotFrontage NA in all. I suppose NA means @
features['LotFrontage'] = features['LotFrontage'].fillna(features['LotFrontage'].mean())

# Alley NA in all. NA means no access
features['Alley'] = features['Alley'].fillna( 'NOACCESS")

# Converting overallCond to str
features.OverallCond = features.OverallCond.astype(str)

# MasvnrType NA in all. filling with most popular values
features| 'MasvnrType'] = features['MasvnrType'].fillna(features[ 'MasvnrType'].mode()[@])

# Adding total sqfootage feature and removing Basement, 1st and 2nd floor features
features['TotalSF'] = features['TotalBsmtSF'] + features['1stFlrsr'] + features['2ndFlrsF’]
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MODEL SUMMARY

By python Keras « ££Z22%5EldensefE « « « « « < <« < <

Layer (type) Qutput Shape Param# « odeliEgsequential()
! num_features = len(train_features[@])
dense_257 (Dense) (None, 256) 69632 ‘J model.add(Dense(256, input_dim=num_features,
o activation="elu',
kernel initializer='random uniform’
dense_258 (Dense) (None, 256) 65792 ¢ ,kernel_regularizer=regularizers.12(8.01)
))
+H
model.add(Dense(256, activation="elu’,
dense_ 259 (Dense) (None, 256) 65792 o kernel_initializer='random_uniform'
. ykernel regularizer=regularizers.12(0.01)
)
dense_260 (Dense) (None, 128) 32896 o model.add(Dense(256, activation="elu’,
- kernel _initializer="random uniform’
+ ykernel regularizer=regularizers.l2(0.01)
dense_261 (Dense) (None, 1) 129 v model.add(Dense(128, activation="elu',
] kernel initializer="random uniform’
kernel_regularizer=regularizers.l2(6.01
Total params: 234,241+ 5 == : ( )
Trainable params: 234,241« model.add(Dense(1, activation="elu’,
. bias_regularizer=regularizers.l1(e.1),
Non-trainable params: 0« kernel constraint=tf.keras.constraints.Nonneg()))
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M O DEL S U M MARYby elu activation function

model = Sequential()

num_features = len(train features[@])

model.add(Dense(256, input_dim=num features,
activatiol

kernel_initTalizer='random_uniform’
ykernel regularizer=regularizers.l12(©.01)

model.add(Dense(256, activation="elu’,
kernel_initializer='random uniform’
ykernel_regularizer=regularizers.12(@.01)

model.add(Dense(256, activation="elu’,
kernel initializer="random uniform’
ykernel_regularizer=regularizers.l2(e.o1)

model.add(Dense(128, activation="elu’,

kernel_initializer="random uniform’
ykernel regularizer=regularizers.l2(e.01)

)) T ifx =0 1 ifr =0
model.add(Dense(1, activation='elu', flz) = { s f’{ﬂ"] = {
bias regularizer=regularizers.l1(e.1),

kernel_constraint=tf.keras.constraints.NonNeg()))
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By elu activation function <<« <<« 4« «
x
The exponential linear unit (ELU) with 0 < v is

o (exp(x)—1) fx<0 flz)+a ifz<0’ s
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MOD E L S U M MARYby kernel regularizer § § § § § § §

HERZ=E] Boverfitting NEE—[Ebias B ARIIRER « <« <« << <<«

model = Sequential()
num_features = len(train features[@])

model.add(Dense(256, input dim=num features,
activation="elu", [ S S S S N S S .

))kerneliregularizer‘:regular‘izers.12(0.91) E/\ ‘UTéﬁnDATLZ kernel regularlzer BE_U:T L];,}c}%/\

model.add(Dense(256, activation="elu’,
kernel_initializer='random uniform’
ykernel_regularizer=regularizers.12(@.01)

model.add(Dense(256, activation="elu’,
kernel initializer='random_uniform’ PP
ykernel_regularizer=regularizers.l2(e.o1)

model.add(Dense%izs, activation="elu’, \%ﬂL1 blasreQUIarlzer B%{ﬁ%f[é_%blas !

kernel_initializer="random uniform’

,kernel regularizer=regularizers.12(2.01) EEL $$ IZH(:(E( TG EJIE EE% %‘Welg hts

))
model.add(Dense i ion=—elu’
bias regularizer=regularizers.l1(@. 1)]

kernel_constraint=tt.keras.constraints.MNonNeg()))
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E_ =2 %ﬁ I:IH ZE by hidden layer #&TEE (128 vs. 256) / BE (2vs.4) ocoooooo

r W B (A TT I S 231287 training history < « « < < < « < «
o FE128E 8% HDenseE
- E'“' Kaggle ZRIZREZ%] =0.14816

e e e IGEIREEUIIRE £25618 - 253RKaggle FIREZEZ =0.14121

EI—BEE &256FDensef@ - 53— B & E &£1281DensefE@ - #4318
Kaggle RIRE#E%] =0.13656
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Adam learning rate
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by Adam learning rate & kernel regularizer
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HX n\g |=J %E( IE Compared with Linear Regression/ SVR 5555529

f

from sklearn.linear model import LinearRegression Linear Regressmn 2 R-s quare =0.897/
RMSLE=0.189 - B EWRAE
(S O

Im model = LinearRegression(fit intercept=True)

Im model.fit(train features st, train_labels)

from sklearn.svm import SVR
clf = sVR(kernel='rbf', C=100000, gamma=0.81)
4449494949494 clf.fit(train features st, train_labels)

C=1080808, cache size=2008, coef8=0.08, degree=3,

SVRZ R-s quare =094/ RMSLE=0.15 - kernel="rbf', max_iter=-1, shrinking=True, tols
BMRESVRABHSNIRRES

y_test raw = clf.predict(train_features st)
y _test raw
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Al sRAE Y R-square (BT 18 L) RMSIE (#EE£3T0 #EF)
Linear Regression 0897 0.189
SWR(Z & (@ = [0 57) 094 0.15
REEETERER 09434 0.10(training) / 0.13656(testing)
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http://bit.ly/2Tynxth
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