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-  BREREKEH

£ 2008 fFEmUfEHLAT, VP2 NWSLp RN 7B HiX, RIfhATE 5
PrE IR BT, DS M & ogoh], SRR AT AR R I A AR E £ 4 75782 - 2008
FaR A A G, PERNAE & 2 TR IS IR T SN S B A R 5
flhn, Xt FICO PP/ Y ESRAAG S iy, 7 EREAT YN AL S

PRl AR S T 7T H B2 R T 2008 R G LG oK B T 55 BT ORI BT
BRI AL, FFSEH LT JUAS A Bk B B

1. MEAEREHLAT, DU R S P 221 .

2. EFCIRIE AN FEAE H AR o A AREL

3. ERNBEAE FAT N RFAE

4. BAEZ 18] AR R AR S BRI o

CAE e R 4518 AL 55 = AN ER DU BRI 5 3 1 il o 7 AN SRz B 7y
BIE T A2 2% AE R [ T 3EAT 1 20 2RI, M 1 oLs RFTAR R Z A5
o R TRREESRTIM R HEAT 1 IIH, RS H T4 1e: HE AR SRk 5 S
FERCMHLES 5 SIAE 55 BRI IR IR A 2

= HEaE

(—) HHEIREL

ok BT S B AL 2018-2019 HI A FF BAASF B2 I FR I LT B I
% &= % TN &, ¥ & MK K N historical_datal_Q12008.txt &
istorical_datal Q42009 .txt.

771]200803|N[203802| [000|1|P|95]61|272000|80(5. 875|R |N|FRM|CO|SF|81200
|F108Q1000001 |N|360|01|0ther sellers|USBANKNA|
729]200805|N|203804|17140|000|1|P|73|20(87000|73|6. 5 |R|N|FRM|OH|SF| 45200
|F108Q1000002|C|360|01|0ther sellers|Qther servicers|
769(200803|N[203802| [000|1|P|59]17|59000|59|6. 375 |R|N|FRM|KY|SF|40300
|F108Q1000003|C|360|01|0ther sellers|Other servicers|
755]200803|Y[203802| [35|1|P|100|28|81000|100|5. 875|R| |FRM|PA|SF|17900
|F108Q1000004|P|360|01|0ther sellers|Qther servicers|

1



AT BSR4 K, B DL R ARCEEAE T 18-19 4E B & 31 3F HLitk AT 1 %k,
HIEHUE B PESr(E 550 & 850 2 [A], FF HARIHZ =4 ['PROPERTY TYPE '] =='SF',
BN R B BANFKEEH] Single-Family $08E10 5%

0108 = pd.read csv("/Users/scottlai/Desktop/work/FreddieMacProjects/cod
e/historical datal Q12008/Q12008.csv",

thousands="',")
x18 = Q108.1loc[(QL108['PROPERTY TYPE '] == 'SF')& (Q1l08['Credit Score'] >
=550) & (Q1l08['Credit Score'] <=850)]
0109 = pd.read csv("/Users/scottlai/Desktop/work/FreddieMacProjects/cod
e/historical datal Q12009/Q109.csv",
thousands = ', ")
x19 = Q0109.1loc[(Q109['PROPERTY TYPE '] == 'SF')& (Ql09['Credit Score'] >

=550) & (Ql09['Credit Score'] <=850)

...... ALl B

data.head()

data.to_csv('/Users/scottlai/Desktop/work/FreddieMacProjects/code/data.c sv') HFhER

1%

DEAEACRS SCAE A, B SR IR IR 1Y) 2 2 BRI B data.csv SO, 7 f&
BB,

() HIETEURH

JE B 15 2008-2009 4F )35 $¥36 Freddie Mac X 55 &= Xk ) B M <15
B, KSRGS - IWE R, BUTRELPRE, MM BEE 7 5K
s S s R BB, b AR B EE AR

[1] ORIGINAL COMBINED LOAN-TO-VALUE (CLTV): JR#A2H-& DEEk il

TE T SEHCARBE R A BT 5 12 b 2 8 540 H A 00 SR A HEH S8k &4
b ST 4 R BT AT AR DR A DA 7 A S A ] S SEAN A
PPASANME . 7E PR BT SR 0B DL T, 12 b e 08 e S TP iR A K B
AR AN b 32 T7 45 5 B AR ART — ZR AR BT e Aok AR AT ] PR R4 5 4t 7 1) o
FAMBESRAF I o W B2 77 98 1) — R R 55 < AR s B A DYAE , B4 CLTV
TR T 5 — Ik B BRI O 45 RN K C S A 8, A 5 R i A4S B8
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FET AT M B i Bk S8 0 T2 00 4 & I HR 0K, A RS2 5 ASRE R UEHRH I

FEEIHE B R H ALK E A TR, W Freddie Mac 223K SE 7 A3 8T 1 DA%

i, AT cuviti. EREEBRT, WHRLTA Freddie Mac $2HEEEK, IFHHA

FRRBI RSP OE R S B RE R AR A, X S 4 n B O & 7E LTV T .
ASW/ I

CLTV Formula and Calculation
VL1 + VL2 +...+VLn

CLTV =
Total Value of the Property

where:
VL = Value of loan

¥R

Calculating CLTV

First mortgage balance $90,000
Second mortgage balance $70,000
Drawn bhalance on HELOC $5,000
Sum of all loans and lines of credit $165,000
Lesser of home sales price or appraised value $200,000
Sum of loans divided by value = CLTV 82.5%

[2] ORIGINAL DEBT-TO-INCOME (DTI): JEZAfR U L%

555 SN RRHEE T (D ERNEH 655 AT, AN
FNAE I SO IHRI AT I H BEAE 3t e AR DR AS AT 45 5 e, BR A

(2) HFIEZSEHOR A 2 H ARG 5 H SN

[3] ORIGINAL LOAN-TO-VALUE (LTV): JE#A TS

FENE SEAHCA SRR A IGO0, s K 5240 E U ) S At IR0 O3k < Ao AFIRAT H
S Bl SEAN A% P AT 55 77 BOVE AR B P BN TR AT I L o 6 P R B R4
UGG, 0 I S0 A SR G R DRk A0 5 R = 2E VA 1 A TR Ah
PHBERR DRI EL o T2 00 5 BRI OY5K, A SR SE 07 AR CRAUEHRAT IV 7 1
B EE H LRI T %, N Freddie Mac %2R S5 00 Z0 4R (48 AR PFAk 6,
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HF v it 5

HAETERGMME (CTV) HE & — /MU= BT E R GRS — N =
kL. BERR NS CLTV Eh2eSRefifl i ¥ 1 16 b3 2 7E A8 F 22 28 DK BT (1 i 24 )X
o — Mok, ST NEE L 80% M LA L) CLTV b mifeE A U s i i sk N
Peako CLTV AR TR EIMME (LTV) e, RN v b e —
o BRI 0B A R

MA

LTVratio = ———
ratio = <

where:

M A = Mortgage Amount

APV = Appraised Property Value

LAR 5

Calculating LTV
Outstanding mortgage balance $160,000
Sales price or appraised value of your home $200,000
Loan bhalance divided by value = LTV 80%

[4] Credit Score ™ A& H]

{5 VRS e . SEE (S HIP A R] (FICOVRE A A P27 9 155
fIt(750~850 47), K (660~749 43), — M (620~659 47), Z(350~619 77), ANHf
SE(350 73 BLR)o IRGTRHIMER NG VT3 Z4E 620 73 LAR, BRAEAS A AT SCAT
e LB E ALK, T AR A AR & 0 AR STk B A5 B 2% A

[S]CHANNEL B33k J 18

[6]Monthly report period #4 it 5% AT 7E 1) H 1

f#F dropna 2R HE . FAFTEN data.head()il N . JG SCE 2 W EdE 1
A H LR E AT, 2 fE BRI T R i


https://baike.baidu.com/item/%E4%BF%A1%E7%94%A8%E8%AF%84%E7%BA%A7
https://baike.baidu.com/item/%E4%B8%AA%E4%BA%BA%E4%BF%A1%E7%94%A8%E8%AF%84%E7%BA%A7

[5]: data. head()

CURRENT MORTGAGE i
Unnamed: Unnamed: Credit M?;‘";'r‘( HS:’TE‘(’JJJ,';E LOAN x5 _ INSURANCE Nu”“g': OCCUPANCY PROPERTY 19 se u';::
0 01 Score P DELINQUENCY PERCENTAGE STATUS ™ TYPE q

period FLAG STATLS iy UNITS Numb

[} 0 0 771 200803 N 203802 NaN 0 1 P . SF 812000 F108Q10000(
1 1 1 729 200805 N 203804 17140.0 0 1 P SF 452000 F108Q10000¢
2 2 2 769 200803 N 203802 NaN ) 1 P SF 403000 F108Q10000¢
2 3 3 755 200803 ¥ 203802 NaN 35 1 P SF 179000 F108Q10000C
4 4 4 780 200804 N 203803 483000 0 1 [ SF 988000 F108Q10000(

5 rows x 20 eollimns

= BEHdtEs

(—) BREABE KIS

# 1) BEIF ML
data[’ FIRST TIME HOMEBUYER FLAG °
data[’ FIRST TIME HOMEBUYER FL
data[’ FIRST TIME HOMEBUYER

First Time', inplace = True) ZF#EFY NEH SN0t
st Time', inplace = True)
t Valuable Data’, inplace = True)

l.replace N, 1
“l.replace 'Y, 'Fi
"1.replace(’ 9",

it

fig. firsthouse = plt. subplots{figsize=(10,5))

A R

snz. set_palette( pastel’) ZgF &~ I
sns. countplot (z=data[’ FIRST TIME HOMEBUY data=data) #& 24
data

hether the First Time Homebuyer’) #2(ZL

firsthouse. set_title(’ [1] Count for
firsthouse. set_ylabel (" Count’ ) ZZ{
firsthouss. set_xlabel (" First-Time Homebuyer' )

t"]. set_visible (False) # B2
1. zet_visible (False)

firsthouse. spines[’
firsthouse. spines[’

rHREEAE
totals = []

for i im firsthouse. patches:
totals. append (i. get_height )

total = sum(totals)

for i in firsthouse. pa'.ches:l
firsthouse. text(i. get_x{) + 23,1.get_height () +20,
str(round((i. get_height () ftotal)*100, 2)}+"%", fontsize = 12,
color = “black”)
plt. show ()



[1] Count for Whether the First Time Homebuyer

71.62%
1600000 4

1400000 -
1200000 -
1000000 -

E

A

& sooooo {

00000 A

21 41%
400000 4

200000 4 6.97%

0

Nat First Time First Time Not Waluable Data
First-Time Homebuyer

b B R IR IR GRS E PR SR T N AR — IR SE 5 JR B o A Bt , AR B G
o, Hif 71.62% &R E AR E —IRIWL 5 R HE 6.97% HIfETTE N
— IR R . TP AR 21.41% 1 T RUEHE

(Z2) RAZA 5T

fig, firsthouse = plt.subplots(figsize=(10,5)) A/ FE

ns. set_palette (' pastel’ ) 228 B A0 = B 4TE HPaste]
sns. countplot (x=data[’ NUMBER OF UNITS 1. data=data) s@{#iE5

firsthouse. spines[ righ
firsthouse. spir

*].set_visible (False) & ZELUE
1. set_visible (Palse) #ZE Fid{E

for i in firsthouse. patches:
totals. append (i. get_height (1}

total = sum(totals)

t_x{) +25,1.get_height () +20,"
!at _height () /total) *100, 21} +'\7 fontsize = 12

plt. show(}



[2] Number of Unit Mortgage for Donates

97 82%
2000000 4
1500000
5
g
1000000
500000 1
0 159% 0.21%
1 2 3

Unit of Martgage Donates

ME (2] HAE ) 97.82% I EE R A — b5 TR N BEHRAT .

(=) BRI BELI

fig, FICO = plt. subploe
sns. set_palette ( dar
sns. boxplot (x = data[’ Credit Score’],color = 'pink’} # &&EEFEH

x = datal’ Credit Score’]
FICO. set_title("[3] Distribution of Borrower' = Credit Score™) FEFEEE

i

FICD. set_xlabel (' Credit Score’) #iFEH40ETLH

FEBEIE (EH LD

FICO. spines[’ 1. zet_visible(False)
FICO. spines[’ top’ ]. set_visible (Palse)
FICO. spines[’ 1eft’ 1. set_visible(Palse)

print F19#: 7, x median())

print ("'}

print (" TP {E#: °, x. quantila (0. 25))
)

C {ud, = quantile (0. 5))

L xmin())

: 7, xomax())

Y% 764.0
T 723.0
Hifr %L 764.0
VU fr¥:  789.0
I/ME: 550
I RfA: 850



[3] Distribution of Borrower's Credit Score

550 &00 650 700 750 800 850
Credit Score

KTFAEGENAS B o A B, 5 AR EBEERAESS, FATaT Ll
B, ERANTEEHSECN 752 A, KN (25%-75%) [
15 BUEE R AE 723 31 789 4y 2 18], SEEk NAE H 43 5k N 550 43, &=

FEiT 850.

(W) {5 H>EELN

S BB T B DU (B A0 N — S P i) 4 N, it HERG, |
H Yt

#datal Monthly report period’]. replace ({200803:3, 200903:3, 2008044, 200904:4,
# 200801 :1, 200901 : 1, 2008022, 200902:2}, inplace = True)
#(datal” Monthly report period’]== 1). sum() #31490
#(datal” Monthly report period’]== 2). sum() #67074
#(datal” Monthly report period’]== 3). sum() #191467
#(datal” Monthly report period’]== 4). sum() #276164

Hif HAE IR A

sizes = [31490, 67074, 191467, 2761641 #& ~FE/ L 1

labels = [’ The First Quarter’, 'The Second Quarter’,’ The Third Quater’,’ The Fourth Quater’ ] #@ZEFEEEF

fig, ax = plt. subplots(figsize=(10,5)) #FEEEAN

sns. set_palette (' pastel’) #ifEEFA Apastel

ax. pie(sizes, labels = labels, autopet = '%1. 1f%%’, shadow = True, colors=( ', "¢, 'w', 'v, 'K, 'w)) ##H&
ax. axis (' equal’)

ax. set_title("[4] Pie Chart of Borrower’ s Mortgage period”)

plt. show ()



[4] Pie Chart of Borrower's Mortgage period

The Third Quater
The Second Quarter

The First Quarter

The Fourth Quater
WG T U o 48.8% If B4 A 7E IR (9-12 J1) IIHEATA2
o H-FEERAERD, J1T 5.6%

(1) fER 2 BB R12E AL K 2 A



fig, FICO = plt. subplots(dpi=128, figsize=(15, 10)) &P ANEZE

sns. set_palette ( dark’ ) #efEEE B Ndark

FICO. set_title ("[5] Borrower s Credit Score From Varing Time”) #HEFa&

FICO. set_xlabel (’ Credit Score’) ZFETH4fFER
fig. autofmt_xdate (rotation=50)

#scale Is = range(5)

#index Is = [2008-1°, 20087, 2009-1°, ’2009-7,

#plt. bar(scale s, index Is)

Hplt. xticks (scale Is, index 1s)

# = plt. xticks(scale Is, index Is) ## ALl E i<

HFICO. se
' THE CZraf)

FICO. spines[ right’]. set_visible (False)
FICO. spines[ top’ 1. set_visible(False)
FICO. spinas[ left’ . set_visible (True)

# for label in FICO. get xticklabels():

# label. set_visible (False)

i=0

for label in FICO. get_xticklabels(): G i pr it S
1=1+1
if 1%2=0:

label. set_visible (True)

e
L=

'2009-12° 7

t_xticks(["2008-1°, "2008-7, 2009-1°, '2009-7,

‘2009-12°7)

sns. pointplot (x=datal[ Monthly report period ], y=datal Credit Score’ ],

markers=[""", "0”], linestyles=["-", "—"1, capsize=0.

1)

[5] Borrower's Credit Score From Varing Time
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IRT™H, 2008 545 /e e #E 720-800 X 6], MAELFIKE G, RE KT 600
A WL IRIG DT IX AR SERIHR DT ) @ oKL 18, a2l ERfal)E, Tk

IRFIE Q2 A4 T HEBCR AR A .

M. MRS
KA P2 R IC AR TR 30000 AME T M, BT (AT RN 7R
S Mt

dataq = data. sample(n = 30000) #Mdata®7#FHK 300001 FEHIEHE
data. rename (columns={' ORIGINAL DEBT-TO-INCOME (DTI) RATIO ’:'DTI’,’ ORIGINAL LOAN-TO-VALUE (LTV) ':"LTV'}, inplace=True)

data. rename (columns={" ORIGINAL COMBINED LOAN-TO-VALUE (CLTV) ' :’CLTV',’Monthly report period’ :’Time',’Credit Score’ :

pd. options. display. max_cclumns = None
datag. head (100)

dataq[’ CLTV' J=dataq[[’ CLTV’ 1]1[dataq[’ CLTV' 1<=100]

;)rintl!dataq [’ Channel’ ], datag[’ CLTV'1)

max (dataql’ CLTV' 1)

dataq[' DTI' I=dataq[[' DT’ 11[dataq[’ DTI’ 1<=100]
dataq[’ LTV' I=dataq[[" LTV’ 11 [dataq[’ LTV’ 1<=100]

HTH 55 SI03 CLTV =274 1000 7K, #Z=H curv KT 100 [#57
WA, RN KZH CLTv # 27K T 0 3 100 HIX[A] .

fig, ax = plt. subplots(figsize=(10,6))

#sns. despine (fig, left = True, bottom = True)

sns. boxplot (dat aq[ Chan:‘,e::, dataq[’ CLT\ 1, color— blue') #& MiFETE
ax. set_title( Relationship Between Channel and CLTV')
ax. set_ylabel  CLTV' )

ax. set_xlabel ' Channel’ )

ax. spines[’ top’ ]. set_visible (False)
ax. spines[’ right’ 1. set_visible (False)

plt. show()

11

'CS’,  CHANNEL ’ :’ Channel’},



Relationship Between Channel and CLTV

.

100 +

CLTV

20 4

Channel

e 24 45 RN L, B AS FE 3R 7R N R = Retail 447 B =Broker RR&ELN,
C = Correspondent & /~XH N, T=TPO Not Specified &7~ A F{E /2 B /2 480 26
=T BB AR IRAE H, AR T RIS ST CTLV demr, HUGRAREEN,
AR A2 oK A i R IE 1)

fig, ax = plt. subplots(figsize=(10,5))

’%’-'ﬁmarpfuthb“/‘/}

#seaborn regplotify = i
NJML’H/ Hfimatplotlibfy i E.

#{ARTENT AL FFE S,

sns. regplot (x=dataq[’ CLTV' ], y=dataq[’'DTI'], # 2#

ax = ax, % axfH
color = "1, # e
ci = 95,
marker="*", scatter_kws={"s": 1}
) # B{5/X/iconfidence interval: in (%)

sns. despine (ax = ax, trim=True) #EHL DRI HE

# Our usual labeling

ax. set_title " DTI vs. CLTV')
ax. set_ylabel ( DTI')

ax. set_xlabel (' CLTV' )

# plt. ylim(ymax = 5)

# plt. ylim(ymin= -5)

plt. show ()

12



DTl vs. CLTV
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CLTV

57K FA 95 ) R 2z DTI 5 CLTV IC R,

AILVEH DTI 5 v 2 [ B WIER R R HSEH

FIFH seaborn [] regplot J71:4F B 1

950t BB

» it

bR Gy B A

»
L

e 1o HR XS RNEGKRE I

ARARE B JCHAE LT RFEREE AT EUR L.

H

Hd

FERPSNIRT 5 EE AR

£
n

1 Mat

o
=

H

POKFHEE

= 9)

=75

sns. hls palette (1, I=

df = dataq. loc[:, ['CLTV", DIT’, "LIV"114palette

sns. pairplot (df, diag kind

3) HUELAE

plt. suptitle("Pair Plot of Freddie Mac Single Family Loan-Level Measures value 2008-2009 Quarterly’,size

plt. show()

{’alpha’ :0.6,” s’ :60," edgecolor’ :"k’}, height

"kde', plot_kws

il

1. 05) #2¢ B f

10,y =

13



Pair Plot of Freddie Mac Single Family Loan-Level Measures value 2008-2009 Quarterly

o
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ERprRE R 7 cv, DTI, K v =FRERER, AT CLTv & DTI AT DTI &
LTV FIAH I R4 R, 1 CLTV & LTV X AW S A IE AN . R AT DL H
EABAERIIE AR, TV K% 75, DTI KZ)N 30, LTV N 80,CLTV 1
LTV 800 e, Wy, T DTI AU RESEAR, RN )G SCHI 2 b AT
SR, B RIEE = LS 5 SRS ROR SR, M, Jesm AR LI
I T R

. EHESH
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TERX I WA, FERAEH OLS J7iknt A8 & 2 [A] ()5 & ¢ R R AR T
Bl JE B EEA I TEE

vy oxl+x2
BRI
y=Ppo+ Pix1+ faxz +e.

FERRIENA TR, 7 EEX HR AR L, T BR AN R R

data = pd. read_csv(’ data. csv', low_memory=False) # FALH

datal’ FIRST TIME HOMEBUYER FLAG °1.replace(N', ’Not First Time’,inplace = True) #/f3(#5 7% N&#isiNot First Time
data[’ FIRST TIME HOMEBUYER FLAG ’].replace('Y', ’'First Time’, inplace = True)

data[’ FIRST TIME HOMEBUYER FLAG 'J.replace('9’, 'Not Valuable Data’, inplace = True)

g ftcolumns 14
data. rename (columns={" ORIGINAL DEBT-TO-INCOME (DTI) RATIO ’:'DTI’,’ ORIGINAL LOAN-TO-VALUE (LTV) ’:'LTV'}, inplace=True)
data. rename (columns={" ORIGINAL COMBINED LOAN-TO-VALUE (CLTV) ' :"CLTV',’Monthly report period’ :’'Time',’Credit Score’:’'CS’,’ CHANNEL ’:'Channel’},

data = dataldatal’ CLTV' ] = 9991 #EEAVCLTVH-FA2999 (EfE) FIZE
data = dataldatal DTT"] != 999]

data = dataldatal LTV’ ] != 999]

dataq[’ CLTV' J=dataq[[  CLTV 11 [dataq[’ CLTV ]1<=100]

dataq[' DTT ]=dataq[[ DTI  1][dataq[ DTI' 1<=100]

dataq[’ LTV ]=dataq[[’ LTV’ 1] [dataq[’ LTV’ ]1<=100]

adddata=data

bl LI |

stand_data=data. loc[:, [ CLTV', DTI’, LTV, CS’, Time ]]

stand _data

SRRt

from sklearn. preprocessing import StandardScaler

from sklearn. preprocessing import MinMaxScaler

ss = StandardScaler()

stand_data? = ss. fit_transform(stand_data)

origin_data = ss. inverse_transform(stand data?)
print ( data is ', stand_data)

print ( after standard °, stand_data2)

print(’after inverse ’,origin_data)

print ( after standard mean and std is ', np. mean(stand_data), np. std(stand_data))
stand_data?=pd. DataFrame (stand_data2)

stand_data?. columns = [ CLTV', DTT’, LTV', CS", Time']
stand_dataZ

15



data=stand data?
datal’ Channel’ ]=adddatal’ Channel’ ]
Hdatal” Time’ J=adddatal’ Time']

Hdatal” FLAG ]

datal  FLAG' ] =
datal  FLAG' ] =
datag=data

tdatal” Channel’]

datag

[datal’ Channel’ J="B"]

B BCLTV-CSERAELE IS TIAZE S it

PETL ISE R EE SIE

=adddata. iloc(:, 6J4FIRST TIME HOMEBUYER FLAG

adddata. iloc[:, 4]. loc[adddata. iloc[:, 4] != "Not Valuable Data’ ] #Z B LF$7F
np. where (datal’ FLAG' ] = First Time’, 1, —1)

dataq #% TfCLTV-CSE A S TIAZEEF8#E
CLTV DTl LTV CSs Time Channel FLAG
0 1553469 2259483 0767012 0.399944 -1.359789 R 1
1 0.290826 -1.079900 0.366215 -0.504194 -1.324984 R 1
2 0512674 -1.324245 -0.435378 0.356890 -1.359789 R 1
3 1.840433 0428313 1912146 0.055510 -1.359789 R 1
4 0348219 2015138 0423472 0.163146 -1.342386 R 1
2321629 0635183 -0.265416 0.709755 0.055510 2.155516 R -1
2321630 1.553469 -1.161348 1.625862 -0.267396 2.155516 R -1
2321631 1.668255 0711964 1.740376 -0.956264 2.120711 R -1
2321632 0.692576 -0.591210 0.767012 -1.451387 2.259931 R -1
2321633 -0.053531 1.037757 0.022675 0.442998 2155516 s -1

2321634 rows = 7 columns

FEIX 7 WA i ZHE R RERR 17 (4), 7R R J7 RECETLLAUR, HEZE
TR R R ZH AR, EEMNRBPIRGAE Z W KR E
LU W SC A B N A 93

(—) 2%F CTLV it Ee

16



(1) WMREEEZE(y) AcLTV, BEEWAEME(x,), EAFE(x)RBE(X;).

UESE

CLTV = fy + pTime + prCreditScore + f3Channel + €.

v, X = patsy.dmatrices( CLTV™ Time + CS + Channel’, data) ZFEEI LA AT ELICIEiFifEE
cltv = sm. OLS(y, X) #F P B fEaB 4 0LSITE BB IR D — Tt e
res = cltv. fit () B R gL i iresH

print (res. summary ())

OLS Regression Results

Dep. Variable: CLTV  R-sguared: 0.029
Model: 0LS  Adj. R-squared: 0.029
Method: Least Squares F-statistic: 1. 385e+04
Date: Sun, 12 Jan 2020 Prob (F-statistic): 0.00
Time: 20:12:10 Log-Likelihood: —-3. 2263e+06
No. Observations: 2297973 AIC: 6. 453e+06
Df Residuals: 2297967  BIC: 6. 423e+06
Df Model: G
Covariance Type: nonrobust

coef std err t P>t 0. 025 0.975]
Intercept 0.0271 0. 002 15. 648 0. 000 0.024 0.031
Channea1[T. C] —0.0308 0. 002 —-13. 8961 0. 000 -0. 033 —0. 026
Channs1[T. R] —0. 0483 0. 002 —24.3843 0. 000 -0. 052 —0. 045
Channel[T. T] 0.0512 0.003 17. 285 0. 000 0. 046 0. 057
Time —0. 0648 0.001 -87.839 0. 000 -0. 066 —0. 063
cs —0. 1353 0.001 -202.993 0. 000 -0.137 -0.134
Omnibus: 184004. 100  Durbin—Watzon: 1. 732
Prob (Omnibus) 0.000 Jargue—Bera (JB): 232344, 291
Skew: -0.778  Prob(JB): 0.00
Kurtosis: 3.090  Cond. No. .93
Warnings:

(1] Standard Errors assums that the covariance matrix of the errors is correctly specified.

M ERGPEENFMHAR AT LA R A A SR M E (CTv) HIRIERBL
FREWE, ol BN (TRARILA (T.O) EEHTHENRE v il
PR AR F o R, BT IEAE N (TT) R R B B AR IR T AR 1 DY SR W 2 5 cLTv
BUEF . FE, CLTV SR A5 3 B .

(=) &F DTI MR iEE e
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(2) MNBREER(y) A0T, BEEMNHEE(x,), ERSE(x)REE(x3),
E=p

DTI = fy + gy Time + hCreditScore + ;Channel + ¢

y, X = patsy. dmatrices( DTI™ Time + CS + Channel’, data) #/EE s 2 0 AIfE &5 LI G 18 1145 )
DTI = sm. OLS(y, ! BB E 0L S IR E g &) —FelE

resl = DTL. fit () # T R G EE 7 fE Fres] F

print (resl. summary () )

OLS Regression Results

Dep. Variable: DTI  R—sguared: 0.070
Model: OLS  Adj. E-sguared: 0. 070
Method: Least Sguares F-statistic: 3. 455e+04
Date: Sun, 12 Jan 2020 Prob (F-statistic): 0.00
Time: 20:19:47  Log-Likelihood: -3.1761e+06
No. Observations: 2267973 AIC: 6. 332e+06
Df Residuals: 2287967  BIC: 6. 322e+06
Df Model: 2
Covariance Tvpe: nonrobust

coef std err t P>t [0.025 0.975]
Intercept 0.0168 0.002 9. 803 0. 000 0.013 0.020
Channel[T. C] —0.0148 0.002 —6. 870 0. 000 -0.019 —0.011
Channel[T. R] -0.0312 0.002 -16. 396 0. 000 -0. 033 —0. 027
Channel[T. T] 0.0284 0.003 9. 847 0. 000 0.023 0.034
Time —0. 1011 0.001 -140.053 0. 000 -0. 102 —=0.100
Cs —0.2194 0.001 -336.473 0. 000 -0.221 -0. 218
Omnibus: 49033. 514 Durbin—Watson: 1. 876
Prob (Omnibus) : 0.000 Jargus—Bera (JB): 30458, 430
Skew: 0.140  Prob(JE): 0.00
Kurtosis: 2,010  Cond. No. 6. 93

M EREAE RN IATAT LUE HIRIA G SN (DTD H 3 5 338 i AR 4k,
RAEBOYIIE, Horbild 6 5 (TR)IRIE Ll E N (T.O) RIESATAHETE 1
5oov B . Rz, REYIERARE (TT) 1S GTREN 2 crv #
BTt R . [FEE, CLTV S iR] R s F 2 Bk = L o

(Z) XF LIV kit EIH
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(3) MREREZR(y) LTV, BEENREE(x,), EESE () RERE(x3).,
nma:

LTV = gy + i Time + f,Credit Score + ff;Channel + €.

v, X = patsy.dmatricesC LTV" Time + CS + Channel , data) 2@l sl ffE -85 L
1tv = sm. OLS (v, X) &7/ A EE0LSLIFEZEEERIR D — L

res2 = 1tv. fit () O FEE R L Bt FresIf

print (res2. summary ()

OLS Regression Results

Dep. Variable: LTV  E—squared: 0. 031
Model: 0LS  Adj. BE-sguared: 0. 031
Method: Least Sguares F-statistic: 1. 460e+04
Date: Sun, 12 Jan 2020 Prob (F-statistic): 0.00
Time: 20:20:00 LogLikelihood: —-3. 2245e+06
No. Observations: 2297973 AIC: 6. 449e+06
Df Residuals: 2297967  BIC: 5. 449e+06
Df Model: g
Covariance Tvpe: nonrobust

coef ztd err 1 P>t (0. 023 0.975]
Intercept 0. 0294 0. 002 16. 972 0. 000 0.026 0. 033
Channel[T. C] —0. 0292 0. 002 —-13. 286 0. 000 -0. 034 —0. 023
Channel[T. R] =0, 0507 0. 002 -26. 093 0. 000 -0. 053 0. 047
Channel[T. T] 0. 0381 0. 003 13.101 0. 000 0. 032 0. 044
Tims =0, 0670 0. 001 -90. 853 0. 000 -0. 068 —0. 066
CS —=0. 1403 0.001 -210.899 0. 000 -0. 142 —-0. 139
Omnibus: 170124, 889  Durbin—Watson: 1. 745
Prob (Omnibus) : 0.000 Jarque—Bera (JB): 211428.113
Skew: —-0.743  Prob(JB): 0. 00
Kurtosis: 2.997  Cond. No. 6. 93

M EREHE AR IATAT BUE B R ESTRAME (1) S IRIE AR &
BORWIR,  Hor it A (TR RIE RE ATV TS cov BuE UL, &
S FERAT DY TSGR CITV BUEFEAR (-2.0986). ., AIHiiEEA
(T.O) R ARRIIAMILIE 1 6 ST RE N A curv BUE T R, curv 5 i)
LefE o 8Os L

(J9) 2%F LTV f£kiE e
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(4) WNRERETER(y) LTV, BEBIHCLTV(X), DTI(x?2),
ns#s:

LTV = fy+ f1CLTV + (L DI'l + ¢

v, X = patsy. dmatrices(C LTV" CLTV + DTI’, data) #ZSET A A FIfECcH#E L 6 E 458
ae = sm. OLS(y, X)AZWiEEmmsosbiiEEE s\ R
res3 = ae. fit () #HF E B G E H rrfE frres3

print (res3. summary () )

OLS Regression Results

Dep. Variable: LTV  R-sguarsd: 0.922
Model: OLS  Adj. E—squared: 0.922
Method: Least Sguarss F-statistic: 1. 372e+07
Date: Sun, 12 Jan 2020 Prob (F-statistic): 0.00
Time: 20:20:02 Log-Likelihood: —=3. 3305e+05
No. Observations: 2321634  AIC: §. 661et+0a
Df Residuals: 2321631  BIC: §. 661et+0a
Df Model: 2
Covariance Type: nonrobust

coef std err t P>t [0.025 0.973]
Intercept -6.516e-15 0.000 -3.55e-11 1. 000 -0. 000 0. 000
CLTV 0.9593 0.000  DbHlBZ. 038 0. 000 0. 929 0. 960
DTI 0. 00a7 0. 000 30. 485 0. 000 0. 005 0. 006
Omnibus: 2202937.612 Durbin—Watson: 1. 908
Prob (Omnibus) : 0.000 Jarque—Bera (JB): 84572632, 133
Skew: -4.750  Prob(JB): 0. 00
Kurtosis: 31.000 Cond. No. 1. 18

M ERAAERNETRRRFA TR LU R GG SR E (1) 5 R A6 6 55U (DTD
b RG-S TR ME (CLTV) ISR RAKIE . LTV 5 CLITV IEAHSAR 38, 3K
i1 AT LB AF X — 451k, 7ERXFMASLIF, R P REGE &,
EET 092, UiARERZ A E LRIV OC R .

(F) >%F SCORE £kt =14
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(5) MBRRigEES(y) ISCORE, BEEMJ: CLTV, DTI,Channel,Time, FLAG,
nEs:
SCORE = B0+ glcLTv+B2DTI + f3Channel+g4Time + BIFLAG+e.

v, X = patsy. dmatrices(’ €S~ CLTV + DTI+Channel+Time+ FLAG data) 2/ A2\ T FF 407
ae = sm. OLS(y, X)ZEWr 8 aEaolsLfE EEE S —FEEE

resd = ae. fltl',.l BT st B r i P res 3

print (res4. summary ())

OLS Regresszion Reszults

Dep. Variable: CS  R-sguared: 0.079
Model: OLS  Adj. R—squared: 0.078
Method: Least Squarss F-statistic: 2. 797e+04
Date: Sun, 12 Jan 2020 Prob (F-statistic): 0. 00
Time: 17:38:50 Log-Likelihood: -3. 1631e+06
No. Observations: 2207971 AIC: 6. 330e+06
Df Residuals: 2297963  BIC: 6. 330e+06
Df Model: 7
Covariance Type: nonrobust

coef std err t P>t 0. 023 0.975]
Intercept 0. 0602 0. 002 30,327 0. 000 0. 056 0. 064
Channel[T. C] 0.0140 0.002 6.209 0. 000 0.010 0.018
Channe1[T.R] —0. 0406 0. 002 -21.409 0. 000 -0, 044 =0, 037
Channs1[T. T] —0. 2000 0. 003 -70.291 0. 000 -0, 206 —0.194
CLTV —0. 1126 0.001 -175.417 0. 000 -0.114 -0.111
DTI —0. 2193 0,001 -341. 262 0. 000 -0, 221 -0. 218
Time 0. 0364 0. 001 51. 250 0. 000 0.033 0.038
FLAG 0. 0243 0. 001 19. 735 0. 000 0.022 0.027
Omnibus: 262858, 438  Durbin—Watson: 1. 827
Prob (Omnibus) : 0.000 Jarque—Bera (JB): 363719, 911
Skew: -0.924 Proh(JB): 0.00
Kurtosis: 3.617 Cond. No. 8.79

M EZRZME A FAT AT LU 45 2> % (CREDIT SCORE) 5 E T (TR)
FRHEE (TT R AN (TO BIFREERIEL, (EH585 RiG6%
N (DTD K FAGA A TTRME (CLTV) Ik R L, 534 (Time)
M P ¥ 2GR H—5 (FLAG) Mk,

N~ RIS

(—) Logistic Tl
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X AR>S L SE B VYR A7y, ML M &R o vl B0, HeskfR 1 CLTv A LTV
ARJi AR DGR B, AR A A AR BRI AR DGR Ik . RO TR AL, RFURA
SR, WA PR AL R B AR A SV SR AN IR AR AR, RN T il —
BEATLER 5 ST 7025, AR SO TR — 5 B R B30 si P G A A% 0] AT 23 R Tl
DALk 4 5 SR AN AR JRCAE R T

datag = datag. loc[dataq[ Channel’] != 'Not Valuable Data’ ] #FEE L3N 47E

H

dataq[’ Channel’] .replace(’ T, "0, inplace = True) HFHIELHFT NEFHNot First Time
dataq[’ Channel’] .replace(’R’, '17, inplace = True)
datag[ Channel’ ] .replace(’'B’, ’2°, inplace = True)
datag[ Channel’ ] .replace(’C’, *3°, inplace = True)

datag. dropna(axis=0, how= any , inplace=True)

X = dataq[[' LTV, " CLTV', DTT’, €5 ]]
v = dataq. FLAG
¥_train, ¥ test, y_train, v_test = train test_szplit(¥, v)

# B AlogisticResression#iE .

from sklearn. linear _model import LogisticRegression
¥ EOIEEL (FAUEE)

logreg = LogisticRegrassion()

¥ HEE SRR

logreg. fit(¥_train, y_train)
v_pred=logreg. predict (X_test)

# BEA#EZEclass

from sklearn import metrics

enf _matrix = metrics. confusion matrix(y_test, v_pred)
cnf_matrix

from sklearn.metrics import classification report, confusion matrix
print (classification_report (y_test, v_pred))

C:%1k1klklklk\sofeware'\anacoda'libsite—packages'sklearn\metrics c!
ill-defined and being set to 0.0 in labels with no predicted sample:
_warn_prf (average, modifier, msg start, len(result))

precision recall fl-score  support

-1 0.93 1. 00 0. 96 333841

1 0.00 0. 00 0. 00 40652

accuracy 0.93 274493
macro avg 0. 46 0. a0 0. 48 274493
weighted avg 0. B6 0.93 0.90 574493

PLE R NS 75 AL 5 — R K 55 e 1) 93 S, m] A
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X = dataq[['LTV , CLTV , DTI’, CS 1]
v = dataq. Channel
X _train, X test, y_train, v_test = train_test_split(X, v)

# EAlogisticResression¥iEa.

from sklearn. linear model import LogisticRegression
logreg = LogisticRegression()

logreg. fit(X_train, v_train)
v_pred=logreg. predict (X_test)

¥ BAfEEclass

from sklearn import metrics

enf matrix = metrics. confusion matrix(y_test, v _pred)
cnf matrix

array ([[ 0, 57271, 0, 0],
[ 0, 306586, 0, 01,
0, 81535, a, 0],

0, 128798, 0, 011, dtype=int64)

from sklearn.metrics import classification report, confusion matrix
print (classification_report (y_test, v_pred))

C:%1klklklklk' sofeware'anacoda’ lib'\site—packages'sklearn‘metrics' _c
ill-defined and being set to 0.0 in labels with no predicted sample:
_warn_prf(average, modifier, msg_start, len(result))

precision recall fl-score  support

0 0. 00 0. 00 0. 00 o7271

1 0. 53 1. 00 0.70 306886

2 0. 00 0.00 0. 00 81538

3 0. 00 0.00 0. 00 128798

accuracy 0. 23 74493
macro avg 0. 13 0. 2a 0. 17 274493
weighted avg 0. 29 0. 53 Q.37 574403

(Z) WL
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X = datag[[' LTV,  CLTV', 'DII’,’ €S’ 1]

v = dataq. FLAG

from sklearn. preprocessing import StandardScalsr
#sealer = StandardScaler ()

# BN i
X_train, X_test, y_train, v_test = train_test_split(X, y)#X frain = scaler. transform(X train)
#X_test = scaler. transform(X_test)

from sklearn. neural _network import MLPClassifier #@&F-FAFHEMEE
mlp = MLPClassifier (hidden_layer_sizes=(30, 30, 30)) i)

mlp. fit (X_train, y_train)

predictions = mlp. predict (X_test)

print (classification_report(v_test, predictions))

C:%1klklklklk\sofeware'anacnda’\lib\site—packages’sklearn'
ill-defined and being set to 0.0 in labels with no predic
_warn_prf (average, modifier, msg_start, len(result))

precision recall fl-score  support

- 0.93 1. 00 0.96 234083

0. 00 0. 00 0. 00 40374

accuracy .93 74457
macro avg 0. 46 0. a0 0. 48 aT44a7
weighted avg . 86 0.93 0.90 74457

ARZE P25 1K) 73 S5 2R R R 8] VA 1) 73 SRR AT 22 5%
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dataq[dataq[’ FLAG ]="-1"]
C:'\1klklklklk'sofeware'anacoda'lib'\site—packages'panda

calar instead, but in the future will perform elementw
result = method(y)

CLTV DTI LTV CS Time Channel FLAG

dataq[dataq[’ FLAG ]J=1]. count () /dataq. count ()

CLTV 0.070284
DTI 0.070284
LTV 0.070284
Cs 0. 070284
Time 0.070284
Channel 0. 070284
FLAG 0.070284

dtvpe: floatb4

AR LA _EACRE AN G R AT R0, AR R i A i kB R 5 W S5 — B 5 T I L
PR 7-1, e i FEdE 2 A RGAEARSCE, K2 BB AR S5 IR R -

(=) WAEERAEFAER X CLTV MIARR
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import pandas as pd
from sklearn. ensemble import GradientBoostingRegressor
from sklearn. model_selection import train_test_split

X = dataq[[’LTV', €S, 'DTT’ 1]
¥ = dataq[ CLTV ]
¥ train, ¥ _test, v_train, v_test = train test_split(X, v)

GBRE_house=GradientBoostingRegressor 0. fit 'Z:I';_:rain_. y_train}
print (6BR_house)

B
target pre=GBR_house. predict (X_test)
from sklearn. metrics import explained_variance_score, \

mean_absolute_error, mean_squarsd_error, |,

median_absolute_error, r2_score
print ( #HE A EIIHEREFEEINZEERN: ', nean_absolute_srror (v_test, target_pre))
print  #HEEAOEMHER T TIZEN: *, nean_squared_error (y_test, target_pre))
print C #EIEFA OIFPHER R D EHEITIZEA . *, nedian_absolute_error (y_test, target_pre))
print {’ HEEADEMERRTERETEER. ,explained_variance score(y_test, target pre))
print ¢ %fg?ﬂﬂ' o Uﬂmﬁﬂﬁ’]ﬁ?ﬁj} 2 ,r2_score ':'_-.'_t est, target_:-re:' )

GradientBoostingRegressor (alpha=0.9, ccp_alpha=0.0, criterion=" friedman_mse ,
init=None, learning rate=0.1, loss= 15, max_depth=3,
max_features=None, max_leaf nodes=None,
min_impuritv_decrease=0.0, min_impurity_split=None,
min_samples_leaf=1, min_samples_split=2,
min_weight_fraction_leaf=0.0, n_estimators=100,
n_iter no_change=None, presort= deprecated’,
random_state=None, subsample=1.0, tol=0.0001,
validation fraction=0. 1, verbose=0, warm_start=False)

HEEA DAPHERIR)FI9EINREA . 0. 13361973612084251

HEREADAPERHHFIREN:  0.07744759037913633

HEREADERMERL R EEIREN . 0.06332383154450278

HEEADEAMERNTBELEEM:  0.922684879960522

PR A MAPE R RIR 24E0 . 0. 9226847804108385
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fig, ax = plt. subplots(figsize=(10,3))
plt. plot(range (len(y_test)), v_test, marker= o, label= vy test’)
plt. plot(range (len(y_test)), target_pre, marker= %, label= target pre’)

plt. legend() # FETGIED

plt. xlabel ("index”) ZXEhEnaL

plt. vlabel (") #riggmss
plt.title("y_test VS target pre”) Zimd7

plt. show()

y_test VS target_pre

-3 -

100000 200000 300000 400000 500000 600000
index

[FIFEXS BRI, HHT CLTV A1 LTV s 2 (B i) sAE O, (8 LTV S5 558 R i
ey, XRBIRROREELE, IFH R J7 I REE oLs [FIAJLFHE 0.922 K
e, BREERATAR N EE AR A TR S S 2, R REOE 2 M N E G
FOHNT T RRL e R TN

=
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