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Study on Advertising Click-through Rate Prediction Based on User Similarity and Feature Differentiation

PAN Shu-min YAN Na XIE Jin-kui
(Department of Computer Science and Technology, East China Normal University, Shanghai 200241, China)

Abstract Targeting the Internet advertising accurately is an eye-catching problem in the field of computational adver-
tising. As an important evaluation criteria for online advertising effect, the precision of prediction for click through rate
(CTR) benefits publishers, advertisers and users, Without considering feature differentiation, mainstream approaches are
extracting features and establishing click prediction model, which use a single weight to measure the effect of a feature
for CTR. According to the idea divide and conquer, a hybrid model based on user similarity and feature differentiation
was proposed. The model divides users into several groups.depending on user similarity evaluated by mixture gaussian
distribution. For each group, model was built respectively and they were combined to excavate the different effects of a
feature to different groups and improve predict CTR prediction accuracy. Several experiments on advertising data sets of

an Internet companies were made and the effectiveness of the approach through detailed comparative analysis was veri-

fied with the mainstream approaches.
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16. pctr=7 * pT
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4.1 BiEfETLE
4.1.1 ZEBREBENZR

FCERFAUBEER R EARMELEHE
M HED HHE 7 R 1200 £ &) ERBRARM AR
. 5—&fBEPAFEFRP . EEBA. T H0RSE 24
MERER. BRMWEREAHERME 1 K.

#1 BZRTEHERIRAHRER

# Click CTR
0. 0007
0. 0006
0. 0008
0. 0008
0. 0009
0. 0009
0. 0009

# Day # Impression

1 1821350 1289
1805953 1158
1634830 1302
1651524 1250
1920370 1779
1745722 1593
1657338 1607

N o Ul R W o

# 1 W, Impression &2/ X)) 4 RAREE, Click H &
AR S EE ,CTR B PH &FHE, hE 1wl
B, EREER T EWRA LT, 8 XRYESBE
o, S BONAE R A L BIER 21 100037,

X 3(Fbi %, Sparse Ratio, SR) Xﬂigﬁﬁ%ﬁﬁ‘%
PLHHBRRAE, ZEAEA S — S B A HEEMESR
T RUR , ¥R AR 4 v Y A s SO R A B 0 L ABLRR i
HEARLHHEHE.

4.1.2 HiEmas

(D B BRI ST Ab 78 ,

M TFEAMIGE R PR FEHEROEERA, By
FEM AR SE R BRSO SE R A B . Ao
E R F T Il 3445 75 (One-Hot Encoder)® 7 8: #E47 58, BI %t
B BERRE, R EAH N FEE, WA oS ey —
NN _#HR R, DIEIEET RPN 6,
R X ) AR F B AT SR, 15 B R P (5 A RO B M A 0
AR, TE 3 B .

B3 RrygseisaE
giit & B, IE fi P #1 Chrome P 5 8N EHE 1958
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96% ., HWHIEALW, Safari i /50 Firefox F F7 SR BT i L L
B (BRVT RE B E AR R — R, Mo B th 5 Ho At
SYFF. R KNS — A R ARIE M AR R R
BREZRE, fln— A EXNRSMHEFTTURNR =
(1,0,0,0,0) %7K, Chrome B9 F P AT LA [ & = (0,1,
0,0,0)3k %R, LA, R, A RBEFNTEXHFE
B E S HAL B HURE , b T R DAL R,

(2) B ERUFSAE 40 3R

FESRRIFHE AL BE EER FHIS— LT R B

value—valueny,
Valuems — valuemy,

HH, valuen it valuen, 53 53 Ay B RRAE BUHE 15 B N B 55 KB
B/ ME . FERHEFEATIH—0 BT LB/ MEIE S410E 2 18 5
HER FHERMNLRERERAEW.
4.2 XWX LA EMITMAIEIRNEE
4.2.1 EExhFEeicd

B TIPS AR SO SR W R s AR SO B A 3 B O ik
fTTRRER ., WK 2 frF], Basic_ LR i F & 5 ipL 25 2
SR B R #AT 53 DH A CER 6 I TR B s
s Bagging!® BHIZEE T h R A SR BHE T, 5AL
12 ¥ USFD J7 ¥ A JR], Bagging SR FHRENLINRE, FHEA LA
A PBEEA RSN, 3 B ENE FoEBERE R
AR GAH A WAE .

#2 BLBITHENEANLL

value, ., =

AEBRTEF & E N SEENE
Basic_LR EAWERE TS RB
Bagging MR AF HFFREREME
DH HREE S EZ R ZFHNRGTHELE
USFD BERHUE HERAP5LTERPY
RRF X HMUE RN KBHRE

4.2.2 ZEBFEHARE

(DPR 2R

HEH4 38 (Precision) fl F 8] 3R (RecalD) B 1R A4 4 2 25 M 6E
RIPIAH FTEES . YERR R SOBR I 2 A 28 AR R B R AR ] B
BES; BRI T B IEH A M ES S B EM N HLE.
EHTUEHEME B, 7 LIEH P-R(Precision-Recall) i1 28 ,
P-R i @A 4R (1, D AL B 5T 2K 25t by .

(2)ROC Hi£e#1 AUCH

X ERGR B R T S M REEMA IR IR A
—PTERIGRIG , BN BB 21 S o JE AR R ERE . 0.
WEEARHRH A AR 90 4, BREEAR 10 4>, 4388 CLIERHR
ARWKREAR TR T A2, 5388 C2 18 A 288 90 MEE
SXFT 704, BEEH) 10 MRERSXT T 54, B4R C1 M43
W 9004, C2 WIS SMEEE N 750, R B4R C2 R4r 2458
ERAHE.

IeAh , AR SO 1 B 32 1R T VE R AF i 28 (Receiver Opera-
ting Characteristic Curve, ROC i#1£&) 1 AUC {8 (Area Under
roc Curve) fE R38R 505 — TG 655, ROC R ETFIR
AR, AR R ER, PBIRAEIER, AUCHE ROC
M 2R A — N BB B , AUC {43 25 88 0 Bl AT .
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F LI AR R 1 5% i BB R B A A
VR TR B 1,3 A 10 B SR A 8RS R Kb B B

o HIHATEE . KB AR #E Holdout BiEH R,

BB 80N ERVIGE, R TR 20 Ve R4, 3
G ALK E T RARFERN PR #i148.ROC #4& 1 AUC
ROMELREFT UL, LU T SE 5 RN A Fe bRt AT — — 4 &
4.3.1 BFRPEHFERESH

SR S5REBEFEHXBIAET, R B K USFD Fik
Xt P TR ER AR, B T ARA S ESREHE P
EWAAR., KB, PIERT FEEE K=2 1 K=3 i
BEFAABAERBENIRENT S 85— 43288 A RIFRE
EE LS, i 4 Al 5 B,

ME 4 HATELAEE 1,2, 3 B/ FRPBEAREED
WE. HEBEENR SF 4 ARLES 1 FRERRERR
B, ERBE A 2 PRYH R I A SR LE B A 28 i h%
FEXT BT %4 82 B SE i 48 2 AR A s %1 5,7, 8 L RA MR i
P, R, 478 5 PagiH R, TS BHERNSTS.
BIUETFT LR, 42 3CHR ) RO o5 1T LASS R4 AE 2 A I AR R
HIR B 77 LAk 3R M B AL i B P B

10 .-

HEH

HEEY
oAl ON%: @E-HAE

B4 THESENE VS B— AR RENE(K=2)

REEE T

ORXl oXX2 aR%3 dk-oXE

B5 THRIFMENE VS B—RBHERE(K=3)

4.3.2 FPRF ke PR EEIH
& 6 7R T SR=10 M¥IESE T i P-R #i&.

08

06

Precision

04

02

0 02 o4 3 8 10

B 6 4FHEEm P-R iy H (SR=10)

ATLAE i 73 88 89 46 7 ¥k I Bagging F1 USFD #y4
BEBOL T HoAh 7785 5 R ol T AR SCHR HS 90 35 2 B P A B
BEHATRE B ST BB EN AR A P W RO RE,
R UL HERE M T Bagging. Basic #1 DH ¥ i P &R 2, 3
H DH BB RS V15, TR A LA B .

4.3.3 AREF %49 ROC & g4 AUC 1554

£ 3FH T USFD ZEARBIEEFHRAREBEHE K
BT AUC RS . T REE M E 430 B
EHBERAFMERET RRBB A AR HZER, A30R
3 3 BRMMNBIME AUCHEEFE, A 7 Fiz.

%3 KF SR#MK {HTF USFD Fgkty AUC i

1 3 10
0.763 0. 744 0. 769
0.736 0.782 0.792
0.735 0. 760 0,756
0. 747 0. 737 0. 758

XX XN
ol
U oA W N

OB wer e e et
078 e
076 ~FY
072 -
07 i

AUCHE

B 7 R SRAK {§F USFD ik AUCHEFH

BEBERTTLUFNY, Y SR=18, i FRIBEEHHK
EREED, WA REIEERBEESHEERRD, 8
BT RBA BN, TR R R 528

FEHEEMXTERBERLT, BB XKE K=3 i 4
RBBUS B BRBT, BEE TR H i, AUC (H & B fig.
STHEE, TRERWLA:DE T FREE M, & 7R
FEEKD, FRHRBAGEF: DL T FRUH>HE LR
BUIGFES SRR, Bsr RS0,

RA4FNUHTARBERET  ARTHEK AUC HE LLEE, it
AbAICTT R AUCEEBRIRR 3 F&A R E T R
HIBE. KT H ROC Hh&LamE 8— & 10 Bimn.

#F4 AR SRTF 4 Mtk AUCHKRT I

SR 1 3 10
Basic_LR 0,737 0,726 0.723
DH 0.775 0.733 0.755
Bagging 0. 744 0.728 0.746
USFD 0.763 0.782 0.792

10

&

8

True Positive Rate
o
&

; - - Basic_LR(AUC=0737)

o -+ Bagging( AUC=0744)
2 -+ DH{AUC=0.775)

Lt — USFIXAUC=0763)

0 02 04 08 08 10

False Positive Rate

B8 4By ROC HILHy%t L (SR=1)

10

5 &

True Positive Rate
=
=

o
&

c

False Positive Rate

B9 4%k ROC £ Ayt (SR=3)
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= - Basic_ LR(AUC=0.723)

-+~ Bagging( AUC=0.746)

- - DHAUC=0.755)
Lo — USFIXAUC=0792)

0

(1} 02 04 06 08 0
False Positive Rate

B 10 4 #J7E ROC B ST H (SR=10)

BETT & , A5 SE Basic LR M HA T B 3%
REEE, TUBHAESHEER/NMIBR T, MABEER
MTAFEBONG, RESERABERGH—FIEER
B EBU/PBIRE TR TR M 2.

BE & BE R MK, SEXTEE AT AR 4, AR oL By
SREA—E, FHTEEMITH P E M, FE SIS
AE P B AR R R A B E AR, B ka3
RRBREEE. & SR=10 MIFHL T, USFD K Basic_LR $2
B T#9.5%, AW R 5 iR 8 T 5% . Bagging i
TETERER A LR AR RN, B AR R &N
ol , B8R 7E8LS A A BT &5 1 e RIAR TR, B e P Bt
bt ARnARSCIR R USFD k. #4h, DH 77889 ROC i
KABYIR FE—EHIBEAR, X 5ZHHHH PR
MR DML IR —BL .

4.3.4 USFD 7 ik & 2 % R 65 5475490

RTB #4% Li EERIEHE . ERAR MR &=
TR BANTEERX R REAEZED R M6 E
W, ZERIMEMRE, 2 LREERBEENELRS
EREUGR. BRI B, & R H K USFD WS 5E
THAYNGER AT LR T 52 R, W B T 4% b SRR IR ER
18— AR, 7 USFD FEd, ST oK BEAUIEER
TR, 47 AL P B — R BV BT 5 oK K4 T il ket
&1,

HRIE TETEFERREFEN S SAERYT
R TEERAPREEEERL., AXNFETHEREN
R PRI A 4T B AT SR —FME TR HAE
MARIE L SR k. BT B ARRER A
HATERAL AT . S MAHE 2 RALXT R P s AT s, A
WREFERRT SN TRTNFEE. TRIEH, 330 Y
By USFD HE: G S R B R A g AUCE LB T
9.5%, X PR B Bagging M DH BF F BB E T
5% . B—HE, A LEHHWHEFHSBASHETUART
SER TR DI RN ENER AR XN T BERE —8
HIE N , 3 F F RS M EFEH A UUR R B EIR, T
BT DR SRR e RS A MR .

AXEENBERAR IR AP HRBBRAREE
BRI o, Y ST AT 3 A 0 A 0 SR A 5 R, o A B
TR EAAEENT ERHRERP, I EERESH
BB A S

True Positive Rate

g

2 % X W
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