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Abstract

Display ads are an important part of online advertising. Predicting clicks before a display ad can
not only reduce the cost of ad serving but also increase the efficiency of Internet companies’ re-
source utilization and increase revenue. As big data and machine learning technologies continue
to mature, more and more companies are using technology to predict ad click-through rates. This
paper studies the display ad click rate prediction problem from two aspects: feature importance
and model suitability. Firstly, the article finds that the advertising characteristics are most impor-
tant for the advertisement click rate prediction problem by comparing the characteristics of ad-
vertisement, user and context, and media characteristics. At the same time, adding media features
and user context features can also improve the model effect. Secondly, this paper compares the
advantages and disadvantages of the machine model commonly used in advertising click rate es-
timation, mainly from the two dimensions of model performance and model time consumption.
This paper finds that the logistic regression model, the random forest model, and the gradient
lifting decision tree model are the most suitable machine learning models for solving the problem
of advertising click rate prediction.
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Table 1. Advertisement click log data
=1 rEREEERE

FEAATR FB
FEA id instance id
] R A click
i id adid
JTEFEd advert_id
I F AR advert_name
I FEAT advert_industry inner
sk IR ) time
I P 2571 nnt
BIERS os
BRI devtype
FHL make
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Hdaimde: o & SRR TS . EAREE MR . A SOOI SRR B A 2 2 PR SR A
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Table 2. Label coding and one-hot coding effect comparison

2. PREYRED SIRIARAD RIS EL
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Table 3. Post-processing feature list
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FRARR FB
IR A click
o id adid
HEid advert_id
R advert_name
AT advert_industry_inner_1
I ZgTl advert_industry inner 2
%30 id campaign_id
A& id creative id
elyse =it creative_type
R B Tk creative is_jump
RN s FM creative_is_js
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ST AR time
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ARSCE SR R AE R T ISR A, AR U T R AE -5 BEAARFAE o SRS AR T 57 e
IR IZ R R AR . SEIGE IR INGE 4 P, S50 DU Ar A Ry

DOI: 10.12677/hjdm.2019.92008 65 EAGIEEraE


https://doi.org/10.12677/hjdm.2019.92008

R, i

Table 4. AUC and accuracy with different feature combinations

3% 4. TREMHEAA TREM AUC BESEmRE

RFELA LR 1% AUC LR BERERG R
I RHIE 0.6931 0.6920
TOEHHE + FPRRAE 0.6932 0.6936
TTHRHE + FIPVRHE + EARARAE 0.6957 0.6970

3 4 G5B nl 50, SE R S SR AR BE S VS AN FIRICR, AUC {H DA S HE R Reg 21 0.7,
M PRE S SRR AR SRR R RE G AT ER T . N P U E SR AR B BEER T /N, I RE R T AT
WA HPE BB AN g P E B MNmAGEN A P 7 Bk — S 2)m . FretsEE N+ = M H
FUEE, NIRRT SR 23k — PR Tt
4.2. FEINNEFEIJERFFEE 54
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Table 5. Comparative analysis of different machine learning models
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A2 51 B35 2 Sy Ay AUC {4 TR
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R
Y SEAR 0.6509 0.6512
ML ARAR 0.6971 0.6958
FE R ST ERC VAL 0.6942 0.6930
Tofs £ BT R SR 0.7501 0.7001
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YRR B RAR SR 22— 32 4 [a] VA A 2R O R SR LT, MR 2 DL R AUC fEAE T A BB HESE =17 . 48
B 2 A B R AR AR BEN AR A B LE BT A B o HE S A7, HL LR R AH bR e SRR AR 2R 5 R4
Fho HRPEAALG, BEYUSRME LR E A TERE, (B SR E TSI L, BENLAR MR R M R
AZEE . $ETHERIH MR B OE S IG SRAE A DL B B T U SRR AR 350 BT PR R, (H S 3 s A
RURH LG T BE SR T R SRS ZRY DL K BB HLAR KA TRUATS G 255 o Mo FEE T e SRR ASE 2 P 7 A 28 o {2k e e e
(), HAEMZFATIAS] 0.7001. AUC {EREIAH] 0.7501, ezt i Hoft pr A A4

FFPHLAS S ST R AR IS AT AR B 220, R SRR AR I SRR R FE I DUAE G T3 46 [m] Vo A 2R
WAL R, SR 6 .

Table 6. Different machine learning models consume time in test set

% 6. NN SERENI R

WL 2 ST WIZREERT (550 AR HE T
bz aCIlE 0.0225 1
REER 0.0272 1.01
BEHLARAR 0.0236 1.05
Adaboost 0.1458 6.48
16 S5 B TH R SR 0.0302 134
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ASCNPIATT AT FE TR 35 R R PR . 55— i, SFEA @ MRHES T 3 s S
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