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Abstract: Click-through rate prediction has played an important role in video recom-

mendation systems. A video recommendation system can suggest media to users based on

the results of click-through rate prediction. In this way, users may be more likely to click
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the videos recommended by platforms. However, given the volume and imbalance of data

in some applications, the accuracy of click-through rate prediction may be very low. To

improve the performance, this paper proposes an integrated approach by combining feature

engineering with techniques from machine learning. In the first stage, the algorithm uses

feature engineering to extract user, video, and combinational features from the original

dataset. In the second stage, the algorithm predicts the click-through rate by employing

supervised models of logistic regression, factorization machine, and gradient boosting

decision tree combined with logistic regression. The experimental results illustrate that the

prediction accuracy of the factorization machine model and the gradient boosting decision

tree combined with logistic regression model are better than the logistic regression model.

Moreover, the cross combination of user and video features can improve the accuracy of

the click-through rate prediction.

Keywords: click-through rate prediction; feature engineering; factorization machine;

gradient boosting decision tree
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Fig. 1 Framework of algorithm for video click-through rate prediction
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Tab. 4 Encoding of tags for actors of user-interest
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 · · · ´ñZg · · ·

0 0 0 54 0 18 0

Ø
^rA�ÚÀªA�, ^rÚÀª�|ÜA�éÀª:ÂÇ�ýÿ�´�'­��.

�©�)|ÜA���ª�<ó|ÜA�ÚÄuÝ
©)�)|ÜA�.

(1) <ó|Ü��A�. �±ò^r�,� ÐÚÀª�A���)¤#�A�. ~X, ^

r�ü
 ÐA�ÚÀª�ü
Ñ²LA�?è, /¤
ü��ê�Ó, ¿��A�Ý¹Â�

�Ó��þ. ÏLO�ùü��þ��qÝ, �±��^réuÀª¥ü
U�§Ý�“nÜ©

ê”, T“nÜ©ê”�±����#�|ÜA�.

(2) ÄuÝ
©)�|ÜA�. �â^r*wÀª�P¹)¤^r*wÀª��� n × m

�Ý
, Ù¥ n L«^rêþ, m L«Àªêþ. ò^r-ÀªÝ
©)¤^rÝ
(n× k) ÚÀ

ªÝ
 (k × m). ÏLù«�ªò^rÚÀªN���� k ��Û�m¥. Xã 2 ¤«, z�^

réA^rÝ
¥��1, z�ÀªéAÀªÝ
¥���, ^rÚÀªþ�±L«� k ��

þ. ÏLO�^rÛ�þÚÀªÛ�þ�m��qÝ, �±u÷Ñ^rÚÀª�m�d3'é.



82 uÀ���ÆÆ�(g,�Æ�) 2018 c

Ïd�±òÛ�þ�m��qÝ��|ÜA�.

ã 2 ÄuÝ
©))¤|ÜA�

Fig. 2 Schematic diagram for generating new features based on matrix factorization
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W (n × n), òÝ
 W (n × n) ©)¤Ý
 V (n × k) ÚÝ
 V T(k × n) �¦È, Ý
 V �1 j 1
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Fig. 3 Workflow for recommending videos to users
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r*wP¹. òÙ¥*w��Øv 5 min �Ã�*wP¹�Ø�, ��e 19 389 876 ^*w
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4.2 µd�I

©O¦^°Ý (Precision)!ð£Ç (Recall)!F1-Score!éê�� (Log loss)!AUC (Area

UnderCurve), ±9�m�Ç���{�µd�I. °Ý�½Â�, :ÂÇýÿ�{ýÿ^r¬

:Â�Àª¥, �^rý�:Â�Àª'~, =

P =
TP

TP + FP
, (7)

Ù¥, TP �:ÂÇýÿ�{ýÿ^r¬:Â, �^rý�:Â�Àªêþ, FP �:ÂÇ

ýÿ�{ýÿ^r¬:Â, �^rvk:Â�Àªêþ. ,	, - FN �:ÂÇýÿ�{ýÿ^

rØ:Â, �^rý¢:Â�Àªêþ.

ð£Ç�^r¢S:Â�Àª¥�ýÿ�(�Àª'~, =

R =
TP

TP + FN
. (8)

F1-Score �nÜ�Ä°ÝÚð£Ç����I, ÙL�ª�

F1 =
2 × P × R

P + R
. (9)

éê���O�úª�

Log loss = −
1

n

n∑

i=1

(yi log(pi) + (1 − yi) log(1 − pi)), (10)

Ù¥, pi �ýÿ�:ÂVÇ, yi �^r:Â�Ä�ý¢�. lª (10) �±wÑ, éê���

�, ýÿ(J�°(.

4.3 (J�©Û

ÏLò�©�{�ýÿ(J�È���d (Naive Bayes, NB) �{Úûüä (Decision

Tree, DT) �{�ýÿ(Jé'5�y�©�{��J. �
�y\\|ÜA���^, ·�©

O3\\|ÜA�ÚØ\\|ÜA�ü«�¹eÿÁ�{�5U.

3¢SA^¥, ü�^r:ÂÀª�êþÊH��, êâ��K��'~¬4ÝØ²ï, Ï

d·�©O¦^�K��'~� 1B300 Ú 1B2 000 �ÿÁêâ8ÿÁ�{�J.

Ôö8�K��'~� 1B10, ÿÁ8�K��'~� 1B300, =¦^^rA�ÚÀªA�


Ø\\|ÜA�. ÄuÏf©)Å (FM) �:ÂÇýÿ�.!ÄuFÝJ,ûüä-Ü6£8

(GBDT+LR) �:ÂÇýÿ�.ÚÄuÜ6£8 (LR) �:ÂÇýÿ�.�ýÿ�JXL 5 ¤

«. L 5 ¥��)�ÓÔöêâÚÿÁêâe, È���d (NB) �{Úûüä (DT) �{�ý

ÿ�J.

LLL 5 ¢¢¢���(((JJJ1

Tab. 5 Result 1
�.9�{ Precision Recall F1-Score Log loss AUC Time/ms

FM 0.13 0.64 0.22 0.130 4 0.862 57 968
GBDT+LR 0.09 0.74 0.16 0.134 7 0.883 4 231

LR 0.08 0.14 0.10 0.204 2 0.682 409
NB 0.01 0.21 0.01 2.441 7 0.626 1 624
DT 0.01 0.77 0.01 15.121 0.666 3 471

ã 4 � � © 3 « � . ± 9 È � � � d (NB) � { Ú û üä (DT) � { ý ÿ ( J �

ROC(Receive Operation Characteristic) ­�.
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ã 4 ROC­��

Fig. 4 ROC curve 1

Ôö8�K��'~� 1B10, ÿÁ8�K��'~� 1B2 000, =¦^^rA�ÚÀªA

�
Ø\\|ÜA�. ÄuÏf©)Å (FM) �:ÂÇýÿ�.!ÄuFÝJ,ûüä-Ü6£

8 (GBDT+LR) �:ÂÇýÿ�.ÚÄuÜ6£8 (LR) �:ÂÇýÿ�.�ýÿ�JXL 6

¤«. L 6 ¥��)�ÓÔöêâÚÿÁêâe, È���d (NB) �{Úûüä (DT) �{�

ýÿ�J.

LLL 6 ¢¢¢���(((JJJ2

Tab. 6 Result 2

�.9�{ Precision Recall F1-Score Log loss AUC Time(ms)

FM 0.10 0.81 0.18 0.102 0 0.941 393 332

GBDT+LR 0.09 0.68 0.16 0.166 6 0.861 275 293

LR 0.02 0.35 0.04 0.215 8 0.803 2 628

NB 0.001 0.19 0 1.445 5 0.654 5 009

DT 0.001 0.77 0 15.13 0.668 33 295

�© 3 «�.±9È���d (NB) �{Úûüä (DT) �{ýÿ(J� ROC ­�Xã 5

¤«.

ã 5 ROC­��

Fig. 5 ROC curve 2
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l±þü|¢��±wÑ, �©¤JÑ�:ÂÇýÿ�{LyûÐ. ÄuFÝJ,ûü

ä-Ü6£8��.ÚÄuÏf©)Å��., 3:ÂÇýÿ�J�¡�`uÄuÜ6£8��

., �ÄuÜ6£8��{�mE,Ý�$. ÏLé'ü|¢��(Juy, ¡é�K��'~

Ø²ï�êâ�, éõK~��¬�ýÿ¤�~, ù¬��Xe�¹: ¦+ð£Ç�p, �´°

ÝÚ F1-Score ¬é$. ù`²3�K��4ÝØ²ï��¹e, :ÂÇýÿ´���~(J�

¯K. �©�{3�K��Ø²ï��¹e�,U
k�Ð�Ly.

3^rA�ÚÀªA��Ä:þ, \\^rÚÀª�|ÜA�. 3Ôö8�K��'~�

1B10, ÿÁ8�K��'~� 1B300 ��¹e, ÄuÏf©)Å (FM) �:ÂÇýÿ�.!Äu

FÝJ,ûüä-Ü6£8 (GBDT+LR) �:ÂÇýÿ�.ÚÄuÜ6£8 (LR) �:ÂÇý

ÿ�.�ýÿ�JXL 7 ¤«.

LLL 7 ¢¢¢���(((JJJ3

Tab. 7 Result 3
�. Precision Recall F1-Score Log loss AUC Time/ms
FM 0.16 0.90 0.28 0.162 3 0.979 53 065

GBDT+LR 0.14 0.94 0.24 0.139 7 0.987 4 154
LR 0.10 0.93 0.19 0.238 4 0.971 365

ÏLé'¢�(J 3 Ú¢�(J 1 uy, \\|ÜA��, Äu 3 «ØÓ�.��{�J

Ñk
wÍ�J,. dd��, 3:ÂÇýÿ¯K¥, A�ó§�~'�, cÙ´A��m��

�|Ü, é:ÂÇýÿ�{��Jk�©­��K�.

Äu�©¤JÑ�{�:ÂÇýÿ(J, �z�^rí�Ù�k�U:Â�Àª. ©O�

:ÂÀª�ogê�u 20!30!40 Ú 60 g�^rí�Àª, í��¤õÇXL 8 ¤«.

LLL 8 ííí���¤¤¤õõõÇÇÇ

Tab. 8 Accuracy of recommendations

:ÂÀªgê í�¤õÇ

> 20 0.03

> 30 0.022

> 40 0.07

> 60 0.08

·�éA�?1­�5©Û, uy|ÜA�!^r,� Ð±9Àªa.éÀª:ÂÇý

ÿ��­�, ¿�ýÿØÓa.Àª�:ÂÇ, ��A��­�5�Ø�Ó. ýÿ>K�:ÂÇ

�, �üA�Úü
A��­�5Ä��Ó; 
ýÿ>Àì�:ÂÇ�, �üA��­�5�$

uü
A��­�5. Äu±þ©Û, ·�ò>KÚ>ÀìlÀªêâ¥©lÑ5, ©O�í�,

í��¤õÇXL 9 ¤«.

LLL 9 ííí���>>>KKKÚÚÚííí���>>>ÀÀÀììì���¤¤¤õõõÇÇÇ

Tab. 9 Accuracy of movie and TV recommendations

:ÂÀªgê
í�¤õÇ

>K >Àì

> 20 0.02 0.05

> 30 0.013 0.018

> 40 0.07 0.08

> 60 0.086 0.085

lL 9 �±wÑ, ò>KÚ>Àì©O�í�, ¤õÇÑkJp.
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5 o (

�©ÄuA�ó§Ú 3 «ÅìÆS��.¢y
�«Àª:ÂÇýÿ�{. �{|^A�

ó§��{J�^rA�ÚÀªA�, ¿ò^rA�ÚÀªA���|Ü, �©OÄuÜ6£

8!FÝJ,ûüä-Ü6£8ÚÏf©)Å¢y:ÂÇýÿ�.. �©�{3�K~��Ø²

ï�êâ��DÕ��¹e�,LyûÐ. �5�±3A�ó§�¡?1�õ�ó�, l
Jp

Àª:ÂÇýÿ�{�5U.
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