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Figure 1 Conceptual Scheme of this Research. We Aim to
Make Offline Metrics Close to CTR.
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Algorithm 1: CTR Prediction Using Offline Metics

Input: Recommended contents R,, to user u by the system,
and the click history H, ofuser u.
OQutput: Predicted CTR ctr

//Calculate the metrics
for each user u in all user set U do
Calculate Diversity Dy, (R, Hy)
Novelty Ny (R, Hy)
Serendipity S, (Ry, Hy)
Users Diversity Uy, (R, Hy)
Calculate Uniqueness Q(Uy Ry,)

//Calculate the mean of all users’ metrics
D «—
N «—
S«
U «—

)
8

|1 F

<

u

//Predict CTR
Predict ctr(D, N, S, U, Q) by XGBoost
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(1) ZHkEME(diversity)

1
diversity = mz Z

uel ijeRy, i<j

Jprefs(i) x/prefs(j)
prefs(i and j)

ZIT, prefs(Ea T ViR HE Liia—H 0 AR,
prefs(iand DIxa 7 ik jEmiFEE Liz=2—FD A
¥, RyIZ—Vulld LTl aXr s RLizaryry ok
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(2) FHME(novelty)
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AT, LaAry Rars o yYodts, oo
TUVENE L= RD R ETEREL TS, LR
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(3) ESME(serendipity)

serendipity
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|H,| = prefs(i and h)
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(5) =— Y LHEME (users diversity)

users diversity

_1 Z Jprefs(i) x \/prefs(j)
U prefs(i and j)

uel ijeHy, i<j
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Figure 2 Correlation between CTR and Offline Metcics
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Table 1 MSE of CTR Prediction Task
A MSE YR
TR E 0D F 0.611 -
Tk EE + 0.274 55.2%
L3 A v RNE eI
Tk BE + 0.222 63.7%
L A v RN R FE R+
o — LR

BEHAT 5. A7 A4 VFHMETIE, FOHOR T E2H L0
LEFL, THKE, BIO3ETERLLESIHMIEEL
B RAY
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BEFT. MAP@K 1T, kL2 A FavsF oYK L
B, k ohics Uy s Snfear T Y NFEIET S
HGE2RT.
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Figure 3a  Transition of Predicted CTR and Actual CTR
(Predicted Only by Prediction Scores)
(The blue line means actual CTR, and the green line means

predicted CTR. The same applies hereafter.)
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Figure 3b  Transition of Predicted CTR and Actual CTR

(predicted by Prediction Scores and Evaluation Metrics of

Recommended Contents)
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4 CTR, AUC, serendipity, uniqueness D H#EFR%
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Figure 4 Transition of CTR, AUC, serendipity and uniqueness

(The red line means CTR, the green line means AUC, the blue

line means serendipity, and the black line means uniqueness.)
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