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Metrics for evaluation of Serendipity of recommendation list
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Recommender systems have been evaluated in many ways. Although prediction quality is frequently measured
by various accuracy metrics, recommender systems must provide not only accuracy but also usefullness. A few
researchers have argued that the bottom-line measure of recommender system success should be user satisfaction.
In this paper we propose metrics unexpectedness and unexpectedness_r to measure serendipity of recommendation
lists by recommender systems. The basic idea of the proposed metrics is that unexpectedness is the distance between
the result by the method to be evaluated and that by primitive predicition method. unexpectedness is a metric
for a whole recommendation list whereas unexpectedness_r is that taking account of ranking in the list. From the
both point of accuracy and serendipity, we evaluate the results by three prediction methods in the experimental

studies of television program recommendation.

1. [XL®IC

THRHBIZBWT, #E AT ARFAEICE R ERE
AT 2 Z LI B EERREOO L S TH D, FIHFE OWELT
23 U7 SRS R A 1R 35 2 L S ES A T Ao A& vk
FEDTD LV BUENG, THHRIRTR DI THESE S L7 7S
EEEA LT, THOEMS (accuracy) DRl St d Z & A
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BIEL LT, PRIRRAEOZE X HF%#M L7z MAE(Mean Ab-
solute Error)[Breese 98], fE#i#H D58 THENL S 4172 pre-
cision and recall [Cleverdon 68], F-measure [Sarwar 00],
ROC(Relative Operating Characteristic)[Swets 69] 7 & 43
FFonsd. £, TRIER & FIHEIC X DFHMIER & ooFHRE
%G9 2 AHBIRE [Hill 95), TRINEGS B2 THh D Z & Ol
il 2 $E U BIER A I B AT 5 Half life utility metric [Breese 98]
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AT DZRNT, FEMELENMED H 5B Y X N OIER A
et L7z [Sarwar 01]. % 51%, £< OFMHFICANLKDOT AT
LADPHER SNDBEAICH D BT AV Z ) T OTNTY R
Lk, SARFAE MGFET AT 2OMBE BT 5L ) 128
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# 1: #EHE Y A S OFH (L=20)

I BN1 \ BN2 KF

date precision recall precision recall precision recall
2007/3/3 || 0.2630 0.3583 0.4435 0.6075 0.3283 0.4524
2007/3/4 || 0.2087 0.2552 0.4217 0.5661 0.2793 0.3495
2007/3/5 || 0.3707 0.4455 0.4978 0.6201 0.3783 0.4477
2007/3/6 || 0.3446 0.4231 0.4924 0.6252 0.3935 0.4731
2007/3/7 || 0.3609 0.4509 0.4793 0.6074 0.4261 0.5037
2007/3/8 || 0.3565 0.4369 0.5098 0.6275 0.4065 0.4764
2007/3/9 || 0.3457 0.4270 0.4848 0.6019 0.4152 0.4819
average 0.3214 0.3996 0.4756 0.6080 0.3753 0.4550
primitive=genre

unexpected | unexpected.-r unexpected | unexpected.-r unexpected | unexpected.-r
2007/3/3 || 0.0431 0.0236 0.1372 0.1018 0.1706 0.0921
2007/3/4 || 0.0304 0.0121 0.1088 0.0762 0.1422 0.0811
2007/3/5 || 0.0694 0.0416 0.1325 0.0980 0.1989 0.1285
2007/3/6 || 0.0598 0.0351 0.1273 0.0904 0.2000 0.1187
2007/3/7 || 0.0668 0.0414 0.1365 0.0979 0.2283 0.1393
2007/3/8 || 0.0622 0.0401 0.1451 0.1061 0.2022 0.1138
2007/3/9 || 0.0589 0.0332 0.1188 0.0797 0.2022 0.1241
average 0.0558 0.0324 0.1295 0.0929 0.1921 0.1140
primitive=celebrity

unexpected | unexpected._r unexpected | unexpected._r unexpected | unexpected._r
2007/3/3 || 0.0774 0.0406 0.2273 0.1606 0.3097 0.1676
2007/3/4 || 0.0621 0.0273 0.2265 0.1616 0.2726 0.1533
2007/3/5 || 0.1225 0.0707 0.2598 0.1886 0.3674 0.2217
2007/3/6 || 0.1184 0.0667 0.2663 0.1896 0.3804 0.2210
2007/3/7 || 0.1212 0.0708 0.2449 0.1767 0.4087 0.2429
2007/3/8 || 0.1198 0.0723 0.2780 0.2034 0.3989 0.2234
2007/3/9 || 0.1168 0.0642 0.2576 0.1751 0.4022 0.2323
average 0.1054 0.0589 0.2515 0.1794 0.3629 0.2089
primitive=timeframe

unexpected | unexpected.r unexpected | unexpected.r unexpected | unexpected.r
2007/3/3 || 0.0327 0.0177 0.0463 0.0301 0.0924 0.0581
2007/3/4 || 0.0244 0.0123 0.0318 0.0213 0.0629 0.0388
2007/3/5 || 0.0363 0.0213 0.0543 0.0380 0.1011 0.0646
2007/3/6 || 0.0339 0.0195 0.0411 0.0272 0.0924 0.0534
2007/3/7 || 0.0328 0.0219 0.0512 0.0338 0.1033 0.0628
2007/3/8 || 0.0371 0.0229 0.0418 0.0265 0.1043 0.0582
2007/3/9 || 0.0303 0.0169 0.0415 0.0271 0.0826 0.0478
average 0.0325 0.0189 0.0440 0.0292 0.0913 0.0548




