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Best Value

Buy Philips Norelco BG2020 Men's Bodygroom and get MANGROOMER Do-It-Yourself Electric Back Hair Shaver at an additional
%$5.00 off Amazon.com's everyday low price.

= Total List Price: 37898
s Buy Together Today: $69.94
] You Save: $10.04

() Buy both and save |

Customers who bought this item also bought
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MANGROOMER Do-It- Panasonic ER421KC Nose Tweezerman Deluxe Tweezerman Stainless Brokeback Mountain
Yourself Electric Back and Ear Hair Trimmer, Men's Grooming Kit Steel Ingrown Hair {Widescreen Edition)
Hair Shaver Wet/Dry, Lighted $19.99 Splintertweeze ettt
Frrininl i Ao $14.87
$39.95 $14.99 %8.97

+ Explore similar items : Health & Personal Care (21) DVD (18) Music (3) Books (2)
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O Jtems’ popularity is an aspect
widely studied in this context

o Good to identify items of
potential interest to the users

= ...but too trivial to produce
Interesting recommendations

5 E.g., the non-personalized
model [Cremonesi et al.]
recommends a fixed list of
popular items to all the users | SN |
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“ Novel recommendation approach

1.

Build the predictions with the state of the art in
recommender systems (SVD++)

Calculate the frequency of evaluation of an item
(Domain Popularity Index, DPI)

Recommendations are performed by using both
the predicted rating and the DPI
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5 The employment of the popularity as a
form of post-processing is novel

“ Novel recommendation approach
(Popularity-Based SVD++, PBSVD++)
= Evaluation on 3 real-world datasets

* Our proposal outperforms the state-of-the-
art recommendation approach (SDV++)
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Domain Popularity Index (DPI)

BN
0 np;y IS the number of positive preferences
expressed by all users U for an item i

= DPI(1,U) represents the frequency of
evaluation of the item w.r.t. the others

DPI(i,U) =

Y np,

Vel
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B2 |
0 Let rating;, be a SVD++ prediction and R,
the list of recommended items

o We normalize it in a [0,1] range:

STD(i, u) = ratng.,
) rating;,
VjeR,
2 The final rating will be:

DPI(i,U)
>, DPI(j,U)

Y jeER,

pi,UZSTD(i,u)+
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= We validated our proposal with two experiments:
1. Percentage of times we out-/under-performed SVD++
2. Accuracy improvement w.r.t. to SVD++
= Three datasets:
* Two extracted from Movielens 10M
* One extracted from Yahoo! Webscope (R4)
5 Measure

*  FI1®@n (harmonic mean of Precision and Recall when n
recommendations are generated)

*  We will present the difference of the F1 obtained by
SVD++ and PBSVD++ (F1-variation@n)
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(a) General performance

= With all the three datasets, between 10 and 30%
of the times our approach outperforms the state-
of-the-art

o The additional information we employ for the re-
ranking leads to significant improvements
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(b) F1-Measure @n

= In all the three datasets there is a strong
iImprovement (almost 30% for Yahoo and 2
recommended items)

o No improvement with the maximum number of
recommendations (i.e., 20)

* No matter how you re-rank them, the recommended
items are the same
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Conclusions

I EEE——————
= The popularity has proven to be a useful source
of information in recommendation process
* But do not lead to accurate suggestions

= We proposed an algorithm (PBSVD++) that
1.employs the state of the art in recommendation (SVD++)
2.integrates a popularity index to modify the rating and re-
rank the results
o Experimental results show the capability of our
approach to outperform SDV++
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Future work

el
2 When an item belongs to more domains
(e.g., movies with multiple genres)
evaluate the popularity in each domain

2 Introduction of other popularity metrics
* Geographic
* Demographic
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