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An evolutionary Approach for automating the Selection
of Optimum Algorithm in Collaborative Filtering
Recommender Systems

Mojdeh Robati Anaraki'*: Nooshin Riahi?
Computer Engineering, Alzahra University, Tehran, Iran'

Abstract

The expansion of online resources over the last few decades, has made the internet the main source for

multimedia information, such as movies, books, music, etc. When the amount of choices becomes
: overwhelmingly large, the need for a recommender system arises. Recommender systems can be defined
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as software programs to suggest the most appropriate and closest items to the user's taste. They act as a
counselor, behaving in such a way to guide people through the discovery of products of interest.
Nowadays, there are numerous recommendation methods used to implement a recommender system.
These methods, generally, fall into three main categories. 1) Content-based techniques that recommend
items similar to the user’s highest rated items. 2) Collaborative filtering techniques, which use similarity
between users or items according to the user’s rating pattern, for generating recommendations. These
recommendations are based on the preferences of users who have similar tastes to the target user. 3)
Hybrid techniques that combine these two techniques to address the shortcomings of each one.
Collaborative filtering methods are categorized as 1) Model-based methods, in which they use the user's
rating to create a model for recommendations, and 2) Memory-based (Neighborhood-based) methods,
which find the most similar users to the target user (neighbors) to create recommendations for the user.
Various similarity functions and metrics have been used to create the model or compute the similarity in
collaborative filtering methods. When using collaborative filtering methods, one of the challenges
encountered, is the cold start problem. This occurs because in e-commerce systems, most items have only
been rated by a few users. Because there are not enough ratings, it becomes difficult to calculate the
similarity between users or items. There are several approaches to tackle the cold start problem in
collaborative filtering systems.

When building a recommender system, it can be challenging to manually select a method from the
recommendation methods, since there are many methods to choose from. The best method to generate
the most relevant recommendations, may vary depending on the available data of users and items, since
each approach has its own particularities and depends on the context. Furthermore, because the data in
online systems are constantly changing, with a fundamental change in the data, the best method for the
system might also change. Therefore, there is a need for a technique to automate the selection of
recommendation technique for the system.

This paper proposes a method that allows us to choose the best combination of memory-bsed
collaborative filtering algorithms that, when wused on selected data, will make the optimal
recommendations in a limited amount of time. Among the main methods to create recommendations,
collaborative filtering methods have better results because they rely on quality data provided by users,
compared to content-based methods that rely on item information. Therefore, collaborative filtering
methods have been selected as the base methods for the purposed approach, and since the goal is to
create a system that can choose the optimum recommendation algorithm based on general data
statistics, such as the ratio of items to users, if the data changes fundamentally, we need to be able to
rerun the algorithm to select a new combination of methods. Since the selected methods for this system
need to be run in a relatively short time, only the memory-based methods in collaborative filtering
methods have been selected, because they do not need a training step, also they can adapt themseleve to
changes in the data, faster. To address the cold start issue, in addition to computing the similarity
between users, inferred trust is also computed to increase the amount of available information about
relations between users’ interests. Since we the time is limitted, we need a technique to find the best
combination of methods without testing each combination. Therefore, we used the genetic algorithm that
reflects the process of natural selection, where the fittest individuals are selected for reproduction in
order to produce offspring of the next generation. This process is continued to iterate and eventually, a
generation with the fittest individuals will be found within a limited time. This approach, ultimately,
proposes a combination of collaborative filtering techniques for each data set. This will automate the
selection of the optimum algorithm for a recommender system, and the resulting combination, in
addition to considering time limits, will have an acceptable precision for making recommendations.

The proposed approach, uses a genetic algorithm for ranking aggregation of memory-based
collaborative filtering methods, selects the most relevant recommendations generated by different
similarity techniques to create a Top-N recommender system. This approach has been compared to
individual memory-based collaborative filtering methods and other similar methods. The experiments
were performed using 1M MovieLens and 100k MovieLens and HetRec2011 data sets. The results show
that the proposed approach in this paper, is performmed better and it has a higher precision in
generating recommendations for users, than the other similar algorithms.

Keywords: recommender systems, collaborative filtering, genetic algorithm, similarity metrics, rank
aggregation, inferred trust.
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(Table-1): Techniques for calculating similarity
proposed by [4] with some modifications
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City Block 0.7016 0.523 | 0.4458
Euclidean 0.6803 0.5448 0.6
Distance
Spearman 0.3156 - 0.6518
Correlation
Log 0.6976 0.5415 | 0.64186
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(Table-5): Impact of increasing number of

the generations on the purposed
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(Table-6): Similarity Calculating methods in
proposed method
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(Table-7): changes in each level of the
proposed method



\ Cosine

S 0.1917 0.0385
Similarity

A Spearman 0.2031 0.0232
Correlation

Obaebl 5l oolaiul b

0.3

0.25

0.2

Recall

0.1

0.05 I
0 [

H 100K m1M

S vgy 9 ooleddin shgyrecall Hladio : (B ,104405)
(_,T owijlw
(chart-5): Recall of purposed method and it’s
building method

recall ¢ precision e b cpl Golol 5
baans S5 (slime slaby, 5l e oleiiy g,
ol 4Bl s Tizme O jgos b g, 5l SO yo 5l
alie o by, b ooleiion by, dumlie -F-T-F
Lol alie slagss, b goleiiun bs) dulio sl
bolpris adg slp Invenire alols [4] ;1 oolax!
29 Cowl o0l ‘_g)'LwobL:.é o..\,;'a:le)l Slasin d"‘b
sl (Slie Sk he, [1]0 el
Sould e, [24] _elel ,» ¢ SVDPlusPlus
Sl S sl Parallel SGD jyxe oS 25 Lo
ol Oliee 5 Wload giluesly iy @RI N Saoy
auslio golgiins g, b oyl recall 4 precision >
Lol ol

oo oS5 et lom 12l ol Gl
alie slo by, § (golgainn bg, recall 4 precision
o HR 9 MLI100K 9 MLIM (_gl.(boo‘.) AL goro ‘_g‘).v
oals UL.....J (\Y—Jsu\}) 9 (\\—Jsd?) 9 (\’—Jsd.?)

G 00

Y CityBlock 0.588013 0.29795
v Euclidean 0.576383 0.346217
¥ Tanimoto 0.586333 0.2962
o LogLikelihood 0.588333 0.298383
4 Pearson
Correlation 0.463633 0.267517
RENEE
v Cosine Similarity | 0.563233 0.351667
A Spearman
Correlation 0.538267 0.2785
Olaebl b

sael 5o Gioles 4 (F-loged) 5o Jgo op =l
o ui &.\J)Lw <5L‘°u*’5) )‘ e

0.7
0.6
S 0.5
@ 0.4
§ 0.3
a 0.2
0.1
0
3 Y \0(\’{- be'é\ $® oob N ,b{{‘\\ S
AT ST ESE
> © <</\> <° &E ﬂﬂe\ ij\ O‘
NSNS RS
S @ &
© 2
e R
Q 100K m1M

SLba) 9 5ol gy B9 Hladlo : (F- yl0909)
oT ouijlw
(chart-4): Precision of purposed method and it’s
building method

Sl slags, 5 soleiny b, recall Gl
LL00K ¢ IM sl Bobacgeme slp ol 80550
=S ) (0-0503) 9 conl oals osls las (A= Jgux)

el 03591y Loles a1,

S e 9 53 lemioy hgy Tecall (et (3= Jgu)
of 83k (sl5xe
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(Table-12): comparing purposed method and
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precision recall Duration(ms)
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