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Abstract

Collaborative Filtering (CF) techniques, which attempt to predict what information will meet a user’s needs based on data coming from
similar users, are becoming increasingly popular as ways to combat information overload. They use a single rating as input. However, the
multi-criteria based CF presents a possibility to provide accurate recommendations by considering the user preferences in multiple aspects.
This research proposes a new recommendation method using Adaptive Neuro Fuzzy Inference System (ANFIS) and Fuzzy Self-Organizing
Map (SOM) for accuracy improvement of multi-criteria recommender systems. We also apply Principal Component Analysis (PCA) for
dimensionality reduction and to address multi-collinearity induced from the interdependencies among criteria in multi-criteria CF datasets.
Experimental results on Yahoo! Movies and TripAdvisor (users’ reviews on hotels) datasets demonstrated that the proposed method

significantly improves recommendation accuracy of multi-criteria CF.
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1. Introduction

Recommender Systems support the online customer in
his/her decision making and buying process (Rashidi et al.,
2015; Nilashi et al., 2016b; Bagherifard et al., 2013;
Nilashi et al., 2013; Nilashi et al., 2014a; Nilashi et al.,
2014b; Vahid et al., 2016). Recommender systems based
on Collaborative Filtering (CF) are particularly popular and
used by large online retailers (Nilashi et al., 2015a; Nilashi
et al., 2015b; Farokhi et al., 2016). CF algorithms can be
divided into two categories: memory-based algorithms and
model based algorithms (Nilashi et al., 2013; Adomavicius
and Tuzhilin, 2005).

One of the main problems in the recommender systems
especially CF is known as the sparsity problem. Thus, these
approaches make poor computation similarity when rating
information is insufficient and with considering this
problem, system produces the poor recommendation (Park
and Chang, 2009). Furthermore, memory based CF
approaches suffer from the scalability problem. Therefore,
scaling up theses system on real datasets is one of the main
challenges that many methods have been developed to
overcome it (Tsai and Hung, 2012).

Compared with memory based algorithms, model-based
algorithms usually scale better in terms of their resource
requirements (memory and computing time) and do not

require keeping actual user profiles for predictions
(Georgiou and Tsapatsoulis, 2010). Model-based methods,
such as Bayesian networks and clustering models (Bilge
and Polat, 2013), address the problem from a probabilistic
perspective to find the best item for a given user profile,
and need only keep the resulting model in memory while
the algorithm is running. Model-based CF, for example the
work of Breese et al. (1998), can often offer significant
advantages over memory-based algorithms in terms of
efficiency but have not offered the same level of accuracy.
It adopts an eager learning strategy, taking a probabilistic
approach to predicting or recommending content, where a
model of the data, i.e. the users, items and their ratings for
those items, is pre-computed (Rennie and Srebro, 2005).
Indeed Breese et al. (1998) found that their model-based
algorithms were four times faster than their memory-based
algorithms at generating recommendations in terms of
runtime.

Multi-criteria based CF presents a possibility to provide
accurate recommendations by considering the user
preferences in multiple aspects. Adomavicius and Kwon
(2007) developed a number of basic strategies to exploit
multi-criteria ratings for improving the predictive accuracy
of a recommender in terms of typical information retrieval
measures. Later on, a number of additional techniques to
leverage the detailed ratings in the recommendation process
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were proposed (Sahoo et al., 2012; Shambour and Lu,
2011a,b; Jannach et al., 2012; Jannach et al., 2014; Nilashi
et al., 2014a,b; Nilashi et al., 2015a; Nilashi et al., 2016c;
Nilashi et al., 2016d). The work presented in this paper
continues on these lines of research.

From the literature on multi-criteria CF, at the moment
there is no implementation of PCA, Neuro-Fuzzy and
Fuzzy SOM methods for multi-criteria CF, and this
research tries to develop a recommender system based on
these methods. Hence, in comparison with research efforts
found in the literature for multi-criteria CF, our work has
the following differences. In this research:

e A hybrid recommendation method using noise
removal, clustering and prediction techniques is
proposed for improving the predictive accuracy of
multi-criteria CF.

e We use Fuzzy SOM for data clustering and ANFIS
(Nilashi et al., 2015c) for prediction task.

e PCA (Nilashi et al., 2016a; Nilashi et al., 2016c) is
applied for dimensionality reduction and to address
multi-collinearity induced from the interdependencies
among criteria in multi-criteria CF datasets.

e Two datasets (Yahoo!Movie and TripAdvisor) are
used for proposed method evaluation.

2. Recommendation Method Evaluation

Yahoo Movies: The rating data was drawn from the
Yahoo Movies website. All the movies were treated as
single-rating dataset made available from Yahoo! Research.
Using a 13-level rating scale (from A+ to F), in the Yahoo
Movies platform, the users can rate movies in four
dimensions which include, Story, Acting, Direction,
Visuals, as well as assign a general rating. Additionally, the
user global perception (overall rating) provided by user was
considered values with qualitative scale 1 to 13 for each
movie.

TripAdvisor: TripAdvisor represents the world largest
and most successful social networking and community site
in tourism (Nilashi et al., 2015b). The platform facilitates
the reviewing of hotels around the world and brings
together individuals in discussion forums and provides
users with independent travel reviews and comments. In
TripAdvisor website users can rate a hotel according to 7
different dimensions: Value aspect, Rooms aspect,
Location aspect, Cleanliness aspect, Check in/front desk
aspect, Service aspect and Business Service aspect.

To evaluate the accuracy of the proposed method, we
conduct a set of experiments. We determine the precision
and recall of the Top-N list for recommender system. The
recommenders’ prediction accuracy is measured by Root
Mean Squared Error (RMSE), which is a widely used
metric for evaluating the statistical accuracy of
recommendation algorithms, given by
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where Q = { (uj,0;)|u;had rated o; in the probe set }. A

lower value of RMSE indicates a higher accuracy of the
recommendation system.

Table 1 presents the RMSE and coverage obtained from
proposed approach on Yahoo!Movie and TripAdvisor
datasets.

We also evaluated the recommendation quality using
coverage measures. Coverage measures the percentage of
items for which a CF system can provide a prediction, or
that ever appear in a recommendation list.

To compare the proposed method with some stat-of-the-
art approaches in multi-criteria CF, we employed precision
metric, which is a metric that represents the probability that
an item recommended as relevant is truly relevant. It is
defined as the ratio of items correctly predicted as relevant
among all the items selected:

Precision= — 2
TR+ FR

where TR is the number of true relevant predictions, i.e.,
the number of items recommended as relevant that are
really relevant, and FR is the number of false relevant
predictions, i.e., the number of items recommended as
relevant that are non-relevant.

We also evaluated our approach on the Yahoo!Movies
and TripAdvisor datasets using an additional set of metrics.
The MAE is determined as the average absolute deviation
between predicted ratings and true ratings shown in Eg. (3).

pred, ; —act, ;

- ©)

N
MAE (pred,act) = Z
i=1
where N is the number of items on which a user u has
expressed an opinion.

In Table 2, we report Precision@5 and Precision@7
values as well as the Mean Absolute Error (MAE) for MAE
of all implemented methods.

From the results, we can find that the precision at Top-5
and Top-7 of the proposed method outperforms SVD and
HOSVD methods. From the results, it can be also found
that the proposed method outperforms the methods which
use CART as a prediction method.

Table 1
Coverage and RMSE

Method RMSE Coverage
SVD (Yahoo!Movies) 0.773 0.71
SVD (TripAdvisor) 0.736 0.82
HOSVD (Yahoo!Movies) 0.614 1
HOSVD (TripAdvisor) 0.594 1
CART (YYahoo!Movies) 0.565 1
CART (TripAdvisor) 0.536 1
EM-PCA-CART (Yahoo!Movies) 0.507 1
EM-PCA-CART (TripAdvisor) 0.483 1
EM-PCA-CART (Yahoo!Movies) 0.501 1
EM-PCA-CART (TripAdvisor) 0.477 1
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Table 2
MAE, precision at Top-5 and Top-7

Method Precision@5  Precision@7 MAE
SVD (Yahoo!Movies) 65.07 61.15 1.65
SVD (TripAdvisor) 69.11 67.12 1.52
HOSVD (Yahoo!Movies) 76.12 74.18 1.23
HOSVD (TripAdvisor) 78.12 76.45 1.07
CART (YYahoo!Movies) 84.3 80.5 0.99
CART (TripAdvisor) 84.7 824 0.94
EM-PCA-CART

(YYahoo!Movies) 85.3 83.6 0.91
EM-PCA-CART (TripAdvisor) 85.7 84.1 0.88
EM-PCA-CART

(YYahoo!Movies) 86.9 84.8 0.89
EM-PCA-CART (TripAdvisor) 87.4 85.8 0.87

3. Conclusion

In this paper, we proposed a new recommender system
using prediction and clustering techniques to improve the
predictive accuracy of the multi-criteria CF. The proposed
method was developed based on PCA, ANFIS and Fuzzy
SOM for items recommendations to users. We analyzed the
predictive accuracy of proposed methods in the domain of
movie recommendation in a real-world dataset provided by
Yahoo!Movies and TripAdvisor datasets. The methods
were evaluated using MAE, Precision@5 and Precision@7
using precision metric. Our experiments confirmed that the
proposed recommendation method significantly improves
predictive accuracy of multi-criteria CF measured by
standard accuracy metrics. For the future work, we plan to
investigate clustering ensemble techniques with dynamic
process for scalability issue in the context of multi-criteria
CF. We will focus on further improvement of the multi-
criteria CF recommendation accuracy and scalability for by
incorporating incremental approaches.
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