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Abstract—In the recommender system, the most important is
the decision-making solution to consulte for user. Depending on
the type and size of data stored, decision-making will always be
improved to produce the best possible result. The main task in
implementing the model is to use methods to find the most
valuable product or service for the user. In this paper, we
propose a new approach to building a multi-user based
collaborative filtering model using the interaction multi-criteria
decision with ordered weighted averaging operator. This model
demonstrates the synergy and interplay between user criteria
for decision making. The model was evaluated through
experimentation with the multirecsys tool on three datasets:
MovieLense 100K, MSWeb and Jester5k. The experiment
illustrated the model comparison with some other interactive
multi-criteria counseling methods that have been reserched on
both sparse datasets and thick datasets. In addition, the model
is compared and evaluated with item-base collaborative
filtering model using the interaction multi-criteria decision with
ordered weighted averaging operator on both types of datasets.
Consultancy results of the proposed model are quite effective
compared to some traditional consulting models and some
models with other operator. This counseling model can be
applied well in a variety of contexts, especially in the case of
sparse data that will result in improved counseling. In addition,
with the above method, the user-base model is always more
efficient than item-base on all datasets.

Index Terms—User-base, item-base, collaborative filtering
recommender system, the interaction multi-criteria decision,
ordered weighted averaging operator.

I. INTRODUCTION

The Multi-Criteria  Recommender System [1]-[4] is
increasingly being researched and developed by scientists to
serve better the need about finding diverse information of
users. Often, almost all events occurring in the human world
are essentially multi-criteria. Consultation will not be
appropriate if the decision is only based on the evaluation of a
particular criterion. The multi-criteria counseling system is
based on the evaluation of multiple criteria rather than on a
criterion for determining the outcome of counseling because
there are always interrelations, influences and interactions
among the criteria and from that make the real decision.

The counseling system is based on assessing many of the
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criteria for making decisions that suggest that users have long
been interested in research. For example, the counseling
system evaluates the many factors that influence the
destination to suggest that the traveler chooses according to
his preferences [5]; The system relies on image-specific
features or demographic features [6] to advise users seeking
demographic information and lots of other model [7]-[10]. In
this paper, we propose a new approach to building a
user-based collaborative filtering model using the interaction
multi-criteria decision with ordered weighted averaging
operator. This model is also built on the basis of a
combination of traditional consulting techniques and the
analysis of user evaluation data on products in archival data.
Model identifies key users (which are key criteria). Rely on
these criteria to make a counseling decision. The model
assign the weights for these user criteria according with the
proposed method. Based on the weights and ratings of this
user for each product performing the mathematical
operations for the consultancy rankings. The results of the
proposed model are reliable, responsive to user requirements
and can be effectively applied to different datasets. The
proposed model seem always better than other models.
Particularly, the experimental results on datasets (too sparse)
which number of users is much larger than number of items
show better than results on dataset (too thick) which number
of items is much larger than number of users and the
experimental results of proposed model is always better than
the current IBCF model [3], [11].

The paper is organized into five sections. The first part
introduces an overview of the multi-criteria consulting
system, some current approaches. The second part presents
multi-criteria and some decision-making operations for the
consulting model. The third part presents the multi-criteria
decision-making model with ordered weighted interactions,
model implementation steps. The fourth part presents some
experiments to evaluate the model through the multirecsys
tool. The last part is the conclusion.

Il. PROPOSED MODEL AND OPERATION ARE USER FOR
DECISION MAKING

A. Recommender Model with Traditional Average

Operations: Arithmetic Mean (MA), Geometric Mean (GM)

and Hamornic Mean (HM)

The matrix A (m xn) consists of m rows uy, uy, ..., u,, and
n columns iy, iy, ..., &, . Each row of u, (p: 1..m) with each
column i, (q:1..n) determines the value r,, as Table I.
Each row is a criterion. The single criterion model shown on
matrix A with the function #(u, i) is determined based on a


mailto:hmtri@vnkgu.edu.vn
mailto:ttvu@dut.udn.vn
mailto:hhhung@dut.udn.vn
mailto:hxhiep@ctu.edu.vn

International Journal of Machine Learning and Computing, Vol. 8, No. 4, August 2018

single row called a single criterion model. In contrast, for
7(u,i), each #, value is determined based on the set Ry
={ rg"2qs 1 Tmg + (q:1..n) where 7,, is the value
corresponding to u, (p:1..m) and iy, this is a multi-criteria
model with the criterias are rows.

TABLE I: MULTI-CRITERIA MODEL WITH ARITHMETIC MEAN, GEOMETRIC
MEAN, HAMORNIC MEAN ON A(4 % 3)
i1 iz i3

Up ? 1 3
Uy 3 ? 1
Uz 3 4 1
Uy 4 2 ?

fy 333 300 166
fuy 330 200 144
few | 327 171 1229

For example, for Table I, the functions 7y, fyy, Tom are
defined by the four criteria uq, u,, us, u,, with the set on the
criteria (114,724, -, Tmg ). The operations are defined [12],
[13]:

- D — 1 m
o AM: F = — 31 Tq

S - m
o GM:F = "\[Tyg * Toq * o ¥ Topng
Ca m . om
cHMIT =T T S T
T1q T2q Tmq =1hriq
T > 0(p:1..m,q:1..n)
min(rlq,rzq, ...,rmq) < fq <m* min(rlq,rzq, ...,rmq)

B. Ordered Weighted Averaging operator-OWA

With the set: (114,72, -, g ) in the rows in Table 11, the
orderd weighted average [14] per column q, q:1..n is
defined as follows:

P(T1gT2g -+ Timg) = Liea Wj ¥ T'jg )

With m’ is the number ,, >0 (p:1..m), ¥'L;w; =1
and w; is the weight at row j and is the ordered permutation
decreasing gradual of the weights. ", is the permutation of
T, at column g and it is weighted descending order w;,

’ ! !
qu S‘rzq S"‘Srmq.

TABLE II: MULTI-CRITERIA MODEL WITH ORDERED WEIGHTED
AVERAGING OPERATOR ON A(4 % 3)

iy ip i3 W
Uy ? 1 3 0.17
Uy 3 ? 1 0.12
Uz 3 4 1 0.03
Uy 4 2 ? 0.22

7 133 125 095
fl = 0.22%4+012%3+0.03%3 = 1.33.

I1l. COLLABORATIVE FILLTERING RECOMMENDATION
BASED ON THE INTERACTION MULTI-CRITERIA DECISION
WITH ORDERED WEIGHTED AVERAGING OPERATOR

A. Proposed Model

On the data set M contains user’s the evaluation
information for the products shown in Table Il with m rows
are m user uq,uy, ..., U, and n columns are n products
iy, iy, -, U, Each user w, (p:1..m) defines an evaluation
value (up, ig) for product i, (q:1..n). This value is in the
range of 1 to 5. If u, has not evaluated the product i, then
(Up, i)="?". The proposed model selects the user-based

collaborative filtering model with k nearest neighbors (KNN).
In Table I. (k = 3), 3 users u,, uy, ug are nearest neighbors to
u, consulted users based on the similarity (or distance)
between u, and each user in the system according to pearson
correlation. Each user in kNN is weighted separately as
shown in 3.2. The Pearson measure [15] between u, and u,,

(x,y:1..m) is defined:

Simpearson (ux'uy) =
Zielux‘uy(ruxi_Fux)(ruyi_Fuy) (2)

JZiEqu‘uy (ruxi—fux)z\/z:iaux,uy (Tuyi—fuy)2

I, is the set of data items evaluated by u,, 7, is the
average rating evaluation of u, on all data items, T, is the
average rating evaluation of w,, on all data items. Then, the
distance between two users is (1-r).

B. Indentify the Weight and Results of the Consultancy

Let U,, be the set of nearest neighbors to u,. Depending on
the context, determine the appropriate weight for best advice.
Here we determine the weights of the users in the set U is
the distance value between each user and the consulted user
(uq). For eachr,; (j:1..n) not evaluated by the consulted
user u, for products, such as r,1, 7,g, 7ys2, ... in Table 11, we
define the mean values 7,; in these products according to the
proposed method (formula 1) to advise the user u,. The
method is as follows:

For m' is the number of users u,(t: 1..k) € U, rated for
product i; (j: 1..n) (m'<= k, here k = 3), the user has not
evaluated for that product with the value "?". Determine the
orderly weighted average of m' users per product by formula
(4), with each item j having the m' value r; to be calculated
on average. After defining 7,; values, rank these values in
descending order, selecting the products corresponding to the
high to low values to suggest to the user. Suppose we choose
two products to introduce to the user u, when the two
products selected are i; and isy; 7,y = 2.81 and 5, = 2.7.

TABLE Ill: PROPOSED MODEL

i1 iz Ig i52 in W
up | ? 1 o1 o ? 3
u | 5 4 .. 4 oo O 2 0.34
w |8 2 2 420 02
U | ? 1 o1 .. 3 o1
Us |80 L0 L0 02
u | 4 2 .2 w3 .2
Un | 4 2 ... 4 .. ?
Ua | ? 2 ?
7| 281 - 1.86 2.7

IV. EXPERIMENT

A. Datasets Used for Experiments

The data set used for experimentation on the proposed
model is the MovieLens 100K movie and the Jester5k joke
book, which is available at http://grouplens.org/datasets.
Movielens archive of 100,000 reviews performed by 943
users on a total of 1,682 films, each rated at least 20 movies
and rated from 1 (bad) to 5 (good). The MSWeb was
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generated by sampling and processing the logs of
www.microsoft.com in one week timeframe, episode stores
information about the 98.653 rating made by 32.710 users on
the number of 285 website (Vroot) with value of TRUE/L.
These are two datasets which is too sparse but on MovieLens
100K number of items is much larger than number of users
and opposite on MSWeb. Jester5k episode stores information
about the 500,000 rating made by 5,000 users on the number
of 100 jokes, with values from -10 to 10. Each user evaluates
at least 36 jokes. This is dataset which is too thick.

B. Evaluation Recommendations

Method used to evaluate model is the Receiver Operating
Characteristic (ROC) [15]-[18]. The method was developed
for signal detection and goes back to the Swets model (van
Rijsbergen 1979). The ROC-curve is a plot of the system’s
probability of detection (also called sensitivity or true
positive rate TPR) by the probability of false alarm (also
called false positive rate FPR). A possible way to compare
the efficiency of two systems is by compar-ing the size of the
area under the ROC-curve, where a bigger area indicates
better performance. Four values contain the true-false
positives/negatives, and they are as follows: True Positives
(TP): These are recommended items that have been
purchased and False Positives (FP): haven't been purchased.
False Negatives (FN): These are not recommended items that
have been purchased and True Negatives (TN) haven't been
purchased. First, let's build the ROC curve. True Positive
Rate (TPR): This is the percentage of purchased items that
havebeen recommended. TPR=TP/(TP + FN). False Positive
Rate (FPR): This is the percentage of not purchased items
that havebeen recommended. FPR= FP/(FP + TN).

TABLE IV: FIVE MOVIES ARE CONSULTED ON 5 MODELS WITH

these datasets, we compared the results of the counseling
with the existing methods (UBCF, IBCF) [19]-[21], and
compared with some other mathematical models such as
UBCF_AM, UBCF_HM, UBCF_GM to evaluate the results
of the proposed model. Experimental results with kNN=5,
consultants on the Movielens100K and Jester5k show that the
consultancy results have some differences but not much.
Based on the ROC Curve found that UBCF_OWA is always
better than other models. Particularly, the experimental
results on the Movielens100K, MSWeb is better than on the
Jester5k and the experimental results of proposed model is
always better than the current IBCF model and some other
current model.

TABLE V: FIVE ComICcs ARE CONSULTED ON FIVE MODELS WITH JESTERSK

MOVIELENSE
UBCF UBCF_OWA
1.Titanic (1997) 1. scream (1996)
2.Dante's Peak (1997) 2. Titanic (1997)
3. shadow Conspiracy (1997) 3. Air Force oOne (1997)
4.Air Force one (1997) 4. Liar Liar (1997)
5.L.A. Confidential (1997) 5. Murder at 1600 (1997)

UBCF_AM

UBCF_HM

UBCF_GM

1. Rainmaker,The 1997
2. Midnight in the Gard
en of Good and Evil

(1997)
3. Dante's Peak (1997)
4.G.I. Jane (1997)
5. Cop Land (1997)

1
2

3.
4.
. Cop Land (1997)

. Rainmaker,The 1997
. Midnight in the Garde

n of Good and Evil (1
997)

Dante's Peak(1997)
G.I. Jane (1997)

. Dante's Peak 19

97

2. shadow Conspiracyl

w

997

. Titanic (1997)
4. Rosewood (1997)

5. L.A Confidentiall

997

C. Experimental Tools

The model was experimented with by the Multicriteria
Recommender System (multirecsys), which we built,
developed and installed on R [www.r-project.org].

D. Scenario 1: Experimental Demonstration of the Results

of the multi-Criteria  Counseling Model  with
Order-Weighted  Interactions  (UBCF_OWA) and
Comparison with Some Existing Models

We tested the proposed model of counseling

(UBCF_OWA) on three datasets: Movielens100K (data too
sparse, number of items is much larger than number of users);
MSWeb (data too sparse, number of users is much larger than
number of items) and Jester5k (data is too thick). On three
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Fig. 2. ROC curve of UBCF_OWA model and other current models.
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In Fig. 2, the result of UBCF_OWA model is alway better
than RANDOM ITEM model, UBCF model, IBCF model,

SVD model and very similar to POPULAR ITEM model.

E. Scenario 2: Experiment to Evaluate the Proposed
Model with Different kNN Values on Three Datasets:
Movielens100K, Jester5k and MSWeb
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Experimental results show that UBCF_OWA's results are
always better than the other models on all datasets. Thereby,
UBCF_OWA also demonstrates good performance on the too
sparse datasets.

F. Scenario 3: Experiment to Evaluate the Proposed
Model (User-Base ) with the Item-Base Model Is Available
Current on Movielens 100K (Number of Users Is Much
Larger than Number of Items) and MSWeb (Number of
Items Is Much Larger than Number of Users)

Experimental results show that UBCF_OWA's results are
always better than the current IBCF models [7] on all datasets
and has more effect on datasets which is too sparse and
number of items is much larger than number of users.
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V. CONCLUSIONS

The collaborative filtering recommender system based on
the interaction multi-criteria decision with ordered weighted
averaging operator can be well suited to suggestive systems
based on the interaction, the interrelationships between the
criteria. In many ways, we determine the weight accordingly.
This gives the consultant decision to match the requirements
of the counsed user. This model shows the coherence,
interactions between the criteria, improvement of the
consultant results with discrete information, lack of
information and mutation of data. The paper provides a
method of counseling with the weighting of criteria and
prioritizing values for decision making. The proposed model
can be applied on a variety of datasets and the results will be
reliable, especially on sparse dataset. Although the execution
time is longer as lost time to make weighted values and
ordered rankings, weighting and the mean, but the results are
more responsive. In the coming time, we will continue to
research and improve the algorithm more to shorten the time
of consulting and will continue to experiment on many other
data sets to evaluate and improve the proposed model better.

REFERENCES

Y. Koren and R. Bell, “Advances in collaborative filtering,”
Recommender Systems Handbook, pp. 145-186, Springer US, 2011.

F. Hdioud, B. Frikh, and B. Ouhbi, Multi-Criteria Recommender
Systems based on MultiAttribute Decision Making, 1iWAS2013,
December 2-4, 2013.

M. Hahsler, “Recommenderlab: A Framework for Developing and
Testing Recommendation Algorithms,” R Package Version 0.2-2,
2017.

L. Kleanthi, N. F. Matsatsinis, and A.Tsoukias, “Multicriteria user
modeling in recommender systems,” IEEE Intelligent Systems, vol. 26,
no. 2, pp. 64-76, 2011.

P. I. Santosa, A. Cahyono, and K. Auliasari, “A multi-criteria
recommender system for tourism destination clustering,” in Proc.
Pacific Asia Conference on Information Systems, p. 61.

S. Shano and S. G. Batra, “Recommender system using collaborative
filtering and demographic features,” Diss., 2015.

T. S. Kumar and S. K. Shrivastava, “An approach for recommender
system by combining collaborative filtering with user demographics
and items genres,” 2015.

J. Dietmar et al., “Recommending hotels based on multi-dimensional
customer ratings,” Information and Communication Technologies in
Tourism, Springer, Vienna, pp. 320-331, 2012.

S. Richa and R. Singh, “Evolution of recommender systems from
ancient times to modern era: A survey,” Indian Journal of Science and
Technology, vol. 9, no. 20, 2016.

(1
[2]

(3]

(4]

[3]

(6]
[71

(8]

(9]

381

[10] J. Figueira, S. Greco, and M. Ehrgott, Multiple Criteria Decision
analysis: State of the Art Surveys, Springer, City, 2005.

G. Adomavicius and A. Tuzhilin, Context-Aware Recommender
Systems, Recommender Systems Handbook, Springer US, pp. 217-253,
2011.

G. Skoog, “Legal econometrics, arithmetic mean, geometric mean
accumulation function and presen value,” Department of Economics,
Depaul University, 2006.

E. Jacuier, A. Kane, and A. J. Marcus, Geometric or Arithmetic Mean:
A Reconsideration, Boston College, December 18, 2002.

H. X. Huynh, N. T. Nguyen, and T. N. M. Tran, “Mo hinh hoa quyet
dinh,” Can Tho University, 2014

C. Desrosiers and G. Karypis, “A Comprehensive survey of
neighborhood-based recommendation methods,” Recommender
Systems Handbook, pp. 107-144, Springer US, 2011.

A. Gediminas and Y. O. Kwon, “Multi-criteria recommender
systems,” Recommender Systems Handbook, Springer US, pp. 847-880,
2015.

1. Avazpour, T. Pitakrat, L. Grunske, and J. Grundy, “Dimensions and
Metrics for Evaluating Recommendation Systems,” Recommendation
Systems in Software Engineering, pp. 245-274, Springer-Verlag Berlin
Heidelberg, 2014.

C. Laurent, F. Meyer, and F. Fessant. "Designing specific weighted
similarity measures to improve collaborative filtering systems,” in
Proc. Industrial Conference on Data Mining, Springer Berlin
Heidelberg, 2008.

D. K. Bokde, S. Girase, and D. Mukhopadhyay, “An approach to a
university recommendation by multi-criteria collaborative filtering and
dimensionality reduction techniques,” in Proc. 2015 IEEE
International Symposium on Nano Electronic and Information Systems,
2015, pp. 231-236

A. Gediminas and Y. O. Kwon, “New recommendation techniques for
multicriteria rating systems,”|EEE Intelligent Systems, vol. 22, no. 3
2007.

M. Hahsler, Recommenderlab: A Framework for Developing and
Testing Recommendation Algorithms, November 9, 2011.

[11]

[12]

[13]
[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

Tri Minh Huynh holds a master’s degree in
information system from Can Tho University, Viet
Nam, and continue studing doctoral degree in
computer science from Da Nang University, Viet
Nam. He is currently teaching at Kien Giang
University, Viet Nam. His general research interest is
in data mining, fuzzy set theory, fuzzy control and
system, decision making, statistical implicative
analysis.

i,
v
i
5

Vu The Tran holds a master’s degree in information
technology from University of Canberra, Australia,
and a doctoral degree in information technology from
University of Wollongong, Australia. He is currently
working VNUK Institute for Research and Executive
Education, Da Nang University, Vietam. His
general research interest is in digital ecosystem,
simulation and modeling, decision making, machine
learning.

Hung Huu Huynh received the B.S. degree in
computer science from the IPH, Vietnam, in 1998, the
M.Sc.A. degree in Computer Science in 2003, and the

. & Ph.D. degree in Computer Science from the
o 8 Aix-Marseille University in 2010. He now is lecturer
—_ at DUT, Vietnam. His current research interests
. include computer vision and and health care systems.
P\

Hiep Xuan Huynh holds a master’s degree in
information technology from Institut de la
Francophonie pour I'Informatique Vietnam, and a
doctoral degree in data mining from Nantes
University, France. He is currently an associate
professor, vice dean of College of information
technology and communication at Can Tho
University, Vietnam. His general research interest is
in data mining, artificial intelligence, statistical
implicative analysis, wireless sensor network.




