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Abstract. In recent years, the Fourth Industrial Revolution in Indus-
try 4.0 has exploded, along with the increasing development of web-
sites, social networks, and other Internet services, leading to tremendous
growth in collected data resources. Therefore, it is becoming more and
more challenging to select useful information to make decisions. The rec-
ommendation systems are considered a great solution to assist humans
in finding helpful information effectively and speedily. Such systems can
automatically analyze, classify, select, and provide valuable information
to users. Furthermore, they can explore reviews on products and services
using artificial intelligence techniques to provide valuable recommenda-
tions. Users sometimes give reviews and ratings multiple times on the
same products, but they differ depending on the user’s mood, context,
behavior, etc. Thus, the problem is accurately determining the user’s rat-
ing when exploring such reviews. This work has proposed a solution for
multiple-criteria rating analysis. This study has explored reviews on dif-
ferent criteria and integrated them into one aggregate rating by consider-
ing the similar relationship between the ratings, users, or products based
on criteria in the collaborative filtering-based recommendation approach.
The proposed method has performed better than traditional collabora-
tive filtering-based methods on more than 5000 film reviews from the
DePaulMovie dataset.

Keywords: Multiple-criteria ratings - Recommendation systems -
Reviews + Context

1 Introduction

The problem of information overload [1] has become popular with the strong
development of Internet services. The amount of information that people have
access to is expanding. We can access many sources of information via email,
articles, posts, advertising on social networks, e-commerce sites, etc. With the
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current expansion of information from the Internet and social networks, it will
be more and more challenging to select useful information for decision-making
by computer and savvy device users. A recommender system is a field of machine
learning that is considered a solution to help users select information effec-
tively and is widely applied in many fields such as science, health, education,
e-commerce, entertainment, etc. The system tries to predict the “products” for
the appropriate “users”. In e-commerce, the recommendation system helps buy-
ers find suitable goods, helps sellers find potential customers and boosts sales.
The system recommends items according to the user’s interests in entertainment
and education. The recommendation system opens up the research potential of
building natural systems, supporting users in decision-making.

The recommendation system is capable of automatically analyzing informa-
tion, classifying, selecting, and providing users with products, goods, and services
of interest through the application of statistical and artificial intelligence tech-
niques in which machine learning algorithms play an essential role [2,3]. People
divide the recommender model into many different types based on calculating
the suggested results from the data. For example, the recommendation app-
roach based on collaborative filtering is widely used in commercial fields [4-6],
recommending products to users based on the similarity between users and com-
munities. The users with the same similarity in a context can be commended for
the same product. In addition, users are also suggested to use the product when
most users have the same preferences on those products.

In contrast, the recommendation approach based on content filtering offers
recommended products to the user when that product is similar to other prod-
ucts that the user in the past, which the user made as revealed in [7,8]. Fur-
thermore, the recommendation model based on the demographic characteristics
gives the recommended products to the user by using the user’s demographic
information such as gender, age, nationality [9,10]. The approaches based on
knowledge can explore specialized knowledge, determining the product’s suit-
ability (based on descriptive attributes) with the needs or preferences of the
user use in order to achieve the goal of a product that is useful to users [11-13].
The proposed integrated recommendation model aims to limit the shortcomings
of the above methods [10,14,15]. Typically, integrated recommender solutions
use two or more different recommendation solutions to overcome the weaknesses
of each solution. Many studies prove that integrated recommender models are
more accurate than single recommendation models [2]. However, these meth-
ods are also more demanding resource costs and computation time. With the
diversity of recommendation models and solutions, recommendation models have
been deployed and applied practically in many fields (management, commerce,
health, education, and entertainment). However, technical problems still need
to be further researched and perfected in the current suggested models. The
recommender model based on content filtering has several disadvantages: over-
specialization, feature extraction problem, and cold-Start problem; The recom-
mendation model based on collaborative filtering suffers from limitations: new
user/new product problem (cold-Start), sparsity problem, scalability problem.
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problem); The demographic model based on demographic characteristics has
several disadvantages: identifying user groups, determining users’ preferences,
and collecting personal information (demographic of users). ); The knowledge-
based recommendation model has several disadvantages: the cost of knowledge
acquisition, the interaction with users, and the property independence problem
depending on users’ preferences. Users can rate multiple times. In addition, users
can give subjective preference ratings across multiple reviews of an item because
it depends on the user’s mood, context, behavior, etc. Thus, the problem is
determining the user’s rating and rating to build the most accurate and appro-
priate recommendation system for information/products through many reviews
and ratings.

2 Related Work

A recommender/recommendation system (RS), as mentioned in [4,15-17], can
automatically analyze, classify, predict, and provide helpful recommendations to
users with information on products or services. In the recommendation system,
the objects that need attention are the user (user), the item (item), and the user’s
feedback on the item (referred to as reviews or ratings). A recommendation sys-
tem can predict how a user would rate an item, predicting the order (ranking) of
items in a list from most attractive to least attractive to a user, or item (or list)
item book) which is suitable for the user. A set of users (users), items (items,
data items), and ratings explicitly or implicitly represent how much a user likes
or dislikes an item that he or she has viewed. The recommendation system pre-
dicts the rating for an item the user has not viewed or provides a list of items
the user might like. Recommendation systems are classified into the following
main groups: Content-Based Recommendation Systems (CBRS), Collaborative
Filtering Systems (CFS), Collaborative Filtering Systems (CFS), and Collab-
orative Filtering Systems (CFS). Knowledge-Based Recommendation Systems
(KBRS), Hybrid Recommender System, and Context-Based Recommendation
Systems (CBRS)

2.1 Content-Based Recommendation Systems

The content-based recommendation system [4,8,15,16] suggests to the user items
that are similar to items he or she has liked in the past. This system focuses on
item-specific attributes (item profile). If people make subjective judgments about
some items in the past, they will also make similar judgments on other similar
items in the future. So, a content-based recommendation system must learn a
user’s interest profile. Then, based on the user’s profile, similar items that the
user has liked or appreciated in the past are suggested to the user. Some tech-
niques commonly used by content-based recommendation systems [4,8,15,17]
are clustering, Bayesian classifiers, decision trees, and decision trees. Tree), rule
induction, nearest neighbor method, and appropriate feedback. In content-based
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methods, cosine and term frequency/inverse document frequency (TF-IDF) mea-
surements are used to measure similarity [4,15]. Some limitations of content-
based recommendation systems [4,10] are: content analysis is limited because
content-based techniques require explicit item descriptions; or the system rec-
ommends items whose scores are higher when compared to user profiles, so users
will be suggested items that are similar to those they have previously rated, or
fail to distinguish two different items represented by the same feature set; The
problem is that new users - who have very few reviews - cannot get accurate
recommendations.

2.2 Collaborative Filtering Systems

A recommendation system based on collaborative filtering [4,5,15,16] recom-
mends a list of items for a user or predicts the rating for a particular item based
on similarity measurement between users/between entries. In collaborative filter-
ing methods, Pearson correlation coefficient, cosine-based similarity, and vector
space similarity are widely used in measuring similarity between users (or items).
[4,10]. Collaborative filtering is an important and popular technology for recom-
mender systems. Collaborative filtering methods [4,15,16,18] can be grouped
into two main classes: memory-based/neighborhood/heuristic (memory-based/
neighborhood-based/ heuristic-based), and model-based. The memory-based col-
laborative filtering approach requires that information of all ratings, items, and
users be stored in the system; and directly used these assessments to make
suggestions. This approach is implemented in two ways: user-based collabora-
tion filtering and item-based collaboration filtering. The basic idea of user-based
collaborative filtering is to find a set of users whose favorites are similar to a
particular user (the “neighbor” of the particular user) and recommend them to
others using Users or items that other users in the same group. The item-based
collaborative filtering method provides a user with a recommendation for an item
based on other highly correlated items (“neighbors” of the item). The techniques
commonly used in memory-based collaborative filtering recommender systems
[4,5,19] are the nearest neighbor, graph-based, and clustering. Meanwhile, the
model-based collaborative filtering approach uses a collection of assessments to
learn a model and then uses this model to make recommendations. The tech-
niques commonly used in model-based collaborative filtering recommendation
systems [4,5,20] include matrix factorization, association rule, neighbor model,
neural network, and probabilistic models. Although without some of the short-
comings of content-based recommendation systems, pure collaborative filtering
recommender systems have limitations [4], such as the new user problem (or
the item problem). New) - the same problem as the content-based recommen-
dation system; Sparsity problem - the number of estimates obtained is minimal
compared to the number of evaluations needed for the prediction.
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2.3 Knowledge-Based Recommendation Systems - KBRS

Knowledge-based recommendation system (KBRS) is helpful in cases where
items are not frequently used. For example, in e-commerce, products are related
to real estate, cars, automobiles, or tourism. In this case, the user rating matrix is
not informative enough to recommend. Instead, the system can combine user rat-
ings, product attributes, and relevant historical knowledge of similarities between
user requirements to make recommendations accordingly.

3 Methods

3.1 Rating Aggregation

Rating Aggregation is calculated from the total number of ratings averaging the
total number of user reviews. The aggregate function (f) represents the relation-
ship between the overall and Multiple-criteria ratings, i.e., 1o = f(r1,..., 7).

Users
aggre § 4 3 2 2 3 2 5 | Criteria |
User Item Crite Crite Crite 3}
id id gate rial ria2 ria3 = 2 5 3 3 3 4 2 3 Criteria 2
rating 1
U M 4 4 5 3 4 3 3 31 4 2 2 7 Criteria 3
U M 2 2 3 1 s | Y]
U M 1 1 1 1 2 3 iy
U My ? ? ? ? . > 3
Ratin, 2
u Ms 2 o ? ? & 33
Ui Ms 3 2 3 4 1 .
U M 2 2 1 3 — 3
|
‘ Users Aggregations
v
& 4 3 2 33 25
Aggregations = 2
1
Aggregate rating by statistics l 3
techniques 6 machine learning 3
with f(critericf 1, criteria 2, 3
). — — 2
criteria 3)

Fig. 1. Average aggregate rating method.

The method consists of three steps. Firstly, we estimate k individual rat-
ings (using any recommendation technique). Then, the k-dimensional Multiple-
criteria ranking problem is decomposed into k single-rank recommendation prob-
lems. In the second step, the aggregate function f is chosen by rank aggregation,
statistical techniques, or machine learning techniques. Finally, the overall rating
of each unevaluated data item is calculated based on the predicted k individual
criterion ratings and the selected average rating aggregate as shown in Fig. 1.
The approach mentioned above has applied multiple criteria ratings instead of
single-criteria ratings.
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3.2 Recommender Model with Multiple-criteria Rating

In rating evaluation, the criteria of the user or the product are the specific criteria
when the user selects the product or the specific condition when the user selects
the product. For example, the system suggests that users who wish for a tour
booking support system advise choosing a deserved vacation. In that case, the
time factor and the person accompanying them will significantly affect the user
when determining the destination for the trip. Alternatively, a movie that many
users choose to watch in a particular space and time. From the above description,
we can see that the information about the user or product criteria depends
on each specific consulting problem. However, to model the recommendation
problem based on the criteria, the information about the user’s or product’s
criteria is defined as follows: We consider the set U = {u1, ua, ..., u, } including of
n users while the set of I = {41, i3, ..., iy, } being m products; C = {cl,¢2, ..., ck}
is the set of k criteria attributes when the user selects the products. When user
uq selects product i;, or when product i;, is selected by user u,, the values of
the criteria attributes are specified as follows (as shown in Eq.1):

Coj =clgj,C2a,],...,cka, j (1)

From the criteria, we construct a criterion similarity matrix between users or
products that is a symmetric matrix with structure, i.e., rows and columns of the
matrix are users or products. In addition, cells of the matrix (row and column
intersection) are the criterion similarity value between two users or two products
on row and column, respectively. Given the user set U = uq,us, ..., u, and the
product set I = 1,49, ...,%y,. Then, the criteria similarity matrix between users
is determined as Eq. 2.

1 SUL,2 ... SULn

. sus1 1 ...su
Matrizsim (Cy) = 2 2

“en (2)
SUp,1 SUp2 ... 1

where su,p is the value of similarity criteria between two users u, and u,. The
criteria similarity matrix between products is determined as Eq. 3.

1 S’L'LQ Sil’m

. St 1 ... .s
matrizgim (Cy) = 21 2m

3)

S’L.m71 S’L.m72 1

where si; 5, is the value of similarity criteria between two products ; and iy,

3.3 Recommendations Based on Similarity Between Users/Items

The similarity-based recommendation model between users is defined as follows.
Let U = {u1,us,...,u,} be the set of n users; I = {i1,ia,...,im} is the set
of m products; C' = {cl, 2, ...,ck} denotes the set of k criteria attributes when
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the user selects the products; R = 7. ; exhibits user U’s rating matrix for items
I in criterion C, with each row representing one user u., (1 < ¢ < n), each
column representing for an item i;,(1 < j < m), r(c,j) is the rating value
of user u. for product i; in the criterion C.;. N is the number of products
with high similarity and u, € U is the user who needs to suggest with criteria:
Ca,j = {Cla,j7 CQa,j, ceny Cka,j}-

Provided
Recommendations
Recommendation
system
I
[ | | ]
Similarity Similarity Similarity
Matrix: Matrix: Matrix:
—— Criteria 1 Criteria 2 Criterian
Cut User/Items
Based on each
Criteria
Criteria 1 Criteria 2 Criteria n

Fig. 2. Recommendation system based on the similarity between users/items.

The recommendation systems are based on the similarity of user criteria
as presented in Fig.2. In the first stage, the criteria are conducted from a
user-based ranking matrix using the User splitting technique. Then, based on
the criteria attributes, we build the criteria similarity matrix between users;
Finally, the user-criteria similarity-based recommendation model is built based
on the integration matrix between the User-Based Rating Matrix and the
user-criteria similarity matrix. Based on input which includes Rating from
users/items;criteria;users/items for recommendations: u,. To provide N prod-
ucts recommended for u,,, the algorithm based on the similarity between criteria
according to the user (in the case of items we present in brackets) is exhibited
as follows:

— Step 1: Build user-based similarity matrix- SUg (items-based similarity
matrix STg in the case we based on items):
e Handle cutting users (items);
e Build users-based similarity matrix (items-based similarity matrix);
— Step 2: Build a similarity matrix of criteria according to users: SU¢ (similarity
matrix of criteria according to items: SI¢):
e Similarity of criteria between 2 users (2 items);
e Building similarity matrix based on user criteria (item criteria);
— Step 3: Build the integrated similarity matrix: SU; = SUr+SU¢ (if we use
“item”, it will be STy = SIr+SIc);
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— Step 4: Build User-Based Collaborative Filtering based on the average inte-
grated similarity matrix of the Criteria: UBCFC (in the case with items, i.e.,
Item-Based Collaborative Filtering based on the average integrated similarity
matrix of the Criteria (IBCFC));

— Step 5: Define a list of similar products for user u,;

— Step 6: Present the user u, N with the item with the highest similarity value;

3.4 The Recommendation Approach Integrated with OWA, WOWA

The study evaluates the rating of the criteria of the user or the product, which is
the specific criterion when the user selects the product or the specific condition
when the product is selected by the user integrating Ordered Weighted Average
(OWA) [21,22], and Weighted OWA (WOWA) [23] into the process proposed
to estimate user preferences, predicting into a “multi-dimensional” rating as
exhibited in Fig. 3.

Provided recommendations

Recommendations system

Similarity Matrix based

on Multi-criteria Similarity OWA

Fig. 3. Recommendation system integrated with OWA.

4 Experiments

4.1 Data Description

We evaluated the proposed method on DePaulMovie dataset. DePaulMovie! was
updated in 2018 by the Pepoul Center for Data Science, including a survey of

! https://github.com/JDonini/depaulmovie-recommender-system.
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students ranking movies by different time, place, and companions. The dataset
consists of 5043 ratings from 97 students of 319 movies based on three context
attributes Time, Location, and Companion (each context is a criterion). The
rank attribute has a positive integer value ranging from 1 (very unsatisfied) to
5 (very satisfied), in which the value 1 appears in 829 reviews while the value of
2 is in 625 reviews, etc.

4.2 Contextual Data Processing on DePaulMovie Dataset

From students’ ratings on movies, we construct a real numeric rating data matrix
for the DePaulMovie dataset with a structure of 97 rows (corresponding to 97
users) and 319 columns (corresponding to 319 movies/items) with 5043 rating
values. The criteria attributes are used to cut users according to each specific
criteria when the user chooses to watch movies to build a similarity matrix of
criteria according to users.

There are three considered contexts Time, Location, and Companion (each
context is considered as a criterion). Each criterion contributes to a user matrix
with 97 rows and 319 columns so that the data has three matrices of the user.
In addition, the criteria attribute crop products according to specific criteria
when the user selects the movies to watch to build a product-specific criterion
similarity matrix.

4.3 Evaluation of Multiple-Criteria-Based Approach

The dataset was divided into 5-fold-cross-validation to evaluate the effectiveness
of the recommendation system. The method with a Multiple-criteria ranking was
conducted from the traditional collaborative filtering model. For example, if the
data is divided by 80% for the training set, and the test set occupies 20%, the
results of the training data set can contain 3723 evaluations from 71 users (71
rows x 319 columns). The test set includes 26 users (26 rows x 319 columns) with
1320 reviews. The experiments are done with the support from some libraries in
R, such as Recommenderlab [24,25], agop [26], and the performance is measured
by Mean Square Error (RMSE), Mean Square Error (MSE), Mean Absolute
Error (MAE) on the test set.

Table 1. Comparison between UBCFC and UBCF in various metrics.

Method | RMSE | MSE MAE
UBCFC | 1.409295 | 1.986112 | 1.114970
UBCF |1.410167 | 1.988571 | 1.114970

Table 1 presents the results and compares UBCFC and the traditional User-
Based Collaborative Filtering (UBCF) method in RMSE, MSE, and MAE on
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the test set. This result shows that the approach that integrated the user-criteria
similarity matrix for providing recommendations, UBCFC, has lower error rates
than UBCF.

Table 2. Comparison between IBCFC and IBCF in various metrics.

M6 hinh | RMSE | MSE MAE
IBCFC |1.592475 | 2.535977 | 1.220261
IBCF 1.598317 | 2.543797 | 1.230216

The recommendation model is based on the similarity of user-selected prod-
uct criteria (IBCFC) and the traditional Product-Based Collaborative Filter-
ing Recommendation Model (IBCF). From the experimental results, measure
error parameters: Square root of mean square error (RMSE), mean square error
(MSE), mean absolute error (MAE) in Table 2. This result shows that the model
that integrates the user-selected product criteria similarity matrix (IBCFC) has
lower error parameters than the traditional Product-Based Collaborative Filter
Recommendation Model (IBCF).

Table 3. Comparison between IBCF_OWA and IBCF in RMSE, MSE and MAE.

Methods RMSE | MSE MAE
IBCF_OWA | 1.431843 | 2.050174 | 1.179211
IBCF 1.598317 | 2.543797 | 1.230216

The OWA Integrated Recommendation method (IBCF_OWA) and the tradi-
tional Item-Based Collaborative Filtering Recommendation Model (IBCF) with
results in Square root of mean square error (RMSE), mean square error (MSE),
mean absolute error (MAE) are revealed in Table3. In addition, they show
that the OWA integration model (IBCF_OWA) has lower error parameters than
the traditional Product-Based Collaborative Filtering Recommendation Model
(IBCF) running on the same DePaulMovie dataset.

To evaluate the effectiveness of the methods, we compare the proposed
method with the traditional collaborative filtering model UBCF and IBCF in the
ROC metric based on the Precision/Recall ratio on the DePaulMovie dataset.

The recommendation strategy is based on the similarity of user criteria for
products (UBCFC) and the traditional User-Based Collaborative Filtering Rec-
ommendation Model (UBCF). The results of comparing the model’s accuracy
are shown in (Fig. 4) with the number of films introduced to users of the models
increasing gradually from 1 to 10. The results show that the Precision/Recall
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Fig. 4. The comparison results on DePaulMovie dataset between UBCFC and UBCF.
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Fig. 5. The comparison results on DePaulMovie dataset between IBCFC and IBCF.

ratio of the models increased gradually from 1 to 10. the UBCFC model is rel-
atively higher than the Precision/Recall ratio of the two UBCF models. There-
fore, the recommendation approach based on the similarity of user criteria for
products (UBCFC) can improve the accuracy of the recommender system.

The proposed method compares user-selected product criteria (IBCFC) and
the traditional Product-Based Collaborative Filtering Recommendation Model
(IBCF). The results are presented in Fig. 5 with the number of films introduced
to users of the models that increase gradually from 1 to 10. The results show
that the Precision/Recall ratio of the models is increased. Furthermore, the
IBCFC model is relatively higher than the Precision/Recall ratio of the two IBCF
models. As observed, the recommendation methods based on the similarity of
selected product criteria (IBCFC) can improve the accuracy of the recommender
system.
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Fig.6. The comparison results on DePaulMovie dataset between IBCF and
IBCF_.OWA.

The OWA integrated Item-Based Collaborative Filtering Recommendation
Model (IBCF_OWA) and the traditional Item-Based Collaborative Filtering Rec-
ommendation Model (IBCF) are compared in Fig. 6. Comparing the accuracy
of the model reveals that the number of films introduced to users of the models
increased gradually from 1 to 10. The results show that the Precision/Recall
ratio of the models is increased. The OWA model (IBCF_OWA) is relatively
higher than the Precision/Recall ratio of the two IBCF models. It shows that
the OWA integrated Item-Based Collaborative Filtering Recommendation Model
can improve the accuracy of the recommender system.

5 Conclusion

Experimental results are evaluated on film reviews of the DePaulMovie dataset
with a recommendation system’s desired results. The study proposes a method
to improve the accuracy of the collaborative filtering recommender model by con-
sidering the similar relationship between users or products based on the criteria
in building the model. Collaborative filtering consulting. The recommendations
are calculated based on the integration of similarity values, i.e., similarity based
on user’s criteria for products and similarity based on product criteria selected
by users. The Selected and matched items/users are based on OWA integration.
Experimentation on the DePaulMovie dataset shows that the proposed model
has higher accuracy than the traditional collaborative filtering recommender
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model. From these experimental results, it can be confirmed that the recom-
mendation model based on Multiple-criteria ratings is applicable in practice.
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