
Personal Values Modeling with Rough Sets for Collaborative Filtering

Paper:

Personal Values Modeling with Rough Sets
for Collaborative Filtering
Yoshihito Kosaka∗, Kazushi Okamoto∗∗

Department of Informatics, Graduate School of Informatics and Engineering, The University of Electro-Communications
∗E-mail: y.kosaka@uec.ac.jp
∗∗E-mail: kazushi@uec.ac.jp

This study proposes models to apply recommendation
method focusing on personal values to a recommenda-
tion explanation. The proposed models use rough sets
theory, and the number of extractable If-Then rules
can be increased compared to previous studies. The
performance of the proposed models is experimentally
evaluated and compared to that of the conventional
collaborative filtering model in terms of the score pre-
diction accuracy of items, coverage of items, and com-
putation time. The model with the highest accuracy
in the proposed models achieves 0.140 for MAE and
0.157 for RMSE smaller than the conventional one. In
addition, the proposed models can calculate the simi-
larity between users in 1/7 to 1/4248 of the time com-
pared to the conventional one. The experimental re-
sults indicate that the recommendation accuracy is im-
proved by using the actual score as it is without reduc-
ing the rating to a binary value, positive or negative.
In addition, the proposed models are more effective
for datasets with a large number of items in terms of
computation time.
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1. Introduction

The need for safety of users and reliability of services
has motivated much research on the explainability of ar-
tificial intelligence [1, 2]. In recommender systems, it is
important to know how an item is recommended in terms
of reliability. Providing a recommendation description for
an item has been shown to help users make better deci-
sions to quickly determine whether a recommended item
is the best for them [3, 4]. In other words, a recommen-
dation explanation influences decision making. There is
a recommender system focused on personal values. Per-
sonal values, which influence user’s preferences and deci-
sion making [5], are used in fields such as marketing and
web intelligence [6, 7]. As personal values affect users’
decision making, we assume that it is effective to estimate
users’ personal values and use them in the recommenda-
tion explanation. In previous studies, the estimated per-

sonal values vector is used for similarity calculation in
collaborative filtering (CF) [8–10]. CF is a typical recom-
mendation method that uses users’ preference data to de-
termine the items that the user would like. In these mod-
els, the item model especially uses association rules to
capture the characteristics of the items in detail. In addi-
tion, it has been confirmed that the recommendation ac-
curacy is equal to or higher than that of conventional CF.
It has also shown to be effective for the item recommen-
dation explanation [9].
　 This study develops the models to increase the num-
ber of extractable If-Then rules compared to previously
proposed models for application in the recommendation
explanation. The developed models use the actual score
without reducing the user’s rating to a binary value, pos-
itive or negative, and consider the combination of at-
tributes rating. To develop these models, we propose a
model using rough sets as a further extension of the con-
ventional personal values model. Rough sets are an ap-
proach used in data mining, and the approach can con-
sider combinations of attributes rating. If the number of
extractable If-Then rules is increased, the variation in the
reasons increase, and it is possible to provide more per-
sonalized reasons for recommendation.

2. Related Work

2.1. Personal Values-Based Modeling

Hattori et al. assumed that the score of an attribute
showing the user’s strong commitment affects the total
score of the item. For this reason, they defined personal
values as “user’s commitment to the attribute” and pro-
posed a method for modeling user values [11]. Takama et
al. defined personal values as “rating viewpoints of items”
and proposed an item modeling method that extends the
user modeling method [9]．
　 Hattori et al. used the rate matching rate (RMRate) as
a measure for personal values modeling [11]. In the rat-
ing of item i by user u, O(u, j) is number of ratings (the
number of items) in which the polarities of the total score
of item i and the attribute j score match, and Q(u, j) is
vice versa. The RMRate P(u, j) of attribute j at user u is
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defined as

P(u, j) =
O(u, j)

O(u, j)+Q(u, j)
. . . . . . . . (1)

In addition, Takama et al. used Lift, one of the evaluation
measure of an association rule, as a measure of personal
values modeling [9]. For P(X) and P(Y ), the probabilities
of occurrence of events X and Y , Li f t(X ⇒ Y ) is defined
as

Li f t(X ⇒ Y ) =
P(X ∩Y )
P(X)P(Y )

. . . . . . . . . (2)

In the method proposed by Takama et al., X and Y corre-
spond to the ratings of the attribute and total, respectively.
For a reviewed item i, the Lift between the events Xa

i j and
Y t

i is defined as

Li f ti j(Pa ⇒ Pt) =
P(Xa

i j ∩Y t
i)

P(Xa
i j)P(Y

t
i)
, . . . . . . (3)

where Pa(∈ {positive,negative}) is the rating polarity of
the attribute j and Pt(∈ {positive,negative}) is the polar-
ity of the total rating. Table 1 shows a summary of rec-
ommendation methods using these models.

2.2. Rough Sets

The basic concepts of rough sets theory are classifica-
tion and approximation.
　 First, we describe the information system (informa-
tion table) in rough sets and the indiscernibility rela-
tion. An information system is defined by four pairs of
(U,AT,V,ρ) [12]. U is a finite set of objects, AT is
a finite set of attributes, Va is the set of values of at-
tribute a, card(Va) > 1, and V =

∪
a∈AT

Va. A function

ρ : U ×AT →V assigns the attribute value ρ(u,a) ∈V to
object u and attribute a. Given an arbitrary subset A ⊆ AT
of attributes, the relationship RA is defined as

RA = {(x,y) | ρ(x,a) = ρ(y,a),∀a ∈ A}. . . . (4)

For (x,y)∈RA, the objects x and y cannot be distinguished
by the subset A of the attributes. This relationship RA,
called the indiscernibility relation [13], is the classifica-
tion concept of rough sets theory.
　 Next, we introduce the concept of approximation. In
rough sets, the set defined by the equivalence relation and
similarity relation is expressed as knowledge. There is an
upper approximation and a lower approximation. Assum-
ing that the universal set U can be a direct sum decom-
position of U = S1 ⊔ ·· · ⊔ Sn by the equivalence relation
R, given the set X , the upper approximation R∗(X) and
the lower approximation R∗(X) by the set family {Si} are
defined as [14, 15]

R∗(X) = {Si | Si ∩X ̸= ϕ}, . . . . . . . . (5)

R∗(X) = {Si | Si ⊂ X}. . . . . . . . . . (6)

3. Personal Values-Based Recommendation
with Rough Sets

In this study, personal values are defined as the degree
of a user’s commitment to each attribute. Rough sets have
the advantage that of taking into account the combination
of ratings for the attributes, and the relationship between
the attributes rating and the total rating can be extracted
by the If-Then rules.

3.1. Personal Values Modeling with Rough Sets

In personal values modeling with rough sets, a table of
rules, called decision table, is first created. A decision ta-
ble shows the relationship between the values of the con-
dition attributes and the decision attribute. In this study,
the set of condition attributes C and the decision attribute
D correspond to the set of individual rating attributes and
the total rating of items, respectively. Next, given the con-
dition attribute set C′ ⊆ C, the entire target set U is di-
vided into U1, · · · ,Ui, · · · ,Un based on the indiscernibility
relation RC′ , and the decision rules are extracted. Finally,
a Laplace value of each decision rule is calculated. The
Laplace value is defined as

θ̂d =
Nd +1
N +T

, . . . . . . . . . . . . . (7)

where N is the number of observations for c ∈ C′, Nd is
the number of observations for c∧d, d ∈ D, and T is the
number of observation types for d. The Laplace value is
obtained by smoothing the probability that the value of
the decision attribute is d and the condition part of the de-
cision rule is Ui. The smoothing is based on the Laplace
expected error estimate [16, 17]. This Laplace value rep-
resents the personal values in this study. In addition, the
personal values vector represents the Laplace values of all
the extracted rules expressed.

3.2. Application to Collaborative Filtering

In a recommender system, the similarity calculation be-
tween users is required. The difference between conven-
tional CF models and the proposed model is to use the
personal values vector instead of the rating values vector.
In this study, cosine similarity is applied for similarity cal-
culation. The cosine similarity cos(x,y) is defined as

cos(x,y) =
x · y

∥x∥∥y∥
, . . . . . . . . . . . (8)

where x and y are the personal values vectors of user u,
and user u′, respectively. In addition, the score of each
item is predicted using the rating of users with high sim-
ilarity. A list of candidate recommendations is created
based on the predicted score, and the listed items are rec-
ommended.
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Table 1. Personal values-based recommendation methods

Measures of Recommendation methods Criteria for determining
personal values modeling recommended items

RMRate
Popularity Number of positives

Hattori [11] attributes with high RMRate
User model Content-based Attribute value included in

filtering attributes with high RMRate

Misawa [8] RMRate User Predicted score
User model base of an item

Memory
base

Takama [9] Lift Item Predicted score
Item model base of an item

Collaborative
filtering

Shiraishi [10] RMRate Model Matrix Score predicted byUser model Positive/Negative base operation matrix operationItem model match rate base

Proposed model Laplace value Memory User Predicted score
User model base base of an item

4. Performance Evaluation Experiments

4.1. Dataset
In this experiment, the Livedoor gourmet dataset was

used. Although there are 12 columns in the dataset: “id,”
“restaurant id,” “user id,” “total (0-5),” “food (0-5),” “ser-
vice (0-5),” “atmosphere (0-5),” “cost performance (0-
5),” “title,” “body,” “purpose,” and “created on,” the 8
columns in Table2 are only used in this study. The rat-
ing range is 1 to 5, and the step size is 1. As 0 represents
a missing value, data containing 0 in the total or attributes
scores are deleted. In addition, because a large amount of
duplicate data (data with all 8 columns equal) is included,
they are also deleted. The dataset contains 64,216 ratings,
45,118 items (number of restaurants), and 7,459 users. Of
the 64,216 ratings, 80% with the oldest posting date and
time was used as the development data, and the remaining
20% was used as the test data. Furthermore, the develop-
ment data was divided into 80% and 20%, the old 80% of
the posting date and time was used as the training data,
and the remaining 20% was used as the verification data.
In the final performance evaluation test, all of the devel-
opment data were used as the training data.

4.2. Evaluation Index
The mean absolute error (MAE) and root mean squared

error (RMSE) were used to measure score prediction ac-
curacy of items. MAE is defined as

1
n

n

∑
i=1

|r̂i − ri|, . . . . . . . . . . . . . (9)

Table 2. Livedoor gourmet dataset

Item Description
restaurant id Number to identify the restaurant

user id Number to identify the user
total (0-5) Total score

food Attribute score
(0-5) (Rating of the food)

service Attribute score
(0-5) (Rating of the service)

atmosphere Attribute score
(0-5) (Rating of the atmosphere)

cost performance Attribute score
(0-5) (Rating of the cost performance)

created on Post date and time

and RMSE is defined as√
1
n

n

∑
i=1

(r̂i − ri)2, . . . . . . . . . . . . (10)

where r̂i represents the predicted score, ri represents the
ground truth score, n represents the number of data points
for which the predicted score can be calculated.
　 In addition, catalog coverage was used for the cover-
age of the recommended items. The catalog coverage is
defined as

|Sr|
|Sa|

, . . . . . . . . . . . . . . . . . (11)

where Sr represents the set of items for which the pre-
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dicted score can be calculated in unevaluated items, and
Sa represents the set of all unevaluated items.

4.3. Experimental procedure
RoughSets, one of the R package, is used to calculate

the indiscernibility relation of the proposed model, to ex-
tract the decision rule, and to calculate the Laplace value.
In this experiment, we first used the development data to
verify the score prediction accuracy of items and the cov-
erage of items. For this validation, the k with the lowest
MAE was determined as the appropriate hyperparameter
using the ratings of the top 1%, 5%, 10%, 15%, and 20%
similar users. The performances of the model were evalu-
ated using the hyperparameter k and the test data in terms
of the prediction accuracy of items and computation time.
　 The method of measuring the computation time is as
follows:

1. Random sampling 10 users.

2. Measuring the personal values vector generation
time for each user, the similarity computation time
between all users, and the computation time of the
predicted score.

3. Averaging 10 users computation times.

4.4. Results and Discussions
The experimental results of the performance evaluation

are presented in Table 3, Fig. 1, and Table 4. In this exper-
iment, the proposed models are evaluated in the following
conditions:

• Db: User’s rating reduced to a binary value, positive
or negative (Rule extraction);

• Dm: Actual score (Rule extraction);

• WAA: Weighted average (Calculating the predicted
score);

• Top1: User’s rating with the highest similarity (Cal-
culating the predicted score);

• w/, w/o: Combination of ratings for attribute.

The score prediction accuracy is confirmed that the
MAE and RMSE for the Dm model are 0.134 to 0.209
smaller than those of the Db model, respectively. Accord-
ing to this result, it can be expected that the recommenda-
tion accuracy improves by using the actual score without
reducing the rating to the binary value. Furthermore, the
MAE and RMSE for all proposed Dm models are 0.123
to 0.181 smaller than those of the user-based collabora-
tive filtering (UBCF) model. As a result of comparing
the models with and without considering the combination
of attributes, the MAE of the models with considering
the combination of attributes was 0.004 to 0.017 smaller
than the models without considering the combination of
attributes. In addition, the RMSE of the models with con-
sidering the combination of attributes was -0.033 to 0.040

Table 3. Score prediction accuracy of items

Model Top-k MAE RMSE

UBCF(WAA) 10% 0.631 0.770

UBCF(Top1) 5% 0.642 0.795

Proposal 20% 0.642 0.780Db(WAA) w/o
Proposal 10% 0.662 0.823Db(Top1) w/o
Proposal 1% 0.508 0.613Dm(WAA) w/o
Proposal 1% 0.505 0.614Dm(Top1) w/o
Proposal 1% 0.638 0.766Db(WAA) w/
Proposal 1% 0.650 0.783Db(Top1) w/
Proposal 1% 0.491 0.628Dm(WAA) w/
Proposal 1% 0.494 0.647Dm(Top1) w/

1% 5% 10% 15% 20%
Top-k

0.0

0.1

0.2

0.3

0.4

0.5

0.6

C
ov

er
ag

e

CF
Db w/o
Dm w/o
Db w/
Dm w/

Fig. 1. Coverage of items (Verification experiment)

smaller than the models without considering the combina-
tion of attributes. This experiment did not yield the result
that the recommendation accuracy can be improved by
considering the combination. Regarding the coverage of
the hyperparameter verification experiment, for the pro-
posed models, we confirmed that the coverage increases
all the way up to the value of k in the top 20% similarity
for all models. For the UBCF model, the coverage stops
changing in the middle of the top 5% to 10% similarity,
even when k is increased. In other words, the proposed
models have an advantage over the UBCF model in that it
can recommend more items. However, the proposed mod-
els tend to have higher recommendation accuracy when k
is small. Therefore, we conclude that it is important to
choose k depending on the application. In terms of com-
putation time, the total time of the proposed models was
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Table 4. Computation time per user [s]

Model Personal Similarity Predicted Totalvalues score

UBCF(WAA) - 2438.90 75.59 2514.49

UBCF(Top1) - 2463.69 9.75 2473.44

Proposal 0.02 0.60 252.44 253.06Db(WAA) w/o
Proposal 0.02 0.58 26.63 27.23Db(Top1) w/o
Proposal 0.02 3.06 18.54 21.62Dm(WAA) w/o
Proposal 0.02 3.06 9.01 12.09Dm(Top1) w/o
Proposal 0.07 4.81 18.83 23.71Db(WAA) w/
Proposal 0.07 4.86 9.04 13.97Db(Top1) w/
Proposal 0.08 349.73 20.10 369.91Dm(WAA) w/
Proposal 0.08 350.94 10.00 361.02Dm(Top1) w/

1/7 to 1/205 of the UBCF model. In particular, the compu-
tation time of similarity between users was 1/7 to 1/4248,
which is a remarkable difference. In the proposed mod-
els, the number of users is related to the computation time
of similarity, but the number of items is not. Therefore,
we conclude that the proposed models are effective for
datasets with a large number of items.

5. Conclusion

In this study, we proposed a method to estimate per-
sonal values using rough sets and apply a user model
based on the estimated personal values to CF. The mod-
els in this study use actual scores without reducing the
rating to the binary value of positive or negative, and con-
sider combinations of attributes. These models have the
advantage of extracting more If-Then rules of how users
rated items compared to the models in previous studies.
In this experiment, the recommendation accuracy was not
improved by considering the combination of attributes.
However, in the fact, the number of rules extracted can
be increased without decreasing the recommendation ac-
curacy. This is beneficial for applications of the recom-
mendation explanation. In the future work, we would like
to conduct a study that applies the model developed in this
study to the recommendation explanation.
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