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Abstract— This paper studies a possibility to learn a complex
user preference model, based on CP-nets, from user ratings. This
work is motivated by the need of user modelling in decision making support, for example in e-commerce. We extend our user model
based on fuzzy logic to capture variation of preference objectives.
The proposed method 2CP-regression is described and tested. 2CPregression uses CP-nets idea behind and can be considered as learning of a simple CP-net from user ratings.
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proposed method for learning the relation between attributes.
Then this approach is tested in Section 5 and we end with
conclusion and future work in Section 6.

2
2.1

Two step user model

Notation

We will work with a set of objects X. Overall rating of an
object is a fuzzy subset of X, i.e. a function r(o) : X →
[0, 1], where 0 means least preferred and 1 means most preferred. Every object has attributes A1 , ..., AN with domains
1 Introduction
DA1 , ..., DAN , with one special attribute that serves as identiThe problem studied in this paper is based on the idea of helpN
/
ing user in making decisions. The main motivation lies in fication of object (ID). Let X ⊆
DAi . We will use X(a)
e-commerce, where user might benefit a recommendation of
i=1
objects that might interest her without needing to process all when denoting a set of objects that have the attribute value a.
User model, in our view, is a method for representing user
objects manually. This recommendation should be rather audecision
when considering user’s preference of an object o ∈
tomatic and transparent, because user typically does not want
X.
Our
user
model consists of two steps. At the first step, atto fill in any complicated forms or invest much time in search.
tributes
of
o
are
normalised using fuzzy sets fi : DAi → [0, 1]
When a user is buying a notebook, for example, she is
(and
here
again,
0 is least preferred and 1 is most preferred
considering the attributes such as price, manufacturer, size of
value),
so
that
the
transformed object is in [0, 1]N . These
RAM, harddisk, display. In traditional e-shop environment, it
is possible to make some restrictions on these attributes and fuzzy sets are also called objectives or preferences over atlower the number of notebooks the user has to process manu- tributes. At the second step, preference over attributes are agally this way. But these restrictions are inflexible - when the gregated into the rating of the whole object via a fuzzy aggreN
user selects price from 1000$ to 2000$, a notebook with price gation function @ : [0, 1] → [0, 1]. Aggregation function is
999$ would not appear in the result set. This is the reason for also often called utility function.
We concentrate on learning of user models. User is exa flexible search, based on fuzzy user preferences.
pected
to rate a small sample S ⊆ X of objects (r : S →
In this paper we propose a method for handling more com{1,
2,
3,
4, 5}), where |S|  |X| . The size of training set is
plicated user preferences. In [1] a phenomenon called ceteris
expected
to be very small. We assume that these ratings were
paribus was described. Preference ceteris paribus means prefcreated
by
the user using some fuzzy sets f1 , ..., fN and an
erence ”all else being equal”. When a user is comparing two
aggregation
function @. Of course the user does not compute
notebooks, we can say that the size of RAM of 2GB is prethe
result
of
a function, but her decision corresponds to this
ferred to 1GB ceteris paribus, meaning that we assume that
two
step
process.
the remaining attributes of these notebooks are the same and
Our model consist of f1 , ..., fN and of @ so we expect to
their values are not important. A user model based on this idea
construct
these functions from user ratings of S. The learnt
was later proposed in [2] - a CP-network is a graph that cap0
tures preferences ceteris paribus or, in different view, it rep- functions will be denoted as f01 , ..., f1
N and @. Learning of agresents attributes, on which the preferences over the attribute gregation function is described in Section 2.2. This paper conRAM depend. And yet, as far as we know, there are no study centrates on learning of local preferences, which is described
of learning of CP-nets from user ratings. Our paper is a first in Section 4.
subtle contribution to this field. We work with our user model
based on fuzzy sets rather than CP-nets, still the proposal of 2.2 Aggregation function learning
learning the relations between attributes is strongly related to Aggregation function serves to combine preferences over atCP-nets.
tributes into a single rating that represents the preference of
In Section 2 our user model is described. Related work is the object as a whole. There are many ways to aggregate local
studied in Section 3. In Section 4 is described in depth the preferences, we are currently using a weighted average with
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Figure 1: Uniform and expressive distributions of ratings.
weights learnt from user ratings. Method called ”Statistical”
was described in [3], [4]. The distribution of ratings for attribute values ai ∈ Ai are considered when determining the
weight of attribute Ai . In Figure 1 is an example of distribution of ratings across a domain of attribute RAM for a user
that prefers larger sizes of RAM. If ratings are distributed near
one point as in Figure 1 for 2048GB RAM, the attribute value
is considered as decisive when doing the overall rating. However, if the distribution is rather uniform such as in Figure 1
for 1024MB RAM, then attribute value ai does not play an
important role in the overall rating. The measure of importance of an attribute value is computed with formula

|r(o) − avgo∈X(ai ) r(o)|/|X(ai )|
imp(ai ) = 1/
o∈X(ai )

when taking only those objects o that have attribute value ai .
Then the importance
of attribute Ai is computed as

W (Ai ) = 1/( ai ∈Ai imp(ai /|Ai |).
Our approach is not the only one - any data mining technique can be used here. Reader can simply imagine training a
multilayer perceptron with normalised attribute values.
In Figure 2 is attribute price with ratings of notebooks.
When a standard linear regression (described in Section 4.1)
is used, attribute price would get a small weight. However,
when notebooks of only a single manufacturer are used, then
the error would be much lower and importance of price would
be considerably higher. This may be visible for human, after
a short inspection of the graph. Another visualisation of this
situation is in Figure 3 with discretised attribute price. Ratings
of all attribute values are distributed uniformly, so the importance of this attribute will be considered small.

3

Related work

User preferences are a wide field so there are plenty of research areas. For our case, user preference learning is the most
important one. There are two totally different approaches to
recommendation : content based and collaborative. For collaborative filtering, we may cite for example [5] but there are
many other interesting works. Collaborative filtering is based
on the idea that similar users tend to have similar preferences
of an object. However, we do not consider this approach in
this paper.
We concentrate here on content based, that means that the
preferences are based on attributes of objects. For example,
user considers the size of harddisk and other features when
ISBN: 978-989-95079-6-8
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Figure 2: Distribution of ratings of notebooks with regard to
price.
buying a notebook. This approach in our view corresponds
more to how users decide in the real world. The difficulty
here is that users are often inconsistent or take into account
attributes that are not known or impossible to quantify, such
as the design of notebook.
In this area, the main focus was on search of documents
in the past [6, 7]. This is a specific area, because features of
documents are of little structure. We are interested more in
recommendation of more complicated objects like notebooks,
with different types of attributes. Following works :[8, 9, 10,
11] deal with general, more structured, objects.
One of our main inspirations was CP-nets [2]. This user
preference model captures complex user preferences in a
graph representation, where a preference over one attribute
may depend on the values of other attributes. There are many
papers dealing with CP-nets, but there is none which describes
a way to construct a CP-net automatically, by learning from
ratings. Because preferences over attribute A1 may depend on
other attribute/s, e.g. A2 , user has to specify her preferences
not only for all values of A1 but she has to do it for every possible value of A2 . This means very much work and insight for
the user, work that probably few people will undergo.
There is also another concept for representing user preferences other than ratings as in our case. These are preference
relations, or specially fuzzy preference relations [12]. We do
not consider this model, we rather follow approach identified
by R.Fagin in [13] and consider user ratings as fuzzy sets.

4

Local preferences learning

As mentioned in Section 2, our user model is divided into two
steps.
The first step is used for normalisation of every attribute to
interval [0, 1], so that the best object would have coordinates
[1, ..., 1]. This can be viewed also as monotonisation of data
- if for object o1 , the normalised value of its attribute value is
lower in all attributes than object o2 , then o2 is surely preferred
to o1 (if the normalisation is determined correctly).
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Linear regression is very useful method that serves to find a
relation in a set of data in form of a linear function. It can
be used for finding the preference of attribute values for numerical attributes, e.g. price. When given a set of notebooks’
prices and ratings, linear regression will create a linear function r(price) = α ∗ price + β. Then we can normalise values
of price using this function.
Traditional linear regression works on method of minimizing least squares of errors. This is not always useful, because
it is dependent on the distribution of data points. For this reason, we proposed a method in [14] to accommodate better to
the whole interval we study.
As a future work, we would like to implement a method for
finding also more complicated functions, e.g. triangular fuzzy
functions. The motivation is clear - linear functions are good
for preferences of extreme values, e.g. lowest price, largest
LCD etc. But if user prefers some value in the middle, like
LCD of size 15”, linear function would not capture this preference correctly.
4.2

2CP-regression
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Figure 3: Uniform distributions of ratings across all domain.
Linear regression
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Figure 4: Example of a CP-net representing data about notebooks.
better match the real preferences. The fuzzy set trained on
A1
X(a ) will be denoted as f2
. However, the size of training
2

a2

set may be radically decreased in this way. For that reason a
A1 is constructed as in 4.1, which is used
general fuzzy set f2
for values that did not occur during the construction of local
preferences in the training set.
A method for construction of several fuzzy sets and a general one, all represented by linear functions, is described in the
following pseudo code. Method getObjectsWithA2(a2 )
returns the set X(a2 ), i.e. only those objects with attribute
value a2 . Method leaveOnlyA1AndRating leaves only
couples (A1, Rating) in the given set, which makes it suitable
for linear regression that follows. Finally, the attribute value
A1
a and the corresponding linear function f2
are stored.
2

a2

leaveOnlyA1AndRating(X);
A1 = buildClassifier(X);
f2
for (∀a2 ∈ A2 ) {
X(a2 ) = getObjectsWithA2(a2 );
if (|X(a2 )|< 2)
continue;
leaveOnlyA1AndRating(X(a2 ));
A1
f2
a2 = doLinearRegressionOn(X(a2 ));
A1
);
storeCouple(a , f2

The main contribution of this paper is the proposal of a new
method for acquisition of local preferences for numerical attributes, 2CP-regression. This method is motivated by preferences ceteris paribus [2] and CP-nets. Basic idea that represents ceteris paribus is that there are relations between attributes. For example, the manufacturer of a notebook influences the preferences of the price of that notebook. In our
example, we present a user that prefers the price of 2200$ for
2 a2
manufacturers HP, IBM, Lenovo, Toshiba and Sony, and the
}
price of 750$ for manufacturers Fujitsu-Siemens, Acer, Asus
and MSI. A simple CP-net representing this scenario is in FigLet us have an object o with unknown rating, with attribute
ure 4, with ratings of manufacturers and ideal prices. Ideal values a1 , ..., an . When we want to normalise value a1 , we
price depends on the value of manufacturer, not on its prefer- use the following method:
ence. There are other examples and often the decisive attribute
is a nominal one with rather small domain.
When constructing a fuzzy set for a numerical attribute A1
if(existsFuzzySetFor(a2 )){
(price in our case), we look at the values of other nominal
A1
f2
= getFuzzySetFor(a2 );
a2
attributes. For simplicity, let us consider only one, A2 . A2
A1
return f2
will be referred to as a ”dividing attribute”. The construction
a2 (a1 ) ;
of the set is restricted to objects with value a2 ∈ A2 ; let us
}
note this set X(a2 ) ⊂ X. If dividing attribute A2 really inelse
A1 (a );
fluences attribute A1 , then the values of A1 should be ”better”
return f2
1
distributed in X(a2 ) than in whole X and the fuzzy set should
ISBN: 978-989-95079-6-8
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It is possible that we did not encounter value a2 in the train- to 75 ratings at maximum. Methods were tested on the rest of
ing phase at all or only once. In such case, we use general the set. When the user model is constructed from the first 10
A1 for normalisation of a .
notebooks, then it is tested on the remaining 190 notebooks.
function f2
1
Then the next 10 notebooks are taken as training set and again
4.3 A method for clustering results CP-regressions
the model is tested on the remaining 190. For TSS = 75 the
In the previous section, we mentioned a problem that when us- model is tested on remaining 125 notebooks. Resulting errors
ing 2CP-regression, the number of training examples for lin- are averaged for every TSS so the results should be reliable.
There are five methods tested: Mean, Statistical with Linear regression decreases rapidly when the number of attribute
ear
regression, Statistical with 2CP-regression, Support Vector
values in the dividing attribute is high. In the following, we
Machine
and Multilayer perceptron. Mean is a baseline. This
present a method for overcoming this problem.
method
always
returns the average rating from the training set.
2
Let us have a set of fuzzy sets faAi1 for normalisation of
Multilayer perceptron and Support Vector Machine are tradiattribute A1 that depends on values of attribute A2 . Each fuzzy
tional data mining methods. Implementation from Weka [15]
A1
set is of the form f2
ai (x) = α ∗ x + β.
was used.
2
A1
Statistical method as aggregation function was used with
Now we start with fuzzy set fa1 = α ∗ x + β and match
two
different normalisations. The first one is traditional
together those fuzzy sets, that have similar shape, ie. the values of α and β. After finding similar fuzzy sets, without the linear regression; the second is our proposed method 2CP2
A1
A1
regression.
loss of generality let it be f2
a2 , ..., fak . Values a1 , ..., ak are
No tuning of any method was performed - these methods
grouped together and we construct a new linear function; we
are
supposed to work on arbitrary data automatically without
will use all objects o ∈ X(a1 ) ∪ ... ∪ X(ak ) for its constructhe
need
of adjusting any parameters.
tion. This new linear function should accommodate better to
testing data, because it is constructed using a larger training
5.2 Experiment results
A1
set. When using this set, we treat it as fa
1 ,...,ak so it is used
We studied three types of error measures. First, most comfor every object with attribute value in a1 , ..., ak .
This method of using clusters for CP-regression was not monly used, is RMSE - root mean squared error. This capfully implemented yet, but plan to implement it and test it tures the average error across the whole testing set. Second,
in near future. We expect better performance especially for Weighted RMSE, adds weight to each contribution to error.
smaller training sets. In this case, we can do a bottom-up clus- The weight associated is the same as the real rating, because
tering that stops at a specified threshold of minimal training set good objects are of more concern than objects that are not preferred. In other words, it is worse if a good notebook does not
size.
appear on the first page of results than if a bad notebook does.
Finally, we used tau coefficient to study the methods. Tau co5 Experiments
efficient is a measure of correspondence between two ordered
5.1 Experiment settings
lists. Objects from testing set ordered by real user preferences
Our experiment was done on a set of 200 notebooks crawled are in the first list. The second list consists of the same objects,
from a web shop. There are five attributes: harddisk, display, ordered by preferences proposed by the method. In this way,
price, producer and ram. We have created an artificial user U we can estimate the similarity of the ordering of objects by
with preferences on the scale {1,2,3,4,5} for every notebook. the method and by the real user. Tau coefficient ranges from
Preferences were generated using a set of fuzzy sets fi and an -1 to 1; 1 means absolute correlation, e.g. the same lists, and
-1 means the opposite correlation, e.g. reversed lists. Tau coaggregation function @.
The user preferences on price were dependent on the actual efficient of 0 means that there is no relation between the two
value of the producer of the notebook. As it was mentioned lists.
In Figure 5 are represented counts of unpredicted rating for
in Section 4.2, for producers HP, IBM, Lenovo, Toshiba and
each
method. At TSS = 2 there were 40 notebooks that every
Sony the best price was set to 2200$ and for Fujitsu-Siemens,
method
failed to predict and SVM failed even for 90 noteAcer, Asus and MSI the best price was set to 750$. Hence the
books.
At
TSS = 5, there were 5 notebooks for all methods
same price would produce different degree of preference for
and
25
notebooks
for SVM without prediction. So SVM perdifferent manufacturers. Distribution of ratings of notebooks
formed
worse
than
the rest of methods for small TSS.
with regard to their price is in Figure 2. We can clearly see
In
Figure
6
are
results
for RMSE. 2CP regression is an overthat the ratings are distributed more or less evenly across all
all
winner,
only
at
TSS
=
40 it was outperformed by Multilayer
the domain. However, a peak at about 2500$ appears when
perceptron
and
at
TSS
=
2
by SVM, but SVM failed to predict
only the triangles are taken into account and another peak at
far
more
notebooks.
about 1000$ is for crosses. Peaks do not correspond exactly
The results are about the same for Weighted RMSE, as we
to the artificial preferences; this is because the overall rating is
influenced by other attributes, too. The overall trend is clearly can see in Figure 7.
Finally, results for Tau coefficient are in Figure 8. 2CPvisible for human - with increasing price crosses tend to go
regression was outperformed by Mean for the three smallest
down and on the opposite triangles go up.
Testing was performed with a traditional cross-validation TSS, otherwise it was again the best method.
method. Because we are dealing with user ratings, it can not
In all cases, 2CP-regression was better than simple Linear
be expected that the user will rate many objects. That is why regression and Statistical with 2CP-regression outperformed
we limited the size of the training set (TSS in following text) even SVM and Multilayer perceptron.
ISBN: 978-989-95079-6-8
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Figure 5: Count of unpredicted ratings of notebooks.
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Conclusions

We have proposed a method for finding preference dependence between two attributes, which was demonstrated on
the example of a user for whom the ideal price depends on
the manufacturer of the notebook. As far as we know this is
the first contribution for learning ceteris paribus-network like
structure from user ratings. We are aware that our model does
not correspond to CP-nets completely, but the proposed part
of our fuzzy model can be considered as a simple CP-net.
In our experiments, 2CP-regression performed very well,
outperforming traditional data-mining techniques and also the
normalisation with linear regression. Three different error
measures were taken into account and in every one our proposed method was the best.
For future work, we would like to extend this approach for
finding relations between more than two attributes, making a
more general nCP-regression. We would also like to test it on
real user preferences data, for example on NetFlix data [16].
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editors, DATESO 2007, volume 235 of CEUR Workshop Proceedings, pages 108–119. Matfyz Press, Praha, 2007.

weka,SVM
Mean
Statistical, Linear regression
Statistical,2CP-regression
weka,MultilayerPerceptron

0,75

0,55
2

5

10

15

20

Training set size

Figure 7: Weighted RMSE.
ISBN: 978-989-95079-6-8

40

75
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