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Abstract. Adaptive system is a field in rapid development. Adaptation is an
effective solution for reducing complexity when searching information. This ar-
ticle presents how to personalize user interface (UI) using fuzzy logic. Our ap-
proach is based on the definition of relations for selection of appropriate and not
appropriate of Ul components. These relations are based the degree of certainty
about the meaning coincidence of metadata elements and user’ preferences. The
proposed approach has been validated by applying it in e-learning field.
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1 Introduction

In past few years, there has been a widespread emergence of adaptive systems that go
beyond the capabilities of traditional interactive systems. In fact, adaptation deals
with the ability of a system to collect user information, to analyse this information,
and to adapt the system to users’ preferences [1]. In general, we can say that adapta-
tion deals with the capacity of personalization of a user interface (UI) considering
some information related to the context (i.e., platform, user and environment characte-
ristics). The adaptation can take into account several aspects (e.g., navigation, struc-
ture, functionalities) and it can be performed basically on the UI containers presenta-
tion; i.e., layout, colors, sizes, and content; i.e., data, information [2] [3] [4]. Such
systems can be used in many different domains; for example: e-learning [5], logistics
and transport [6] are domains in which adaptation principles offer new perspectives.
In fact, several research studies have been carried out about user modelling, design
methods and tools for UI generation. However, the evaluation of such systems is neg-
lected in the HCI (Human-Computer Interaction) literatures. To fill up this lack, it is
necessary to envisage new evaluation methods taking into account the evaluation
function for assessing the quality of adaptive system. This paper is structured as fol-
lows. Section II presents an approach for recommending UI adaptation based on the
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users’ preferences. III concludes the paper, with illustrations concerning learning
resources and futures perspectives.

2 User-Adaptive Systems

Adaptive system is a field in rapid development. Today, these systems are indispens-
able to those who want to retrieve appropriate information with less effort at any time
and any where. Adaptation is an effective solution for reducing complexity when
searching information. In this way, the user feels like the system was developed for
him/her. Two categories of adaptation are often distinguished in the literature: adap-
tability and adaptivity.For [7] “Adaptability is used to refer to self-adaptation that is
based on knowledge (regarding the user, the interaction environment, the context of
use, etc.) that is available to (or is collected by) the system prior to the commence-
ment of interaction, and leads to adaptations which also precede the commencement
of interaction”.

But, “Adaptivity refers to self-adaptation that is based on knowledge which is col-
lected and / or maintained by the system during interaction sessions (either directly
from the user, or through monitoring / inferencing techniques) and which leads to
adaptations that take place while the user is interacting with the system”. [8] defines
adaptation as the process of modifying systems to work adequately in a given context,
which means the system suits perfectly user expectation in a given context. In general,
we can say that adaptation deals with the capacity of adaptation of a system consider-
ing some information related to the context of use (P: platform, U: user and E: envi-
ronment). In general, we can say that adaptation deals with the capacity of adaptation
of a system considering some information related to the context of use (P: platform,
U: user and E: environment).

3 Approach Overview

For us, Ul is depicted as a set of components or interactive objects. So, the personna-
lization of system requires adaptation of Ul components presentation to a set user’
preferences. Our approach is based on the definition of relations for selection of ap-
propriate and not appropriate of Ul components. These relations are based on fuzzy
logic that represent the degree of certainty about the meaning coincidence of metadata
elements and user’ preferences. To understand better our contribution, we will start by
giving the definitions of important concepts used in our proposed approach such as
fuzzy rule-based systems and metadata for UI description.

3.1 Fuzzy Rule-Based Systems

Fuzzy logic may be viewed as an extension to classical logic systems for dealing with
the problem of knowledge representation in an environement of uncertainly and im-
pression. Fuzzy logic as it name suggests, is a form of logic whose underlying modes
of reasoning are approximate rather than exact. Its importance arises from the fact that
most modes of human reasoning are approximate reasoning [9]. Knowledge repre-
sentation is enhanced with the use of linguistic variables and their linguistic values
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that are defined by context-dependent fuzzy sets whose meanings are specified by
gradual membership functions. In our work, Fuzzy inference systems are developed
for adaptive system using Mamdani-type.

3.2 Metadata for UI Description

Our approach is based on metadata which is commonly used for the reuse of UI com-
ponents. This metadata is a set of data elements useful for the description of UI com-
ponents. A metadata element has a name which might not be unique. For that reason a
data element has a unique identifier. For the description of a Ul components, the data
element has to be associated with a specific value which characterizes the UI compo-
nent. Formally, a metadata (useful to annotate Ul components) is described as 5-tuple
M= (I, N, IN, V, D) where:

— I: is a set of data elements Identifiers.

— N is a set of data element Names.

— IN (data elements): is a relation from I to N.

— V:is a set of data element Values.

— D (Descriptive data element): is a relation from IN to V. D defines the value asso-
ciated to each metadata element for describing UI components.

A user interface is a set of services represented by Ul components. We assume that a
service could be represented by more than one Ul components. We assume also that
each UI components is annotated with metadata. Formally, an interface is described
as a 4-tuple C = (S, Q, R, ¥) where:

— S:is a set of services proposed by UI components.
— Qs a finite set of UI components, representing the services of Ul

— R :isarelation from S to Q. R determines the UI components representing a service.

— ¥ is a relation from Q to P (D), P denotes the set of partitions. ¥ defines the set
of metadata describing each UI component.

3.3 Semantic Relations between Values of Data Elements and Users’ Preferences

Semantic relations represents the coincidence degree between descriptive data ele-
ments and users’ preferences. Formally, SRVDL is described as 5-tuple R= (L, A, P,
M, C) where:

— L: is a set of level values in natural language describing possible user’ preferences
in relation to adaptation attributs. For example novice and expert are possible val-
ues for experience attribut.

— A (adaptation attributs): is a set of dimensions which can be used for UI adapta-
tion. Each adaptation attribut is related to a set of level values that describe possi-
ble user’ preferences with respect to the adaptation attributs.

— P (users’ preferences): is a relation from L to A. P defines the linguistic terms that
are related to a particular adaptation attributs.

— M (Metadata element associated with users’ preferences) is a relation from P(D) to
P, where P denotes the set of partition.
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— C (Coincidence Degree of Metadata elements with users’ preferences) is a relation
from M to [0..1]. C specifies the coincidence degree of metadata elements and users’
preferences.

3.4 The Proposed Approach

The proposed method consists in recommending UI adaptation based on the users’
preferences. By exploiting principles proposed by the inference engine of Mamdani
fuzzy rule-based system, the principle of this proposed method will be based on fuzzy
logic that represent the degree of certainty about the meaning coincidence of metadata
elements and user’ preferences. Our method has three phases (Fig. 1.): (1) Fuzzifica-
tion interface. (2) An inference system. (3) A defuzzification interface. The proposed
system use a rule base (RB) which stores the available knowledge about the problem
in the form of fuzzy. A general model of a fuzzy inference system is shown in Fig. 1.
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Fig. 1. A general model of a fuzzy inference system

- Fuzzification Interface: the fuzzifier maps input numbers (user’ preferences) in-
to corresponding fuzzy memberships. This is required in order to activate rules that
are in terms of linguistic variables. A combination of all the input values defines a
user profil. The fuzzifier takes input values and determines the degree to which they
belong to each of the fuzzy sets via membership functions. The linguistic variable
which represents the user’ preference is described as a triplet T = (p, T(p), Up) where:

— p: is the name of preference or adaptation attribut for example level of knowledge

— T(p) = {E{,E,, ...,E, } : is a set of values in natural language describing possible
user’ preferences levels for example {low, medium, high}.

— U,: universe of discourse of p.

This phase is composed of three steps: (1) Determination of discourse universe for
each user’ preference, (2) Definition of fuzzy sets. (3) Definition of fuzzy member-
ship functions.

- An Inference System: the inference engine defines mapping from input fuzzy
sets into output fuzzy sets according to the information stored in the RB. Once the
inputs are fuzzified, the corresponding input fuzzy sets are passed to the inference
engine that processes current inputs using the rules retrieved from the rule base.
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Each rule is in IF-THEN form:
IF X1is Al and ....and Xn is An THEN Y is B

With Xi and Y being imput and output linguistic variables, respectively and with Ai
and B being linguistic labels with fuzzy sets associated defining their meaning.

- A Defuzzification Interface: the defuzzifier maps output fuzzy sets obtained from
the inference process into a crisp action that constitutes the global output (adaptive inter-
face). There are a number of methods of doing this, and the most common one among
them is the centroid or centre of gravity method. The centre of gravity is simply the
weighted average of the output membership function. The result is calculated using the
formula:

_ “x (x)dx
X (centroid) = L,U—

jb“ L(x)dx

Where [a, b] is the interval of the aggregated membership function.

-Adapted Degree of UI Components to Users’ Preferences. The idea is to select
UI components to user’ preferences. So, we define a relation for determining the
degree of UI component appropriateness to a user’ preferences and also a relation for
determining the degree of not appropriateness ones to a users’ preferences basing on
the metadata (m). These relations are defined as follows:

e AdaptedDegree (Adapted degree of UI components (co) to users’ preferences (p))
AdaptedDegree : P x Q — [0..1]
AdaptedDegree (p, co) = Max {C (m, p) / m : P(D) and (co, m) € ¥}.
e NotAdaptedDegree (NotAdapted degree of UI components (co) to users’ preferences
(pr)
NotAdaptedDegree : P x Q — [0..1]
NotAdaptedDegree (p, co)= 1- AdaptedDegree (p, co)

The relations AppDegree and NotAppDegree are used to determine Adapted and Not
Adapted UI components.

4 Case Study: Contextual Adaptation of Learning Resources

The use of information technology and communication has greatly improved the way
we read and learn. These advances are revolutionizing our way of learning by adapt-
ing access to content and services. A large amount of educational resources is pro-
duced continuously on the Web. Given the cost of these resources and the expertise to
produce them, it is essential to make them easily accessible, adaptable and reusable.
The learner hope to have at his/her disposal only some information, just what he/she
is directly interested in. The system offers him/her adaptive interface according to
his/her preferences. To achieve this aim, we follow the classical phases of fuzzy logic
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system. The fuzzification interface takes as inputs the user’ preferences, and generates
as output an adaptive course with a set of personnlized services.

As an illustration, we consider a fuzzy inference system with two inputs and one out-
put. Let the two inputs represent the number of years of education and the number of
years of experience, and let the output of the system be difficulty which describes a com-
plexity level of course. Let p, is the study level which indicates the number of years of
education, Tgygy level Tepresent its term set {low, medium, high}, and the universe of
discourse be [1-20]). Let p, indicate the number of years of experience, the universe
of discourse be [0 -30], and the corresponding term set be {/ow, medium, /i¢/}. Simi-
larly, c; is the difficulty of course which is an output variable characterizing the
courses. In order to map input variables p: and p, to output c, it is necessary that we
first define the corresponding fuzzy sets. The membership functions for the input and
output variables are shown in Fig 2, 3 and 4.
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Fig. 2. Fuzzy membership functions for the study level
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Fig. 3. Fuzzy membership functions for the expeience
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Fig. 4. Fuzzy membership functions for the experience

A fuzzy rule base contains a set of fuzzy rules R (r1, r2,...,rn). For the given ex-
ample, the rules are stated as

If (Experiznce is low) and (Study-level is low) then (Difficulty-level is very-easy) (1) -~
If (Experience is low) and (Study-level is meduim) then (Difficulty-level is easy) (1)

If (Experience is low) and (Study-level is high) then (Difficulty-level is medium) (1)

If (Experiznce is madium) and (Study-level is low) then (Difficulty-level is easy) (1)

If (Experience is meadium) and (Study-level is meduim) then (Difficulty-level is madium) (1)

If (Experience is medium) and (Study-level is high) then (Difficulty-level is difficult) (1)

If (Experiznce is high) and (Study-level is low) then (Difficulty-level is medium] (1)

. If (Experience is high) and (Study-level is maduim) then (Difficulty-level is difficult) (1)

I (Experience is high) and (Study-level is high) then (Difficulty-level is very-difficult) (1)

02l = o IN e L] M

Fig. 5. Examples of rules
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Fig. 6. Operation mode the inference system

The inference engine considered is the classical one employed by Mamdani which
considers the minimum t-norm as conjunctive and implication operators and a mode
A-FATI defuzzification interface where the aggregation operator G is modeled by the
maximum t-conorm, whilst the defuzzification method is the centre of gravity.
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The operation of the inference engine is graphically illustrated in Fig. 6 which depicts
the membership functions resulting from the inference step.

Finally, the defuzzification interface aggregates the output fuzzy sets by means of
the maximum. This process is graphically represented in Fig. 6 (right part).

5 Related Works

Several studies have recently focused on personalized e-learning using different tech-
niques. [10] describes a data mining process based on Moodle Course Management
System [11]. (e.g., the number of assignments done by a student, the number of
quizzes failed, the number of quizzes passed, the total time spent on assignments,
etc.). This approach is based on user activity data. However, this data is not analysed.
A different viewpoint on educational data mining or data mining in e-learning is pro-
vided by [12], where the following categories are identified: prediction, including
classification, regression and density estimation, clustering, relationship mining (in-
cluding association rule mining, correlation mining, sequential pattern mining and
causal data mining), distillation of data for human judgement, and discovery with
models. In our approach, we propose an automatic analyse method which is based on
the user background (history).

The majority of E-learning systems model the learner as an entity accompanied by
a static predefined set of interests without modeling the learning resources. We can
cite for example, Smart E-learning environment which is composed of two processes:
teacher apprentice for authoring (TAA) and tutor apprentice for delivery (TAD) [13].
In our approach, we propose to define an interface as metadata for UI description that
could be used during the adaptation process. In this way, the designer and the evalua-
tor will use shared metadata to facilitate the personalization process.

Automatic learner modeling [14] is differing based on the queries attributes used
previously. In automatic learner modeling approach, the learners profile is con-
structed using a conversion based on keyword mapping. There are different tech-
niques used in learning modeling such as rule based methods, case based reasoning
[15], Bayesian networks[16] [17], belief networks and decision trees[18]. To our best
knowledge, our proposal is the first work that uses UI metadata to personalize inter-
face using fuzzy logic principle.

Several studies have been carried out for the development of adaptive interface.
Some of the most known studies are: TERESA [19], CAMELEON framework [20],
SUPPLE [21], DMSL [22] [23]. These systems are based on user task and transforma-
tion rules. In our approach, we propose user model, Ul metadata and fuzzy rules to
personalize interface.

6 Conclusion

In this paper, we presented a rigor and generic approach based on fuzzy logic for the
automatic prevision of Ul adaptation. Mathematical notation is used for two reasons.
First, mathematical notation enhances the rigor/precision of our approach. Second, the
high abstract level of mathematical notation is used for defining the approach as a
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generic solution. The proposed approach exploits semantic relations between data
elements and users’ preferences to determine adapted Ul components appropriate to
users’ characteristics. Future directions of this research will deal with extending the
proposed approach and proposition of metrics for evaluation of adaptation strategies.
Since we have tested our approach only in the e-learning context, it would be also
interesting to generalize the approach with other fields of application (transport, logis-
tics, etc).
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