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Abstract

There is a crucial issue in Adaptive Educational
Hypermedia, concerning the machine’s ability to rec-
ognize the learner’s style and profile to the purpose of
providing the learning material tailored to the
learner’s specific needs. In this paper an approach to
this problem is presented, based on methodologies one
can find in Fuzzy Logic and Neural Networks. The so-
called Fuzzy Cognitive Map becomes a powerful tool
in this case, as it has been proved in other applications
to. The reason, which leads to such approach, is
mainly the observation of uncertainty in learner’s pro-
file description. Therefore, classes in any classification
of learner’s profile are considered as fuzzy sets and
are represented as vertices of a Fuzzy Cognitive Map.

1. Introduction

The proposed method of learner’s profile and style
recognition is based on Fuzzy Cognitive Maps (FCM)
which are a soft computing methodology that has been
successfully used to model complex systems [1], [2]
and to support making decisions Papageorgiou et. Al.
[6]. A system designed to diagnose in the best possible
way the learner’s profile as it has been classified by the
experts in the field, can be considered a complex sys-
tem FCM methodology.

2. Learner Styles and their Characteristics

Despite the numerous classifications on the
learner’s style which have been proposed so far, one
easily recognize the difficulty to classify many learners
as of a certain kind in any given classification. No mat-
ter the classification in hands, the subsets should rather
be characterized by their fuzziness than by their com-
pactness. To the purpose of the presentation of a clas-
sification by Fuzzy Cognitive Map, we consider as

learning style model, introduced by Kolb, according to
whom “we learn by conceiving and transforming our
experiences”. The proposed method can be easily ap-
plied to other classifications of learner’s style in an
analogous manner. According to Kolb’s classification,
conception and elaboration of information are the two
dimensions of learning process. It has also been
pointed out that each dimension of the learning proc-
ess presents us with a choice. For example, it is virtu-
ally impossible to drive a car (Concrete Experience)
and at the same time to analyze a driver’s manual about
the car’s function (Abstract Conceptualization). There-
fore, we resolve the conflict by choosing. Hence, in or-
der to conceive information one has to choose between
Concrete Experience and Abstract Conceptualization.
As a matter of information elaboration one has to
choose among Reflective Observation or Active Ex-
perimentation. Such choices determine the learning
style. According to Kolb’s model, the four learning
styles and the corresponding per learning dimension
choices are presented at the following table [Jonassen
& Grabowski]. Taking a step further, one should realise
the incompleteness of having a concrete classification
of the four classes. Diverger and Assimilator have RO
in common, as Assimilator has common characteristics
to Converger and so .

3. Fuzzy Cognitive Maps

Fuzzy Cognitive Maps (FCM) is a soft computing
tool which can be considered as a combination of fuzzy
logic and neural networks techniques. FCM representa-
tion is as simple as an oriented and weighted compact
graph. Each vertex of the graph represents a concept
which express explicitly or implicitly certain character-
istics a learner has, or the main learner styles according
to Kolb [5] classification. The vertices of the graph
connect pairs of the user characteristics if and only if
there is a certain relationship among them. Each con-



cept is characterized by an integer indicating the sig-
nificance of the characteristic in the model. So, an inte-
ger of great value indicates the importance of the con-
cept, as an integer of low value indicates a concept of
minor meaning. In order to transform this values of
concept significance into the scale of [0,1], which is in
use by the fuzzy logic methods, we introduce an appro-
priate simple linear transformation. As a matter of fact,
the labels which stand for the weights of the graph’s
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oriented edges, should also be defuzzified and trans-
formed to values in [-1,1]. The final graph is designed
in a way that easily its observer can see the significance
of a concept and the influence each concept has on an-
other. As of the simplicity of its structure, an expert can
easily add more vertices and edges in case new con-
cepts should be introduced or more experts are asked to
be represented in the model.

4. The model

Each class conforms a layer of concepts, colored to
a particular color. The inner layer is conformed by the
four learner’s profiles according to Kolb’s classifica-
tion. The middle layer is the layer of basic learner’s
characteristics, according to Table 1.

The outer layer has the measurable learning activity
factors (LAF) which are subjects to be diagnosed by
the machine. Such factors influence directly the
learner’s characteristics. The oriented connections be-
tween concepts — vertices of the graph are represented
by arrows. The connections may show positive or nega-
tive influence LAF can have to LCs and LPs. A nega-
tive connection reduces the probability to diagnose a

certain LP in case of strong presence of a connected
LAF.

To explain these approaches the following related
definitions are required:

1. the set of elements
O={LAF}U{LC}U{LP};

2. A, alinguistic term of a linguistic variable
(e.g. almost absolute cause) ;

3. A measurable numerical assignment com-
pact interval X e(-00,00);

4. VeX, a linguistic variable which is a label
for C;e®;

5. pA(C)), the membership value representing
the degree of membership of 0i to the set
of elements determined by linguistic term
A.

Since we do not expect that all LAFs have the
same degree of effectiveness and causality on their
adjacent LCs and LPs, weights must determined in
order to express the degree of effectiveness and
causality in case. As cognitive psychology experts
mostly describe qualitative behavior using linguistic
variables, it is necessary to introduce a transforming
algorithm to map the values of such linguistic vari-
ables into membership functions. Watanabe’s [9]
membership functions direct estimation methods
take an approach by asking experts to grade an
event on a scale. Using such grading, we make use
of the transform which appears in Georopoulos et.
Al [3]. According to the proposed scheme, each
fuzzy set corresponds to a membership function
shown in the figure 2, where fuzzy sets describe the
degree of causality corresponding to membership
functions pA(C)), A={ewc, wc, oc, sigc, strc, esc,
aac}.

The proposed fuzzy sets and their corresponding
membership functions are:

e M, (extremely weak cause) the fuzzy set
for causality around 10% with membership
function pewc.

e M, (weak cause) the fuzzy set for causal-
ity around 20% with membership function
Hwe-

e M,(ordinary cause) the fuzzy set for cau-
sality around 35% with membership func-
tion M.

e M (significant cause) the fuzzy set for
causality around 50% with membership
function psigc.

e M, (strong cause) the fuzzy set for causal-
ity around 65% with membership function

l’lSll’C‘

C,e®, where



e M, (extremely strong cause) the fuzzy set
for causality around 80% with membership
function .

e M, (almost absolute cause) the fuzzy set
for causality around 90% with membership
function .

Figure 1

For example when considering the set of learners
characteristic for a given ¢ (e.g. the specific learner’s
Synthetic Ability) in the set ® = LC, whose linguistic
value V, describes the “degree (A) of learner’s charac-
teristic', has. For example the “degree of learner’s char-
acteristic' might be in the range of evaluation units X
=[0,10]. Moreover, how ~ Active Experimentator' the
learner’s Synthetic Ability might be, is the value of the
membership function pstrc(Active Experimentation).

Direct rating presents randomly selected 0ie®, with
values V(0i) €X to subjects who answer the question
“How A is 6(V(0))?" . In other words the question put
to the expert is ~How much reflective observator is
learner 67" (Note that ~ significant causal ' is different
from “causal') and they respond by using a simple indi-
cator on a sliding scale. Then, using the experts' opin-
ion of the range of causality, a simple calculation re-

veals pg(learner 0i). This experiment is repeated for
other learner and, indeed, the same learner 0i repeat-
edly to reduce error. In the late case, experimental out-
puts are summed up and using the defuzzification
method CoA, is transformed into a numerical value
which takes place for the weight Wy ;.

5. The Algorithm

Let N be the number of concepts in the FCM

e Set the number k of learners

e Set initial values n=0, VO(Ci) fori=1,2, ,N
from the learner’s profile database. Data have
been stored as the learner responded to certain
tests. Data have been stored as linguistic val-
ues Ai, and have been turn to fuzzy degrees
VO(Ci) for all concepts except those in LP.
Concepts in LP are set equal to 0 for n = 0.

e Set the initial values for w; according to given
information.

e For n=n+1, apply the relation (1) and set val-
ues V““(Ci) . Update learner’s profile data-
base. Following the defuzzification the
weights at the edges of the graph are presented
as elements of the adjacent matrix W,.

e Set V=W, V" | where

e If a C does not be influenced by any C; , j#i
then wj,i=1 at present n

e IfaV'(C)=m [V'(C)] ! for a given measure
of competence O<m<1, then set w;;=-m

e Use the unipolar sigmoid function to trans-
form the coordinates of V ™' into the interval
[0,1].

If max 0 < i< KkIV ™ (C)- VY(C)l < &, (>0) then
stop and store as result the learner’s profile which has
the highest value V "*'(C))
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6. Conclusions and Future Directions

The above method has been developed to provide a
fully computerized procedure which will be able to di-
agnose the learner’s profile. An Adaptive Educational
Hypermedia platform, which supports asynchronous e-
learning, will take fully advantage of the proposed al-
gorithm, in order to “see” the learner and to tailor the



learning material to his special needs. This study is
considered to be part of the project for the developing
of the ATTAIN (Aptitute Treatment Training in Adap-
tive Instructions) platform.

Alternatively to Watanebe’s Direct Esimation
Methods, one can apply the Reverse Rating method, in-
troduced by Turksen [8]. As the Reverse rating method
takes a different approach by asking an expert to an-
swer the following question ““Identify 6(V(0)) that has
the y-th degree of membership in fuzzy set A." This
technique allows a direct use of machine applicable di-
agnostic tests, which produce certain degree of mem-
bership in fuzzy sets, to the purpose of learner’s style
and characteristics recognition.

Another possible approach to the recognition of
learner’s profile could be the application of learning
methods. Such approach overcomes deficiencies
caused by the dependence on human experts and the
learner’s responses. The introduction of Hebbian algo-
rithm as it has been proposed for FCM by Papageor-
giou, Stylios and Groumbos [7], improves the effi-
ciency and robustness of the system.

Reflective Observator
Accomodator
Assimilator Adjast concepts on the basis of
reflective observation

Converger

Diverger Adjast concepts on the basis of
reflective observation, collects
information, self-diagnosis,
“open”  works, individual
learning learning, sense of
doubt, sensitive in values and
emotions. Evaluation of infor-
mation, motivated by curios-
ity

Concrete Experience

Accomodator

Assimilator

Converger

Diverger Adapt ideas from concrete ex-

perience, collects information,
self-diagnosis, “open” works,
individual learning, sense of
doubt, sensitive in values and
emotions.Evaluation of infor-
mation, motivated by curiosity

Active Experimentation
Accomodator Work on concepts on the basis
of active experimentation

Assimilator

Converger Work on concepts on the basis
of active experimentation

Diverger

Abstract Conceptualization
Accomodator
Assimilator Focuses on concepts which are
result of abstract conceptuali-
sation, organise information in
several interesting ways, con-
trol on theories and concepts
Design of experiments. Analy-
sis of quantitative data.
Converger Focuses on concepts which are
result of abstract conceptuali-
sation, establishes conceptual

models.
Diverger
Thinking process
Diverger Less oriented towards
thinking
Converger Deduction
Accommodator Concrete 2 Abstract
Assimilator induction

Participation in learning process

Diverger Practice
Converger Select info
Accommodator Hands on tasks

Assimilator organize

Understanding symbols and abbreviation

Diverger Needs concrete ex-
amples

Converger Very good

Accommodator Good

Assimilator maximum

Boredom effectiveness /patience
Diverger

Converger
Accommodator minimum
Assimilator Maximum



Self directed learning vs guidance need

Diverger Very good at self di-
rected learning / self
diagnostic

Converger Good at self directed
learning

Accommodator Needs guidance

Assimilator Maximum

Authority

Diverger Doubts

Converger Scepticism

Accommodator Seeks for

Assimilator appreciate

Decision making

Diverger Less able

Converger Very good

Accommodator Very good /risk tak-
ing

Assimilator Less able

Collaborative Learning

Diverger Prefers

Converger Weak

Accommodator Strongly prefers

Assimilator Do not prefers

Imaginative intuition

Diverger Very good

Converger Unimaginative

Accommodator Rather poor

Assimilator Less artistic

Scientific/systematic approach

Diverger Less
converger Very good
Accommodator Less
Assimilator maximum

Ability to get things done

Diverger
converger Very good/ apply
ideas

Accommodator Carries out plans

Assimilator Rather hesitant
Emotionally involved

Diverger Oriented towards

Converger

Accommodator

Assimilator Less oriented

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

Table 2
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