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Abstract. During the first courses of the Computer Enginecring undergraduate
Program at the University of Buenos Aires, the number of human tutors in
Programming Area is usually not enough: the students/tutors ratio is very high
and there is a great heterogeneity in the acquired knowledge and background of
students. The main idea behind this paper is to describe a system that could
emulate a human tutor. Thus, the tutor will be able to provide student with a high
level of flexibility for the selection of the most adequate tutorial type. This could
be a feasible solution to the stated problem. But a tutorial system should not only
emulate the human tutor but also it should be designed from an epistemological
perspective concerning what teaching Programming really means. This is
specially important in an Engineering course due to the required profile and
identity of the future engincer. The stated solution implements a scries of
artificial neural networks to determine if there is a relationship between the given
initial population of students learning preferences and the different tutoring
types. A series of experiences were carried out in order to validate the current
model.

1. Introduction

The main objective of the tutor module of an Intelligent Tutoring System is to present
the new knowledge to the student in the best way possible. To achieve this. our
research group [Salguciro et al., 2005; Costa et al., 2005] has designed a series of sub
modules and interfaces to avoid the normal overlap that usually appears in the modules
of an Intelligent Tutoring System. In the tutor module, the main sub module contains
the pedagogical protocols, which is made up of two basic components: the profile
analyzer and the database of pedagogical protocols available in the system. The system
has a database of pedagogical protocols. Its use will be subordinated to the availability
of the contents in the knowledge module, although the lesson always can be gencrated
for some of the available protocols. In order to collect data about the way in which each
student learns, lists of learning styles will be used as well as tools for data collection. It
has been determined the validity and trustworthiness of this instrument through its
application by various researchers from the date of its creation [Felder, 1988; Figueroa,
2004] up to now. Starting from data provided by each student, his or her learning style
will be determined. Afterwards, in a second step, the learning style will be linked to the
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pedagogical protocol. The Felder list [Felder 1988] is a validated tool that allows
obtaining solid data from students. After giving a questionnaire to the students, we will

try to get data records on different sets by using the tools provided by Artificial

Intelligence (AI). such as Neural Networks (NN) in order to obtain a relationship

between the preſerences of the students and pedagogical protocols. From a statistically

significant sample of students for which the lists of complete learning styles had been

taken. will try to see if the learning styles can be grouped according to the education

techniques or pedagogical protocols. This will allow correlating the preference of
 the

student with the most suitable pedagogical protocol in the system. As the selection of

the pedagogical protocol is one of the elements to determine, it is desired to group the

students in families with common characteristics.
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Fig. 1. Tree generated by C4.5 algorithm using SOM output as C4.5 Input.

This can be achieved using the Self Organizing Maps (SOM) neural networks (also

known with the name Kohonen [2001] maps) that make a "determined clustering" or

grouping action according to common characteristic of the original set of individuals.

Once obtained the resulting groups of SOM network an induction algorithm will be
used to find the rules that characterize each one of these groups. In this case the

algorithms to be used will belong to the family of Top-Down Induction Trees (TDIT)

algorithms. Although several algorithms exist that make these functions, a very

complete one is Quinlan's C4.5 [Quinlan, 1993], an extension of algorithm ID3

(Induction Decision Trees) also proposed by Quinlan [Quinlan, 1987]. Its objective is

to generate a decision tree and the inference rules that characterize this tree. In this

particular case. the C4.5 will take as input the data of the students already clustered by

SOM and the output will be the rules describing each cluster.

Once obtaining the smallest amount of rules by pruning the tree to avoid overfitting,

we move to another stage of the analysis in which, by means of an inference process,
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For the training of the Backpropagation network 67% of the data (qualifications) were
used randomly whereas 33% of the remaining data were used to validate the generated
model. Afler more than 100 training of 1000 cycles each one, where it was carried out
in order to diminish the error in the resulting network, it was reached the conclusion
that the optimal values for the parameters of the network are those that are seen onTablc 6.

Characteristic
% Error (Training group)
% Error (Validation group)

Table 6. Neural Net Training Rcsults.

Value

3.75°

2.00%

13

20

20

2

Network characteristics

Input ncuron

First hidden layer neurons
Second hidden layer neurons

Output neurons

This training is valid since the error of the tool (3.75% for the set of training and 2.00
% for the validation set) is minor than the error of the elements that were outside the
analysis, which represents the students who did not approve because lack of study.
although the pedagogical protocol agreed with the preference of the student (who is
25%). Therefore it is possible to conclude that: [a] course B is related to cluster 1: since
the errors induced by elements of cluster 2 within the course are in a 75% or in other
words, the network classifies to 75% of the students failed in the course and [b] course
A is related to cluster 2: since another possible allocation in this case does not exist and
in addition the percentage error of classification and reprobation is of 0%. The obtained
results agree with the aflirmations of Perkins, where the Backpropagation network
predicts that most of the failed students must have received classes using another
pedagogical protocol. Socratic protocol is related with Cluster 2 and Magistral protocol
is related with Cluster 1. This way the same turn out of the inferential step is obtained.
In order to incorporate the experimental results to the design of the tutorial module ofIntelligent Tutoring System (ITS), certain conclusions can be established. One
concludes, that controls a module of the tutor able to categorize to the students
according to its characteristics, within some of the pedagogical protocols available in
the system. for the case in study, controlled data of 2 pedagogical protocols (Magistral
and Socratic) and in this case is possible to be categorized automatically to the students
within each one of them, according to its preferences to improve the results of a
pedagogical session.

5. Conclusions

When validating the model against the real data, as much for the data triangulation as
the training of the neural networks that support the model, it was found that the data
adapt very satisfactorily to the test conditions, becoming thus, not only a theoretical
tool being worth to guide the students in the learning process, but also in a validated
instrument. In practice, that allows implantations of an Intelligent Tutorial System able
to generate measurable and useful satisfactory results in real environments. It is
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fulfilled then the primary objective of this work which is to provide an additional tool

for the human tutors, who can relegate some of their tasks that, either by lack of time or

resources. cannot fulfill in a satisfactory way the student request, whereas it provides a

secondary support for the students who try to complement their knowledge or to

regulate its own rate of learning. Then, it is provided to the field of the Intelligent

Tutorial Systems a new tool, to facilitate the selecti
on of the suitable pedagogical

protocol, resulting this in a gain, not only for the performance of the STI itself, but also

for the student, who is the fundamental human component that makes the system useful

and offers identity to them. Thus it was trie
d to make a contribution to improve the

academic performance of different students andtherefore their quality of life.
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