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Abstract

Nowadays, the improvement of digital learning with Artificial Intelligence has
attracted a lot of research, as it provides solutions for individualized education styles
which are independent of place and time. This is particularly the case for computer
science, as a tutoring domain, which is rapidly growing and changing and as such,
learners need frequent update courses. In this paper, we present a thorough evalua-
tion of a fuzzy-based intelligent tutoring system (ITS), that teaches computer pro-
gramming. The evaluation concerns multiple aspects of the ITS. The evaluation cri-
teria are: (i) context, (ii) effectiveness, (iii) efficiency, (iv) accuracy, (v) usability and
satisfaction, and (vi) engagement and motivation. In the evaluation process students
of an undergraduate program in Informatics of the University of Piraeus in Greece
participated. The evaluation method that was used included questionnaires, analy-
sis of log files and experiments. Also, t-tests were conducted to certify the validity
of the evaluation results. Indeed, the evaluation results are very positive and show
that the incorporated fuzzy mechanism to the presented ITS enhances the system
with Artificial Intelligence and through this, it increases the learners’ satisfaction
and new knowledge learning and mastering, improves the recommendation accuracy
of the system, the efficacy of interactions, and contributes positively to the learners’
engagement in the learning process.
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1 Introduction

Nowadays, education has benefitted from advances in computer technology. Par-
ticularly, individual students can participate in a lesson from wherever they are and
whenever they can, receiving learning material tailored to their needs. This has
been achieved to a large extent due to the development of advanced software for
computer-assisted learning, such as Intelligent Tutoring Systems (ITS) (Saiz-Man-
zanares et al., 2021; Cho & Kim, 2021; Urdaneta-Ponte et al., 2021; Alonso-Secades
et al., 2022). Indeed, ITSs constitute a special kind of educational software pro-
grams that aim to model the cognitive state and the learning needs of the individual
students and provide a personalized learning experience (Akyuz, 2020; Chrysafiadi
et al., 2022). They incorporate Artificial Intelligence, which enhances the learning
process making it attached to each individual learner’s needs (Sotiropoulos et al.,
2019; Tsihrintzis et al., 2019, 2021; Virvou et al., 2020). They model the students’
characteristics and needs and imitate the way that a human tutor thinks and reacts
during the teaching process (Chrysafiadi & Virvou, 2013a; Clancey & Hoffman,
2021; Khazanchi & Khazanchi, 2021). This is particularly significant in the case of
computer science education, in which the learners have heterogeneous background,
characteristics and needs. Moreover, according to (Nesbit et al., 2014), there is a
significant advantage of ITS over teacher-led classroom instruction and computer-
based instruction that are not based on intelligent techniques.

The main aim of an ITS is to provide a student-oriented learning process that
helps learners acquire knowledge and accomplish the learning goal (Polson & Rich-
ardson, 2013; Eriimit & Cetin, 2020; Paladines & Ramirez, 2020). To achieve this,
it has to be able to (i) recognize the learner’s knowledge level, misconceptions and
learning needs, (ii) provide lessons and feedback that are tailored to each individual
leaner’s needs, (iii) create positive feelings to the student and motivate her/him to
participate in the learning process (Graesser et al., 2018). Therefore, the success
of an ITS depends on several factors (Kulik & Fletcher, 2016; Mousavinasab et al.,
2021; Feng et al., 2021). Consequently, the evaluation of an ITS has to include usa-
bility evaluation (Chughtai et al., 2015; Chrysafiadi & Virvou 2021a; Wang et al.,
2021), learning outcomes evaluation (Hosseini et al., 2020; Rebolledo-Mendez
et al., 2022; Binh & Trung 2021; Chrysafiadi & Virvou, 2021b), student modeling
and recommendation validity evaluation of the system (Chrysafiadi & Virvou,
2013b; Sosnovsky & Brusilovsky, 2015; Effenberger & Pelanek, 2021).

In view of the previous, in this paper we present a thorough evaluation of a
fuzzy-based ITS that teaches computer programming. The aim is to examine how
useful and effective the system is in terms of the learning process and how the
educational process benefits from it. Therefore, the following questions are seek-
ing answers in this research:

How helpful the system is in the learning process?
Does the system contribute to the acquisition of new knowledge?

e How efficient the system is concerning the number of interactions needed to
achieve the learning goal?
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e How accurate are the system’s recommendations?
e How usable and pleasant the system is?
e How the system affects the students’ engagement in the learning process?

For answering the above questions, a thorough evaluation of the system was con-
ducted. For the evaluation, we combined two evaluation frameworks, the CIAO!
framework (Jones et al., 1999) and the evaluation framework that was proposed by
Lynch and Ghergulescu (2016), that were developed for evaluating educational soft-
ware. In this way, we accomplish to assess multiple aspects of the tutoring system
that include the intelligent features as well as the necessary educational aspects. The
evaluation process was based on the participation of 140 learners who attended an
undergraduate program in Informatics at the University of Piraeus, Greece. For the
evaluation questionnaires and experiments were used.

The remainder of this paper is organized as follows. In Section 2, we present
background knowledge about ITS evaluation. In Section 3, we present the theoreti-
cal framework and the methodology of research. In Section 4, we present the fuzzy-
based ITS which was evaluated. In Section 5, we describe the evaluation method,
testbed and results. In Section 6, we discussed the evaluation results and present the
research’s impication. Finally, in Section 7, we draw conclusions from this work.

2 Related work

The evaluation of an ITS is crucial to its acceptance and contribution to the learn-
ing process. The evaluation criteria of most ITSs include usability, learners’ per-
formance and learning outputs. However, a thorough evaluation should include
additional criteria, like accuracy, precision, sensitivity, adaptivity, reliability, rec-
ognition rate, usability, and mean square error (MSE) (Lampropoulou et al., 2010;
Mousavinasab et al., 2021). Furthermore, the most common techniques for an ITS
evaluation are observations, questionnaires, and experiments. According to (Greer &
Mark, 2016) experiments are ideal for ITS evaluation because they enable research-
ers to examine rela-tionships between teaching interventions and student-related
teaching outcomes, and to obtain quantitative measures of the significance of such
relationships.

In recent literature review there is a variety of ITSs that have been evaluated
trough experiment and questionnaires. The authors in Wambsganss et al. (2020)
used a questionnaire with 38 items to evaluate the usability, usefulness, adaptivity
and effectiveness of an adaptive dialog-based tutoring system for augmenta-tion
skills. Similarly, the authors in Wang et al. (2021) used questionnaires to evaluate
the usabitity of an affective emotional mobile tutoring system and the user satisfac-
tion. On the other hand, an experimental evaluation, which includes the performing
of a pre-test and a post-test and the comparing of their results, was used for the
evaluation of a tutoring system that teaches Algebraic concerning its contribution to
the students’ performance (VanLehn et al., 2020). A similar experimental evaluation
was used in Singh et al. (2022) to evaluate a custom-tailored tutoring system that
was called SeisTutor. Particularly, pre-test and post-test method and questionnaires
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were used in order to evaluate the system, according to the four phases of the Kirk-
patrick model (Kirkpatrick, 1994), which are: (i) evaluation of reaction, (ii) evalu-
ation of learning, (iii) evaluation of behaviour, (iv) evaluation of results. However,
this model was created to evaluate traditional tutoring systems and programs. It
does not evaluate specific characteristics of an adaptive e-learning tutoring system,
like accuracy of recommendations, usability, usefulness, interactions etc. Further-
more, the authors in Eryilmaz and Adabashi (2020) present an experimental study
to evaluate the effectiveness of an intelligent tutoring system, which embeds artifi-
cial intelligence methods to support the higher student academic performance. They
compared the developed tutoring system with other versions of it and used t-test
to compare the different academic performance of the students, who used the sys-
tems. Moreover, a pilot study was conducted to evaluate the ability of an intelligent
team tutoring system to provide feedback to positively influence team behaviour and
improve team task performance (Ostrander et al., 2020). Two groups of 16 humans
participated in the study, which included performance measuring and comparing
through statistical t-test method, and a self-assessment survey through question-
naire. Also, in Kochmar et al. (2020) an experiment was conducted to measure the
student’s learning gain and check if it is improved by a tutoring system, which uses
machine learning, to provide automated personalised feedback. Another experiment,
which concerned the use of an intelligent tutoring system, that is called WinITS, by
students of Hanoi National University, was described in Binh and Trung (2021). The
aim of the experiment was to evaluate the learning effectiveness of a proposed stu-
dent model that is based on learning styles. The participants completed a final test,
after the use of the tutoring system, to evaluate their performance and the time they
need to finish the test. The results were compared with the corresponding results of
a group of students, who did not used WinITS. In addition, students, who used Win-
ITS, completed a questionnaire to evaluate the effect of adaptation of the system to
students.

Taking into account the above, we come up with the conclusion that the most
common-used evaluation methods of an ITS are: questionnaires and experiments.
Performance is the most frequent evaluated metric in the experiments. Other com-
mon-evaluated metrics are users’ satisfaction and system’s usability. Furthermore,
experiments, usually, include measuring performance through pre-test and post-test
and using statistical t-test method for the comparison of measurements’ results of
groups that used different versions of the evaluated system. However, in the liter-
ature review, there is not a widely approved evaluation framework and technique
for the assessment of an ITS, especially since ITSs need to be evaluated concern-
ing their intelligent features as awell as their educational effectiveness and usabil-
ity aspects. Therefore, after a thorough investigation in the literature review, we
decided to perform the evaluation of the fuzzy-based ITS following well-known and
accepted evaluation methodologies: the CIAO! framework (Jones et al., 1999) and
the evaluation framework that was proposed by Lynch and Ghergulescu (2016). We
chose to use these frameworks because the CIAO! framework was developed espe-
cially for the evaluation of general educational aspects of computer assisted learn-
ing systems and the Lynch and Chergulescu framework concerns the evaluation of
adaptive and intelligent learning systems. Therefore, the combination of these two
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evaluation frameworks is ideal for performing a thorough evaluation, which include
the assessment of multiple aspect of the ITS.

3 Theoretical framework and methodology

The fuzzy-based tutoring systems embeds intelligent techniques for supporting the
learning process. Therefore, its evaluation has to include both aspects that concern
in general an educational software and aspects that concern its intelligent opera-
tion. To succeed it we combined two evaluation frameworks: the CIAO! framework
(Jones et al., 1999), which evaluates in general aspects of a computer assisted learn-
ing (CAL) system, and the evaluation framework that was proposed by Lynch and
Ghergulescu (2016), which evaluates aspects of adaptive and intelligent learning
systems.

According to the CIAO! framework, the following three dimensions of a CAL
system have to be evaluated:

1. The CAL aim and its context of use. This dimension is assessed through question-
naires, interviews and analyzing policy documents.

2. Interactions: Data that concern the learners’ interaction with the CAL system.
These data are gathered, measured, and analyzed through observations, audio
and/or video recording, interactions recording and log files.

3. Attitudes and outcomes: Learning outcomes, students’ performance and changes
in students’ perceptions and attitudes. For the evaluation of this dimension, ques-
tionnaires, interviews, and tests are used.

According to the evaluation framework of Lynch and Chergulescu, the following
four criteria have to be assessed:

1. Learning and training: It concerns factors, such as learning outcomes, knowledge
acquisition and learning improvements, that are related to the effectiveness and
factors, such as number and duration of interactions needed to achieve the learn-
ing goal, which are related to the efficiency.

2. System: It concerns factors, such how accurate is the system grading in compari-

son to grading by physical teachers, how accurate are the predictive errors and

the feedback, that are related to the accuracy of the student model and system
recommendations.

User experience: It concerns the system usability and the learners’ satisfaction.

4. Affective: It concerns learners’ motivation and engagement in the learning pro-
cess.

et

The combination of these two frameworks span more generic aspects that should
be evaluated in an educational software that has the features of an Intelligent Tutor-
ing Systems. From the combination of these evaluation frameworks, six evalua-
tion criteria have arisen, namely (i) context, (ii) effectiveness, (iii) efficiency, (iv)
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accuracy, (v) usability and satisfaction, and (vi) engagement and motivation. In this
way, we accomplish to assess multiple aspects of the tutoring system that include
the intelligent features as well as the necessary educational aspects. Table 1 presents
the criteria of our evaluation model, how they are mapped to CIAO! and Lynch and
Chergulescu evaluation frameworks, their metrics and the method that was chosen
to evaluate them.

To apply the evaluation process we selected the participants and defined the
experiment’s conditions. Then, we delivered the tutoring system to participants and
end of its usage we asked them to completed the questionnaires. Subsequently, we
collected and analyzed the data either from the questionnaires or from the log files.
The research methodology for the presented evaluation process is depicted in Fig. 1.

4 An overview of the fuzzy-based ITS

The fuzzy-based ITS that is evaluated is a web-based educational environment for
personalized tutoring of computer programming (Chrysafiadi & Virvou, 2013c).
The ITS dynamically adapts the lesson flow to the learner’s learning needs. The sys-
tem adaptation is based on the learner’s current knowledge level and the knowledge
dependencies that exist among the knowledge concepts of the learning material. The
adaptation is realized through a fuzzy rule-based mechanism. This mechanism takes
as input the learner’s knowledge level and the knowledge dependencies among the
domain concepts of the learning material and returns as output the learner’s esti-
mated knowledge level for each domain concept. Then, the lesson sequence definer
module of the ITS takes into account the output of the fuzzy inference system and
decides about the domain concepts that s/he has to study. The architecture of the
fuzzy-based ITS is outlined in Fig. 2.

The domain knowledge of the system is separated into 31 chapters that concern
the following concepts: declarations of variables and constants; expressions and
operators; input and output expressions; the sequential execution of a program; the
if-else statement; the iteration statements; sorting and searching algorithms; arrays
and subprogramming. For the representation of the learner’s knowledge level of
each domain concept of the learning material, we use a quartet (uWUn, pInK, pK, pL),
where px is the value of the membership function of the fuzzy set x. Particularly, we
use four fuzzy sets: (i) Unknown (Un), (ii) Insufficiently Known (InK), (iii)) Known
(K), and (iv) Learned (L). The membership function of each fuzzy set is trapezoid as
in Fig. 3; Table 2. The input to the membership functions is the learner’s degree of
success in the test of the corresponding knowledge domain concept. Therefore, for
example, if a learner achieves 73/100 in the test of knowledge concept C5, then her/
his knowledge level for C5 is described by the quartet (0, 0.4, 0.6, 0), which means
that her/his knowledge level belongs to ‘Insufficiently Known’ with 0.4 degree of
membership and, simultaneously, it belongs to ‘Known’ with 0.6 degree of member-
ship. Also, if a learner achieves 65/100 in the test of knowledge concept C2, then
her/his knowledge level for C3 is described by the quartet (0, 1, 0, 0), which means
that her/his knowledge level belongs entirely to ‘Insufficiently Known’ fuzzy set.
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At the first interaction of the learner with the system, the ITS considers that s/he
is ‘novice’ for all the knowledge domain concepts of the learning material and deliv-
ers to her/him the basic concepts of the learning material to study, which include
variables, constants and operators. Then, s/he completes a test to assess the knowl-
edge that s/he acquired. The learner’s grade in the test is used to identify the fuzzy
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Table 2 Fuzzy sets: linguistic

, Fuzzy set - linguistic value ~ Abbreviation =~ Membership function
values and trapezoidal

membership functions Unknown Un 0,0, 55, 60)
Insufficiently Known InK (55, 60, 70, 75)
Known K (70, 75, 85, 90)
Learned L (85, 90, 100, 100)

set (or sets) to which her/his knowledge level belongs concerning the knowledge
domain Ci and to calculate the corresponding degree of membership. Then, the sys-
tem takes into account the knowledge dependencies that exist among the domain
concept Ci and the other domain concepts of the learning material, and applying a
mechanism of fuzzy rules, updates the learner’s knowledge level for all the related
knowledge domain concepts of the learning material. The description of the sys-
tem’s mechanism of fuzzy rules is out of the scope of this paper and has been pre-
sented in a previous work of the first two authors (Chrysafiadi & Virvou, 2014).
Thus, the system detects:

e the domain concepts of the learning material that are completely known to the
learner and do not need study.

e the domain concepts of the learning material that are partially known to the
learner and do need little additional study.

e the domain concepts of the learning material that are unknown to the learner and
need careful additional study.

e the domain concepts of the learning material that have been forgotten and need
significant revision.

Consequently, the presented fuzzy-based ITS detects changes in the learner’s
knowledge level at each interaction s/he has with the system, recognizes if her/his
knowledge level increases or decreases, and decides about the most appropriate
knowledge concepts of the learning material that have to be delivered to the learner.
This is illustrated in Figs. 4 and 5, which present screenshots from the interaction
with the system. On the other hand, Fig. 6 provides an overview of the major system
components and their relationships.

5 Evaluation

5.1 Implementation

For the evaluation implementation, we followed the next phases:
1: Define the evaluation’s goal.

2: Define the criteria.
3: Define the evaluation method.
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5.2 The method

For the evaluation of the system, both questionnaires and experiments were used.
In more detail, 70 learners of an undergraduate program in Informatics of the
University of Piraeus in Greece (Group A) used the presented fuzzy-based ITS
for a period of 6 weeks. After that period, they were asked to complete ques-
tionnaires and take a test which examined the knowledge on computer program-
ming that they had acquired. Also, data were gathered via the system log files
and records. Next, the results were compared with the corresponding answers and
measures of Group B, which included 70 other learners in the same undergradu-
ate program that used a system similar to the presented ITS, but in which the
fuzzy mechanism was absent. For the comparison of the results, t-tests (Pallant,
2020) were used. In the following, the methods that were used to evaluate each
criterion are presented in more details.

1. Context: We assessed the aims of educational software and the context of its use
through the questionnaire of Table 3. It consists of close-end questions based on
the Likert scale (Schrum et al., 2020) with five responses ranging from “not at
all” (1) to “very much” (5).

2. Effectiveness: We evaluated new knowledge learning and managing through an
experiment. Particularly, the participants and users of the presented tutoring sys-
tem were asked to complete a test after a period of 6 weeks of system usage.
Then, this mean was compared with the corresponding mean learner performance
of a group of students who had not used the presented tutoring system. For the
comparison, a t-test was employed.

3. Efficiency: We assessed how efficiency of the presented ITS in the learning pro-
cess. In more detail, we calculated the mean number of interactions until com-
pleting a knowledge domain chapter and the mean number of interactions until
achieving the learning goal for Group A and Group B and we compared these
means via a t-test.
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4. Accuracy: We assessed, through the questionnaire of Table 4, the accuracy of sys-
tem recommendations made to each individual learner. The questionnaire includes
close-end questions based on the Likert scale (Schrum et al., 2020) with five
responses ranging from “not at all” (1) to “very much” (5).

5. Usability and satisfaction: We evaluated the learners’ satisfaction of the use of the
presented fuzzy-based ITS, as well as the easiness of its use, through the question-
naire of Table 5. The questionnaire consists of close-end questions based on the
Likert scale (Schrum et al., 2020) with five responses ranging from “not at all”
(1) to “very much” (5).

6. Engagement and motivation: We assessed the learners’ interest and willingness
to participate in the learning process, through the questionnaire of Table 6, which
includes close-end questions based on the Likert scale (Schrum et al., 2020) with
five responses ranging from “not at all” (1) to “very much” (5). Furthermore, we
calculated the number of the learners that dropped out from usage of the system.
Then, we compared this number with the corresponding number of Group B via
a t-test.

5.3 The testbed

In the evaluation process, 140 learners participated who attended an undergradu-
ate program in Informatics of the University of Piraeus, Greece. Specifically, they
attended a computer programming class for a period of three months. All lectures in
the class were presented in a classroom, with physical presence. After the comple-
tion of the lectures, the learners were divided into two, equal-size groups, namely:
(i) Group A, which consisted of 70 learners who were asked to use the presented
fuzzy-based ITS for a period of six weeks as a complementary tool for their educa-
tion in computer programming, and (ii) Group B, which consisted of 70 learners
who were asked to use, for the same period, a system similar to the presented ITS
from which the fuzzy mechanism was absent. Before, the assignment of the systems
to the learners, both systems were fully demonstrated to each group. Furthermore,
learners of both groups were provided with detailed user manuals concerning the
tutoring systems. Also, during the period of system usage, instructors were available
to provide help to the learners. The learners’ characteristics and their distribution in
the two groups are depicted in Tables 7 and 8.

5.4 Results and discussion

In this section the results of the evaluation process are presented per criterion and
discussed.

5.4.1 Context

The mean answers to the questionnaire that concerns context assessment (Table 3)
for both groups are presented in Table 9. We notice that all answers are similar for
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Table 7 Participants’ age and

Age 18-20 21-22 22+
gender
Gender
Group A Female 25 5 2
Male 26 9 3
Group B Female 24 3 1
Male 29 7 6
Table 8 Participants’ experience K . .
in using computers, educational Experience in using computers
software and their background none low medium high excellent
in computer programming Group A 0 0 8 25 37
Group B 0 0 10 19 41
Experience in using educational software
none low medium high excellent
Group A 14 30 18 7 1
Group B 12 27 23 8 0
Previous Knowledge on computer programming
none low medium high excellent
Group A 18 32 19 1 0
Group B 15 38 14 3 0
Table9 Learners’ mean No of question Group A Group B
answers to the questionnaire
concerning ‘context’ 1 437 4.7
2 3.96 3.83
3 3.87 371
4 4.53 4.5
5 3.97 3.79
6 393 3.8

the learners of both groups. Therefore, th

e integration of the fuzzy mechanism to the

tutoring system does not affect its context.

5.4.2 Effectiveness

For the evaluation of the system effectiveness, a test was delivered to the partici-
pants, which included quizzes and exercises that concern computer programming.
The test was given to the participants after they had used the corresponding tutoring
system. The learners’ grades on the test vary from 0 (lowest) to 100 (excellent). The
results are presented in Table 10 We notice that the mean grade of Group A is higher
that the corresponding mean grade of Group B. To ensure that the difference in the
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Table 10 t-test results

. Group A Group B
concerning the learners’
performance Mean 8.314286 7.15
Variance 2.537474 2.531522
Observations 70 70
Pooled Variance 2.534498
Hypothesized Mean Difference 0
Df 138
t Stat 4.326609
P(T < =t) one-tail 1.44E-05
t Critical one-tail 1.65597
P(T < =t) two-tail 2.89E-05
t Critical two-tail 1.977304

learners’ per-formance of the two groups was not caused by chance or due to differ-
ences in the characteristics of the participants, we compared the results through a
t-test. As it is depicted in Table 10, the value of “P(T <=t) two-tail” is lower than
0.05. Therefore, the difference in means of performance between the two groups is
statistically significant. As a consequence, the incorporated fuzzy mechanism makes
the tutoring system more effective and improves the learners’ performance. There-
fore, the presented fuzzy-based ITS contributes significantly to new knowledge
learning and managing.

5.4.3 Efficiency

The results concerning the t-tests that were conducted to calculate and compare (i)
the mean number of interactions until completion a knowledge domain chapter and
(i1) the mean number of interactions until achieving the learning goal, for Group A
and Group B, are presented in Tables 11 and 12, respectively. We notice that both
mean values for Group A are lower than the corresponding mean values for Group
B. Furthermore, the value of “P(T <=t) two-tail” is lower than 0.05 for the com-
parison of both mean values, which means that the difference of both means is sta-
tistically significant. Therefore, the fuzzy-based ITS allows the learner to complete
a knowledge domain chapter in a reduced interaction time. This is due to the fact
that the fuzzy-based ITS succeeds in identifying the learning needs of each learner.
Specifically, it identifies the chapters the learners known fully or partially, the chap-
ters s/he does not know and the chapters s/he has forgotten. Thus, it provides the
learner with the most suitable learning material to her/him and adapts the lesson
flow accordingly. Consequently, learners succeed to complete all of the lessons and
reach their target knowledge within a smaller number of interactions.

To analyze further the results concerning the number of interactions and time
savings, we separated the participants in the experiment learners into three catego-
ries based on their background. Therefore, three categories of learners are derived:
(i) learners with computer-related background, (ii) learners with background in hard
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Table 11 t-test results
concerning the mean number of
interactions until completing a
knowledge domain chapter

Table 12 t-test results
concerning the mean number of
interactions until reaching the
target knowledge

Group A Group B

Mean 3.128571429 4.571428571
Variance 2.548447205 2915113872
Observations 70 70
Pooled Variance 2.731780538
Hypothesized Mean Dif- 0

ference
Df 138
t Stat -5.164573382
P(T < =t) one-tail 4.12482E-07
t Critical one-tail 1.655970382
P(T < =t) two-tail 8,.24964E-07

t Critical two-tail

1.977303542

Group A Group B

Mean 66.17142857 75.9
Variance 630.9556936 872.2072
Observations 70 70
Pooled Variance 751.58147
Hypothesized Mean Differ- 0

ence
Df 138
t Stat -2.099399367
P(T < =t) one-tail 0.018801303
t Critical one-tail 1.655970382
P(T < =t) two-tail 0.037602607

t Critical two-tail

1.977303542

sciences (like math, physics, chemistry etc.), and (iii) learners with background in
soft sciences (like pedagogy, philosophy, psychology etc.). Then we recorded the
maximum number, the minimum number and the mean number of the following
type of interactions with the system for all the three categories of learners (Tables 13
and 14). The types of interactions are:

e The interactions in total, which include reading of a concept, revision of a con-
cept, completing the practice test of a concept, complete the assessment test of

the concept.

e The total “local” revisions, which include the revisions of a concept that belongs
to the learner’s current knowledge level.
e The total revisions of prerequisites, which include the revisions of a concept that
the learner has previously learned in a precedent interaction and the system con-
sidered later that s/he has forgotten it.
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Table 13 Number of interactions for participants of group A

Interactions in Total “local” Total revisions of
total revisions prerequisites

Max Min Mean Max Min Mean Max Min Mean

Learners with computer-related background 66 35 4892 15 0 578 6 0 2.08
Learners wit background in hard sciences 87 41 6285 28 4 12.31 8 1 3.22
Learner’s wit background in soft sciences 124 52 86,74 48 9 2478 12 2 5.46

Table 14 Number of interactions for participants of group B

Interactions in Total “local” Total revisions of
total revisions prerequisites

Max Min Mean Max Min Mean Max Min Mean

Learners with computer-related background 79 48 615 17 0 691 3 0 0.86
Learners wit background in hard sciences 98 52 7348 39 6 19.38 6 0 2.36
Learner’s wit background in soft sciences 123 65 9272 64 17 3842 8 1 3.27

Comparing the numbers in Tables 13 and 14, we concluded that the fuzzy mecha-
nism leads to decrease in the total number of interactions, although increases the
total revisions of prerequisites. This happens because the fuzzy-based system detects
the concepts that the learner knows, and it does not deliver them to her/him for read-
ing. Also, we noticed that the decrease in interactions’ numbers are greater for the
learners with computer-based background. Therefore, the sequence of lessons is
more tailored to the students’ learning needs and contributes to provide effective
learning results in less time.

5.4.4 Accuracy

The mean answers to the questionnaire that concerns the assessment of the sys-
tem accuracy for Group A and Group B are presented in Table 15. We notice that
the mean answers of the learners of Group A are higher than the corresponding
mean answers of Group B for all the questions. To ensure that the differences in
the answers of the two groups are statistically valid, t-tests were conducted. The
results of the t-tests are presented in Table 16. The “P(T < =t) two-tail” value, which
reveals if the difference be-tween the means is statistically significant, is lower than
0.05 for all the questions. Therefore, the fuzzy mechanism contributes to more accu-
rate system recommendations.

5.4.5 Usability and satisfaction

The mean answers to the questionnaire that concerns the evaluation of the systems
usability and the users’ satisfaction are presented in Table 17. We notice that the
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Table 15 Learners’ mean

. . No of question Group A Group B

answers to the questionnaire

concerning ‘accuracy’ 1 436 3.56
2 431 35
3 4.33 351
4 4.34 351
5 4.37 3.54
6 4.36 3.56
7 4.26 3.46
8 43 351
9 4.27 3.44
10 4.29 3.49

mean answers to questions 1, 2, 4, 5, 6, 7, 8, 9 and 11 do not differ significantly
between the two groups. However, differences in the mean answers of the two
groups are observed in questions 3, 10, 12 and 13. For these questions, the mean
answers of Group A are better than the corresponding mean answers of Group B.
To ensure the statistical validity of differences in these questions, t-tests were con-
ducted. According to the t-test results (Table 18) the “P(T <=t) two-tail” value is
lower than 0.05 for all four questions (i.e., 3, 10, 12, 13). This indicates that the
differences are statistically significant. Consequently, the ability is higher of the pre-
sented fuzzy-based ITS to recognize a learner’s knowledge level and learning needs
and to adapt the lesson flow on the fly to better satisfy the learners.

5.4.6 Engagement and motivation

The mean answers to the questionnaire that concern the evaluation of the learn-
ers’ engagement and motivation are presented in Table 19. We notice that the mean
answers to all of the questions, except of questions 4 and 7, do not differ between
the two groups. To ensure the statistical validity of differences in questions 4 and 7,
t-tests were conducted. The “P(T < =t) two-tail” value of t-test has to be lower than
0.05 to indicate that the difference in the means is statistically valid. We noticed
that the “P(T < =t) two-tail” value is, indeed, lower than 0.05 for both questions 4
and 7, as shown in Table 20. Therefore, the higher mean answers of the learners of
Group A to question 4 indicates that the adaptation of the tutoring system, which is
based on a fuzzy logic mechanism, creates more positive feelings to the learners and
contributes to a greater acceptance of the ITS. Furthermore, the lower mean answers
of the learners of Group A to the question when compared with that of Group B
indicates that the presented fuzzy-based ITS allows learners to complete the lessons
in less time as it appears to have the ability to identify at each interaction which
chapters the learner knows fully or partially, which chapters s/he does not know and
which chapters s/he has forgotten, and to adapt the lesson flow accordingly. As a
result, the learners remain more engaged to the learning process.
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In addition, the number of the learners that dropped out from the usage of the
system was calculated for both groups. The percentage of the dropout learners of
Group A is 14.29%. The corresponding percentage for Group B is 32.86%. Then, a
t-test was conducted to compare the two different means and ensure the statistical
validity of the difference between the two means. The results of the t-test are pre-
sented in Table 21. We notice that the “P(T < =t) two-tail” value is lower than 0.05.
Therefore, the difference in the number of learners that dropout from the usage of
the tutoring system is statistically significant. Therefore, the presented fuzzy-based
ITS increases the learners’ engagement.

6 Discussion and implication

Evaluation results showed that the fuzzy-based tutoring system impacts positively
the learning outcomes and the educational process. The intelligent features of the
system, which are supported by a fuzzy-based mechanism, makes it effective and
helpful. More specifically, the system is able to recognize the following parts in rela-
tion to the students’ knowledge and needs:

(i) the chapters, in which the learners has misconceptions,
(i1) the chapters, which needs revision,
(iii) the chapters, which the learner has forgotten.
(iv) the chapters that the learner already knows and do not need read,

As such, the fuzzy-based system was found to have successfully made more accu-
rate and content-relevant recommendations about the flow of the lessons than the
educational system without fuzzy reasoning. Therefore, in comparison of the two

Table 17 Learners’ mean

. . No of question Group A Group B

answers to the questionnaire

concerning ‘usability and 1 413 3.91

satisfaction’ ' ’
2 4.1 3.86
3 2.13 2.74
4 4.46 4.43
5 4.47 4.5
6 1.36 1.34
7 4.19 4.2
8 4.17 4.14
9 4.2 4.17
10 4.3 3.64
11 4.26 4.21
12 4.09 3.79
13 4.11 3.84

The mean answers that are obviously different between the two groups
and the corresponding number of the questions are presented in bold
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Table 19 Learners’ mean

. . No of question Group A Group B
answers to the questionnaire
concerning ‘engagement and 1 4.12 3.99
motivation’ ’ '
2 4.13 3.99
3 4.12 3.99
4 4.14 3.77
5 4.01 3.97
6 4.06 4.03
7 2.63 3.31
8 4.01 3.99
The mean answers that are obviously different between the two
groups and the corresponding number of the questions are presented
in bold
Table 20 t-test results of Q4 Q7
the learners’ mean answers
concerning the questions 4 and group A group B group A group B
7 of ‘usability and satisfaction’
criterion Mean 4.143 3.771 2.629 3.314
Variance 0.617 0.729 1.628 1.871
Observations 70 70 70 70
Pooled Variance 0.673 1.749
Hypothesized Mean 0 0
Difference
Df 138 138
t Stat 2,678 -3.067
P(T < =t) one-tail 0.004 0.001
t Critical one-tail 1.656 1.656
P(T <=t) two-tail 0.0083 0,0026
t Critical two-tail 1.977 1.977

systems, the learners of the fuzzy-based system achieved their respective learning
goals with a lower number of interactions and in less time. Furthermore, the adap-
tive sequence of lessons is found to be very efficient regarding the educational ben-
efits of students. This efficiency creates a better user experience, which is showed by
the lower number of students’ dropouts. In particular, the fact that the system identi-
fies the individual learners’ needs and misconceptions, which in turn results in the
presentation of sequences of lessons that are more tailored to them, leads learners to
better and quicker performances. This creates positive feelings to the learners and
prevents them from dropping out.

The findings of the presented study are very important for the fuzzy-based ITS.
They underline that the use of fuzzy logic in managing learner’s knowledge and
modeling the educational process, enhances the learning outcomes. As a conse-
quence, the findings of this research contribute to the design and development edu-
cational software and applications that provide individually tailored and more effi-
cient educational support to learners.
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Table 21 t-test results

. Group A Group B
concerning the number of
dropped out learners Mean 0.142857 0.328571
Variance 0.124224 0.22381
Observations 70 70
Pooled Variance 0.174017
Hypothesized Mean Difference 0
Df 138
t Stat -2.63381
P(T < =t) one-tail 0.004704
t Critical one-tail 1.65597
P(T < =t) two-tail 0.009407
t Critical two-tail 1.977304

7 Conclusion

In this paper, we presented a multiaspect evaluation of a fuzzy-based ITS that
teaches computer programming. The evaluated ITS employs a fuzzy mechanism to
identify the learners’ current knowledge level and learning needs and decide about
and adapt the lesson flow accordingly. For the evaluation, we assessed six criteria
that arose as combination of two evaluation frameworks for computer-based tutor-
ing systems, namely: the CIAO! framework (Jones et al., 1999) and the evalua-
tion framework that was proposed by Lynch and Ghergulescu (2016). The criteria
include: (i) context, (ii) effectiveness, (iii) efficiency, (iv) accuracy, (v) usability
and satisfaction, and (vi) engagement and motivation. The criteria were evaluated
through questionnaires, experimental research and log file analysis. Seventy (70)
students of an undergraduate program in Informatics at the University of Piraeus,
Greece used the fuzzy-based ITS under real conditions and for a period of six weeks.
The data of the system’s usage were compared with the corresponding data of the
usage of a similar ITS, from which the fuzzy mechanism was absent. This other ITS
was used by a group of another seventy (70) students in the same undergraduate
program. The validity of the differences in the evaluation results between the two
groups of participants was certified through conducting t-tests.

The evaluation results are positive and very significant for the learning process.
Particularly, the fuzzy-based ITS significantly improves the learners’ performance
and allows the learners to complete the lessons and reach the learning goal with
fewer number of interactions with the system. Also, it improves the accuracy of
identifying the students’ learning needs detection and the system recommendations.
Furthermore, it diminishes the number of learners that dropout of the tutoring sys-
tem usage. Therefore, it encourages learners to remain more engaged in the learning
process. Finally, the system enhances the learners’ satisfaction. The findings of this
study show that the use of fuzzy logic in the learning process modeling helps signifi-
cantly the educational process. They provide important insight to the designers of
educational software and applications, and to researchers, who deal with application
of intelligent techniques into educational software and tutoring systems.
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In the future, we will conduct further evaluations, in which additional learners
participate from various programs of study. We will also apply the fuzzy-based ITS
in other educational fields, besides computer programming, and compare the effec-
tiveness of the presented fuzzy-based ITS with other ITSs. These and other related
research avenues are currently being followed and the corresponding results will be
announced elsewhere in the near future.
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