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Abstract – Intelligent tutoring system (ITS) is a computer
software that provides customized instructions to students
according to their learning style, knowledge, and abilities.
In reality, most of the existing ITSs do not consider
individual cognitive differences and try to teach students
primarily on the basis of their domain knowledge and
performance. Several cognitive tests [38, 39, 40, 41, 42, 43]
are available that measure different cognitive abilities of
individuals which make it possible to identify individual
differences. In this paper we present a methodology for an
ITS that provides individualized environment and teach
students according to their cognitive abilities. A prototype
has been developed and tested to prove the effectiveness of
this methodology. The data analysis shows that the
students who were taught according to their cognitive
abilities performed significantly better than those who
were not provided with teaching material as per their
cognitive abilities.

make pedagogical decisions regarding teaching strategy
based on his/her knowledge, expertise and the
interaction history. However, generally these systems
do not assess student's domain knowledge before starts
teaching and provide same tutoring material to both
beginner and expert students. They also do not consider
cognitive abilities of students before delivering the
lectures. The cognitive abilities such as working
memory capacity, verbal, spatial and numerical
reasoning are important to explore in addition to
domain knowledge [6]. Domain knowledge can be
applied in a particular domain only while cognitive
abilities can help a student excel and work in any
domain because they are domain independent [5].

I. INTRODUCTION
Computer based intelligent tutoring systems are gaining
popularity because they have shown to be highly
effective in increasing learning rate of students [1].
Some of the systems such as Algebra Tutor, Geometry
Tutor are being used in large number of schools in
USA. Students working with these systems perform a
letter grade better than others [63]. Students who
studied economics using Smithtown [8] performed
equally well with the students studying in traditional
classroom environment; however former students
required almost half time as compared to later students
[1]. The traditional classroom teaching has been very
successful; however it has some strengths and
limitations. The major benefit includes teacher’s
interaction with students and creating a collaborative
learning environment [24, 25]. While limitations
include optimized lecturing to cater general needs and
abilities of the students; time constraints in class and
lecture’s pace. To cater these limitations ITSs were
developed and are in use since late 1970s [2, 3]. Such
systems tend to model each student individually and

The purpose of this effort is to develop an intelligent
tutoring system that would make use of cognitive
abilities in addition to domain knowledge and
interaction history of the students. The hypotheses are
as follows:
•

Students with different cognitive abilities when
exposed to lecture contents as per their abilities can
achieve equal or better performance as compared to
those who are not given contents as per their
cognitive abilities.

•

Students with high cognitive abilities when
presented with lecture contents according to their
abilities can learn efficiently as compared to
students with low cognitive abilities who are also
presented with lecture contents according to their
cognitive abilities.

Basic architecture of an ITS is shown in figure 1.
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to facilitate learning of students. Different tests are
available to identify cognitive abilities of a person e.g.
cognitive abilities test (CAT or CogAt) [38],
Woodcock-Johnson Tests [39], Differential aptitude test
(DAT) [40] and many other free online tests [41, 42,
43].

Figure 1: Architecture of Intelligent Tutoring System [35]

Expert model or domain model contains complete
knowledge of the subject being taught. Instructor
model or tutor model contains instructional
methodologies appropriate for different students. User
interface module is responsible for the interaction
between student and the tutor. Student model or user
model contains information of student’s current state of
knowledge, personal characteristics, preferences,
interests, misconceptions and knowledge gaps. Many
user modeling techniques are used including explicit
user model [14], stereotypes [13, 14], student’s
interaction history [17], Bayesian methods [26, 27, 28,
29] [30] and machine learning methods [31, 32, 33]
[34]. Most of the existing ITSs construct user model
based on domain knowledge of the user. Such kind of
model is called Domain Dependent User Models
(DDUM) because the domain knowledge can be used
with in the domain specific application [5]. On the other
hand user model built on the basis of cognitive abilities
are called Domain Independent User Models (DIUM).
Cognitive abilities are involved in all sorts of activities
that humans can perform. Models built around
cognitive abilities are applicable in virtually all
domains [5].
Cognitive abilities determine a person's typical style of
perceiving, thinking, remembering and problem solving
[5]. The knowledge of differences among people is
valuable especially in educational environment because
a student’s performance may enhance or depreciate
depending upon the used teaching methodologies. A
teaching method that may work well for a number of
students may be counterproductive for students with
different deviating abilities [23]. If cognitive abilities of
a student are considered in an ITS before presenting
lectures, feedback and help then following benefits can
be achieved: A system built around the cognitive
abilities of student will be domain independent and may
also be used in other domains. Identifying user abilities
can help in designing better human computer interface

In a “Biocybernetic approach” [23] it was suggested to
incorporate student's learning style and abilities in the
student model along with student's motive and
knowledge. However any data or results to prove this
approach are not made available yet. In the system
Wayang Outpost [62] SAT Math is to be taught chooses
teaching strategy based on gender, spatial abilities and
Math fact of students. Results achieved from Wayang
Outpost are encouraging [45] and it supports the idea of
incorporating cognitive abilities of student in student
model.
From current research trends it is found that in most of
the ITSs the needed attention is not being given to the
cognitive abilities of users. This paper is an attempt to
prove the usefulness of incorporating cognitive abilities
of user in the user model.
A prototype of tutoring system, called C++ Loop Tutor
(CLT), was developed that deals with cognitive
abilities, knowledge and interaction history of student.
It was then tested on a group of students. In the coming
sections brief working of the system, experimental
design and results are discussed.
This paper is organized as follows: Section 2 presents
the proposed methodology. Section 3 presents the
proposed system architecture; section 4 discusses the
prototype development. Section 5 presents experiment
conducted and section 6 discusses the results and
analysis. Conclusion and future work are discussed in
section 8.
II. BRIEF WORKING OF CLT
The system comprises of student model, expert model,
instructor model, user interface module, evaluation
module and feedback module starts by building
individual student model by assessing cognitive
abilities and domain knowledge of the student using
some diagnostic tests. Based on these assessments the
system assigns the student to one of the stereotypes
from the set of stereotypes. The system then initializes
the student model. Based on the student model, system
selects the contents from the expert model. The
contents have been designed to support students whose
knowledge varies between beginner and expert. The
selected contents are then presented to the user as per
their knowledge and cognitive abilities. As the student
goes through the contents the system keeps track of
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student’s interaction such as time spent on the lecture
and quiz, number of attempts to solve a quiz and
number of times help sought. Based on the interaction
history, the system adapts to provide lectures
accordingly. At the end of each lecture the system takes
an assessment test. Depending upon the assessment the
system either moves forward to next lecture or stays on
the same lecture with additional examples or reduce the
complexity level of the lecture. Based on this
assessment test, the system updates the student model.
In the following subsections, system architecture,
prototype development, evaluation, results and analysis
are discussed.
III. SYSTEM ARCHITECTURE
Following are the components of system architecture:
Instructor model, Student model, Expert model,
Evaluation module, Feedback module, User Interface
module. Figure 2 shows the overall proposed
architecture of the system. Feedback module and
Evaluation module are not considered as separate
modules in the literature, they are usually part of
instructor model. But we propose to separate them from
Instructor model as the major purpose of this model is
to instruct the student and present appropriate lecture
material. Details of each component are explained
below.

Student Model: This model contains complete
information about the student. It is populated through
cognitive and knowledge diagnostic test.
Expert Model: This model has a complete repository of
lectures, quizzes, problems, solutions, and examples. A
variety of lecture contents have been developed to cater
the students with different cognitive abilities,
knowledge background, deficiencies and preferences.
Evaluation Module: This component evaluates quizzes
solved by the students and provides scores to the
student model.
Feedback Module: This module gives feedback to
student based on interaction with the tutor. It gives
immediate feedback to beginner and intermediate
students and feedback on demand to expert students.
Hence this module is responsible to advise the student
on problem solving activities.
User Interface Module: The module is divided into the
two sub modules: input and output. An input module
receives inputs from student in the form of solutions
and passes it on to evaluation module for assessment.
An output module displays the lecture notes,
problems, quizzes, feedback etc. through an adaptable
graphical user interface.
IV. PROTOTYPE DEVELOPMENT
This section discusses the prototype system that we
have developed. The system is called as “C++ Loop
Tutor (CLT)”. We have chosen C++ iterative constructs
(while, do-while, for loop) as the domain to be taught.
The details of prototype development are given below:
A. Student modeling parameters
The student model has been constructed based on
cognitive abilities, student’s domain knowledge and
system’s usage history.

Figure 2: Proposed Architecture of ITS (CLT)
Instructor Model: This model is responsible to instruct
the student. It interacts with the student model to get
student’s information and extract the appropriate
tutoring material from expert model according to
student’s cognitive abilities, knowledge base, and usage
of system.

• Cognitive abilities: Spatial, numerical/quantitative
and verbal reasoning abilities against each student were
assessed via Cognitive abilities test (CAT or CogAt)
[44] before delivering lectures to students. This test was
chosen because it is widely used in schools of UK and
USA to assess cognitive abilities of students. After this
test student’s cognitive abilities were categorized
among low, medium or high. Spatial reasoning is the
ability to generate, maintain, and manipulate mental
visual images. Students with high spatial abilities
perform better with abstract and graphic or spatiallyoriented content than those with low spatial ability [4].
This ability is chosen because it is related to success of
students in programming [64]. Numerical reasoning is
person’s ability to use numbers in a logical and rational
way. Students with high numerical reasoning are quick
in reasoning with numbers, able to solve problems with
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relative ease, quickly understand number series,
numerical transformations and relationships between
numbers [46]. Verbal reasoning is person’s ability to
perceive and understand concepts and ideas expressed
verbally. Students with high verbal reasoning have little
difficulty in understanding written and verbal
communications. However students with low verbal
reasoning will need more time to grasp complex verbal
and written communications [46].
• Domain knowledge: The students were required to
have basic knowledge of C++ before start taking
lectures from CLT. A diagnostic test was designed to
test the domain knowledge of students.
•

System usage history

Following are the usage based parameters that were
recorded while student interacted with CLT: marks
obtained in quiz, time spent to learn loops, number of
attempts made to pass a quiz, score obtained in first
attempt of the quiz, and number of mistakes made in
the quiz. This information was used to decide about
whether to keep the student involved in the same
concept with different set of examples or move him to
next concept.
B. Contents development
The contents to be taught have been divided into
complexities from lowest to highest depending upon the
domain knowledge of students. A typical lecture was
divided into Verbal content (Textual description),
spatial content (Figures and flow charts) and numerical
content (Examples and problems). Each content type
was further divided into categories of low, medium and
high (figure 3) to cater different levels of students
(based on cognitive abilities).

Figure 3: Different content types of lecture

C. Stereotypes
Stereotypes of students were defined on the basis of
cognitive abilities of students. Following are some of
the stereotypes that were used in the prototype.

Stereotype 1: verbal ability – low, numerical ability –
high, spatial ability – medium
Stereotype 2: verbal ability – medium, numerical
ability – high, spatial ability – low
This makes total of 27 possible stereotypes.
D. Learning of the system
In this section we present the learning algorithm used to
enable the tutor to learn with experience how to teach
new students.
The tutor presented selected lectures to the student
based on his/her model. After student had gone through
the lecture an assessment quiz was given to the student.
If the student obtained greater than or equal to 80%
marks in the quiz s/he was moved to take next lecture.
On the other hand if s/he obtained less than 80% marks
in the quiz, then same lecture was given to the student
but with the addition of more examples. After student
gone through the lecture s/he was exposed to another
quiz. This process continued until either student
achieved at least 80% score in the quiz or s/he failed to
achieve 80% score in three consecutive quizzes. In the
later case the student was believed to have problems
with the current teaching methodology. This gave a
message to the tutor to update the student model and to
provide a different form of lecture with different
presentation selected from the repository of lectures.
With this, the student model was changed temporarily
and same topic was taught using different form of
presentation and example set. Lectures got modified
unless student performed up to the mark i.e. obtained
marks greater than or equal to 80% or all the options for
lectures were exhausted. If the student performed better
with updated model and obtained required marks in the
quiz his/her model was assumed to be stable and
changed permanently. Future lectures were presented
according to this new model. When a student's model
was changed permanently, it was added to list called
modified list to keep count of number of students
belonging to same stereotype whose model was
changed permanently. When this count reached five and
new student belonging to same stereotype came to the
system, then lectures were presented to him/her in the
same format as were now presented to those five
students. In this way the system learnt how to teach a
student based upon previous experiences.
In this algorithm it was proposed to change the student
model if s/he does not perform well with the current
model. There can be following reasons behind the need
to change student’s model and why the student does not
perform well. One reason may be that cognitive
abilities test could not properly evaluate or identify the
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cognitive abilities of the student. The other reason
could be that the problems presented in the evaluation
were ill designed or insufficient to evaluate the
individual.
V. EXPERIMENT
In this section we present details of the experiment
conducted in order to test our hypotheses and to provide
the solution of the identified problem.
66 first semester computer science students were
chosen to test the hypothesis. These students were
divided into three groups named TestGroup1_eLC,
TestGroup2_eLNC,
and
TestGroup3_CR.
TestGroup1_eLC consisted of students who did not
have any formal programming exposure prior to this
experiment. They were exposed to CLT and contents
were presented on the basis of their cognitive abilities,
domain
knowledge
and
system
usage.
TestGroup2_eLNC consisted of a mix of students.
Some students had formal education of programming
while some did not. These students were exposed to
CLT but they did not go through cognitive tests hence,
the system taught them the contents on the basis of their
domain knowledge and system usage only. Students of
TestGroup3_CR learnt C++ loops in traditional
classroom environment and some of them had formal
educational background of programming while some
did not.

TestGroup2_eLNC had an advantage of prepared
lecture notes available via CLT, while TestGroup3_CR
had to learn through classroom or books. On the other
hand, TestGroup3_CR had an advantage of the
presence of teacher during lectures.
At the end of supervised sessions, five tests were
conducted for all three groups in class room to access
how much they learned the loop concepts and how one
group performs as compared to the others. Results of
these five tests are presented in figure 11 (appendix).
Detail of the results and data analysis is discussed in
next section.
VI. RESULTS AND ANALYSIS
In this section the data gathered in experiment is
analyzed and the results are discussed.
Average score in FA/FSc/A-levels (12th grade), first
midterm exam (taken prior to this experiment) and final
exam by the three test groups is shown in figure 5. The
average result of final exam shows that
TestGroup1_eLC performed better than the other two
groups, while TestGroup3_CR average score is least in
the two exams. Hence, TestGroup1_eLC was able to
learn C++ loops better than other groups.

Students in TestGroup1_eLC gave cognitive abilities
test (CAT). Result of test is shown in figure 4.

Figure 5: Comparison of average scores of Evaluation Test

Comparison of averages of the three groups in five tests
is presented in figure 6. Score of TestGroup1_eLC is
the highest among the three test groups.

Figure 4: Result of CAT

There were three supervised sessions of 90 minutes
each during the execution period. TestGroup1_eLC and
TestGroup2_eLNC used the CLT to learn C++ loops
and TestGroup3_CR went through these concepts in
traditional classroom setting. Apart from supervised
sessions for TestGroup1_eLC and TestGroup2_eLNC,
these students could access CLT at any time in the
university
labs.
TestGroup1_eLC
and

Figure 6: Comparison of average scores of Evaluation Test
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In all the quizzes on average TestGroup1_eLC got
83.39 marks, TestGroup2_eLNC got 75.53 and
TestGroup3_CR got 67.18 marks. There is a significant
gap between the scores of these three groups. Statistical
analysis of the quiz scores of the three test groups is
done below in order to identify the significance of
difference between the quiz results. Since there are
more than two samples, to compare the means of
corresponding populations analysis of variance
(ANOVA with single factor) is used. From the data
missing observations are ignored and hence the sample
size from the three populations is unequal. Analysis of
variance table is shown below:

abilities in TestGroup1_eLC was also compared (figure
7). This analysis shows that students with high abilities
were able to complete the tasks assigned efficiently
(approximately one hour less) as compared to students
with low abilities.

Figure 7: Average time spent by students of TestGroup1_eLC
with different cognitive abilities

The analysis of this data shows that the p value
(5.48067E-05) is less than the significance level (0.05)
and hence the difference between the quiz scores of the
three test groups is significant. As ANOVA gives
positive difference between quizzes scores of the three
test groups, now individual comparison between the
three test groups is made below by using t - test.
Computed value of t at significance level = 0.05 with
degree of freedom = 317 for the test groups is given
below:

On comparing the computed ‘t’ values with value of
standard normal variable Z0.025 = 1.96 it is found that all
the t values are larger. From this it is concluded that
when pair wise comparison is made all the means of
different populations are significantly different.

TestGroup3_CR spent 4.5 hours in class while
attending the lecture, TestGroup1_eLC took on average
six hours and TestGroup2_eLNC took 6.5 hours on
average. With CLT the students learnt according to
their pace as they had to study on their own that is why
they took more time as compared to students who learnt
loops in class room.
Comparison of evaluation tests score of students of
TestGroup1_eLC with respect to the scores obtained in
the three cognitive test batteries is shown in figures 8, 9
and 10. The data in figure 8 shows that average scores
obtained, in five evaluation tests, by students with low
verbal ability and students with medium verbal ability
are very close to each other. Surprisingly, students with
low verbal ability performed better than students with
high verbal ability in last test i.e. Quiz 5. This shows
that lecture contents used language according to the
verbal abilities of students and effectively handled
different requirements of students regarding their verbal
ability.

Average semester score of TestGroup1_eLC was 68.25,
TestGroup2_eLNC was 72.27 and TestGroup3_CR
was 70.19. The semester work did not include loops
and advanced topics. TestGroup1_eLC scored least on
average in semester work and TestGroup2_eLNC
performed best in semester work. Although this
difference is not significant enough, however, if we
compare semester work with the result of evaluation
test, we find that TestGroup1_eLC has significantly
improved its performance.
The average time spent by TestGroup1_eLC with the
CLT in order to learn C++ loops is six hours and
TestGroup2_eLNC spent approximately seven hours on
average. Average time taken by students with different

Figure 8: Comparison of students of TestGroup1_eLC w.r.t
verbal battery
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In quantitative battery (figure 9) students were
categorized either medium or high and not low. In
general high level students performed better than
medium level in three tests. In other tests their average
scores are close to each other. This shows that
numerical ability was taken care of effectively and the
students were able to solve most of the problems in
evaluation test. Hence, their weakness and limitations
were addressed properly by the lectures.

with low and medium spatial abilities have improved
their performance continuously. For other cognitive
abilities, students have performed almost equally and
their scores are very close. Hence, our hypothesis is
proved that students can perform significantly better if
they are taught individually according to their cognitive
abilities along with domain knowledge and interaction
history. Results are more satisfactory as the interface
has been designed properly according to the design
guidelines and it gets personalized for each student’s
requirements.
VII. CONCLUSION

Figure 9: Comparison of students of TestGroup1_eLC w.r.t.
quantitative battery

In spatial battery (figure 10) high level students have
performed significantly better than other students. Low
level students have not performed well, but the number
of students in this category is only 2. Hence, this data is
not significant enough to make any conclusion about
this category of students. However, data shows that
these students have considerably improved their
performance and their score is constantly increasing
through out the tests. Medium level students have also
improved their performance significantly as can be seen
from the data.

Figure 10: Comparison of students of TestGroup1_eLC w.r.t
spatial battery

We can conclude from above discussion and data
presented that spatial ability plays a very important role
in learning loops concept. Major gap between test
scores is observed among students with respect to
spatial ability. However, motivating fact is that students

In this paper we have presented an idea of developing
an intelligent tutoring system using cognitive aspects of
the users. Information about the student like domain
knowledge, skills, characteristics and cognitive abilities
is very important for an intelligent tutoring system
(ITS). Without this information, it is not possible for an
ITS to present a completely individualized teaching
environment to each student. Existing ITSs, which are
being utilized in many different domains, construct
student model but they largely lack to consider
cognitive abilities. Due to differences in cognitive
abilities students perform differently even though they
are provided with the same instructions and lectures. To
test our idea of incorporating cognitive abilities in
student model we developed a prototype of an ITS and
it was tested on freshmen students who were split
randomly into three groups. The results are briefly
discussed.

•

As per first hypothesis the data showed that
students who were given contents as per their
cognitive abilities performed approximately 12%
better than others.

•

Students with high cognitive abilities when
presented with lecture contents according to their
abilities spent approximately one to two hours less.

•

When one on one tutoring based on cognitive
abilities was given to students, they secured
83.39% marks. Students who were given one on
one teaching but without considering their
cognitive abilities secured 75.53% marks.
However, both these groups performed better than
students who were taught in classroom and secured
67.18% marks.

Although the results are quite encouraging, there are
some limitations that need to be handled and also some
more avenues that need to be explored. Due to small
student base all different types of lectures and learning
algorithm could not be tested so, more thorough testing
needs to be done to prove significance of lectures and
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the learning algorithm. Lecture contents should be
developed to cater other cognitive abilities of students
including working memory, attention, learning, visual
thinking etc.
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