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Abstract. A cognitive tutor is an intelligent tutorial focused on supporting
students on the resolution of problems. The large majority of the architectures for
tutorial systems consider three common and indispensable modules: the student
module; the tutor module; and, the domain module. These three modules are in
charge of executing part of the more important activities within the tutor, and it
is within these where it is necessary to implement models that simulate decision
taking the way a human expert would. The student module should be constantly
evaluating the progress made by students; the tutor module should provide
adequate content, based on both the student’s characteristics and the learning
goals; and, the domain module should be capable of simulating the knowledge of
experts regarding teaching-learning methodologies. Somehow, these three
modules should interact in order to achieve the goals of the cognitive tutor. In
this paper a proposal of fuzzy logic-based models for each of these modules is
presented; the design of a system in which the three modules interact is also
shown.
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1 Introduction

Intelligent Tutoring System (ITS) is a system capable to guide students along a
particular domain of knowledge through the solving of tasks tailored to the needs of the
student [2]. In turn, a cognitive tutor is a type of ITS with a long-time proven efficacy.
Its efficacy is based on its capacity to provide individualized support for the learning
of complex cognitive abilities through the practice of problem solving [8]. According
to Gonzalez [2], the key components of traditional ITS can be organized in different
modules as a student model, domain model, tutor model and interface or
communication module, which interact with the user. In this paper, the interest is
focused on the three first modules, which contain the representation of expert
knowledge in areas related to evaluation processes, teaching and learning
methodologies and the detection of cognitive skills of students. These activities have
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the purpose of guaranteeing that the implemented educational designs are adequate for
learning achievement. These designs are teaching processes whose implementation
isn’t easy without help from automatized tools such as intelligent tutoring systems. For
this research in particular we are focusing on systems for algebra teaching through
problems solving, using fuzzy cognitive maps, for represent the mental schemas that
model dependencies between key concepts of domain, in this case algebra, and a fuzzy
model for the detection of students’ expertise level.

Since the student model module requires the implementation of strategies for the
detection of students’ cognitive skills for problem resolution in the chosen knowledge
field (algebra), it was necessary, first, to use an instrument for the constant
measurement of such skills. The instrument is based on the one proposed in [11], known
as the 3UV (3 uses of the variables) model. This instrument was adapted in order to
associate it with Bloom’s Taxonomy, which is a cognitive method for educational
objectives whose educational goals were classified as six cognitive levels: remember,
understand, apply, analyze, evaluate and create [9]. The instrument based on 3UV
model, are the rubric of input to the fuzzy inference model (equation 8). The goal of
the inference system is to classify the student with values that are not very rigid and
that may provide information that is closer to reality than a rigid model would.

However, in order to develop more efficient tools, not only should knowledge
representation be considered as a base. One should go in depth into something more
complex known as the representation of dependency between key knowledge concepts
in a given domain. This is supported by different pedagogical theories such as the
Cognitive Load Theory, which computationally can be modeled through Fuzzy
Cognitive Maps (FCM). A FCM helps in the decision making process and allow us to
represent such dependencies. This tool is in an initial testing phase with students.
Therefore, the results presented in this paper are experimental and are related,
execution-wise, to map efficiency. For the tutor module, a fuzzy inference model was
also considered; this model allows, based on the results of the student and domain
models, the determination of the kind of problems on which the student should conduct
further work. For its part, the Cognitive Load Theory (CLT), is based on the assumption
that the construction and automatization of cognitive schemas for learning are the main
goals of teaching. But those objectives may be thwarted by the limited capacity of
working memory. Due to this factor, the proper allocation of available cognitive
resources is essential for the learning process [4]. Here lies the importance of the
representation of the dependency between the key concepts in the knowledge domain
to be learned, and of not only using a general representation of knowledge. In other
words, FCM must represent how the knowledge of a domain concept of the teaching
material, may be affected by the knowledge of another domain concept [1].

2 Basic Concepts

2.1 Modeling Fuzzy Cognitive Maps

Fuzzy Cognitive Map (FCM) is fuzzy-graph structure for representing causal
reasoning, analyze inference patterns and they act as a nonlinear dynamical system [5].
In education, the causality characteristic allows the FCMs to be adequate to represent
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the dependence between key concepts of some domain of the knowledge in question,
allowing to detect the learning material that should be delivered, to some student, with
respect to their knowledge level and personal needs [1,10].

For FCM reasoning process, a simple mathematical formulation is usually used. A
model implication converges to a global stability, equilibrium in the state of the system.
During the inference process, the sequence of patterns reveals the inference model. The
mathematical representation of FCMs has the following form [3,5,6]:

N
Aik+1D)=f (Ai(k) + ZAi(k) : eji)t 1)
j=1
where f (+) is a threshold (activation) function. Sigmoid threshold function gives values

of concepts in the range [0, 1] and its mathematical type is:
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where m is a real positive number and x is the value A®; on the equilibrium point.

2.2 Fuzzy Cognitive Maps in Education

However, when working with the causal dependency between the knowledge levels
that a student possesses on a particular domain subject, a situation may arise in which
the increase in the concept of any of the nodes of the fuzzy cognitive map may not be
total, as represented in equations 1 and 2. Because of this, in these cases we should use
a model that helps determine the causality between the nodes based on the dependency
of the knowledge domain of the learning material. Chrysafiady et al. [1] define such
model as a tuple (C, W, KL, f), where:

1. C={Cy,Cy ... Cp}is the set of concepts of the domain knowledge.

2. W: (G;,Cj) —wij is a connection matrix, where wi;j is a weight of the directed ard
from C; to C;j, which denotes that the knowledge level of the concept C; affects
that of concept C;.

3. KL is a function that at each concept C; associates the sequence of its activation
degree. In other worlds, KL;(t) indicates the value of a concept’s knowledge level
at the moment t.

4. fisatransformation function. For the definition of the transformation function the
following limitation has to be taken into account. Only the knowledge level of the
most recently read concept affects the knowledge level of a domain concept, each
time. Consequently, the KL value of a concept is affected only by the KL value
of the most recently read concept, regarding the weight of the directed arc that
connects them. Therefore, the transformation function for a FCM, which is used
to represent the domain knowledge of the learning material, is defined as:

KL;(t+1)=f(KLi(t)xw;i*p;*KL;(t)/100), (5)
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where pj is the percentage of the difference on the value of the knowledge level of the
most recently read concept C;, with pi = (KL;(t + 1)-KL;(t))*100/KLj(t). Also, the + is
used in case of increase and the — is used in case of decrease.

2.3 Analytical Model for evaluation of learning

The areas and Cogpnitive ability is closely related to learning acquisition and is the basis
for developing instructional strategies, and their preferences are the basis for
developing the type of mentoring. Rongmei proposes an analytical model, combined
with fuzzy logic to somehow categorize students based on their cognitive ability and
propose a model that is able to make the appropriate instructional design decision to
the student, based on their progress. The evaluation model can be expressed via a triple,
such as formula [7].

M= (U, V, A), (6)

where, U = (ul, u2, u3, u4, ub, u6), are the weight of each of the six points of knowledge
of Bloom’s Taxonomy, which is given by the experts. V= (v1, v2, v3, v4, v5), these
elements respectively stand for five reviews: excellent, good, medium, passed and fail,
which is based on both the results of cognitive ability synthetic evaluation and the test.

A is a matrix where each line has the following form:
A; = (aq,a3,a3,a4, a51a6)1 (7)
where a; are values between 0 and 1, and are define as:

_ (1)
B rij(l) + 7}',’(0) + Tij(—l)' (8)

ai

rij(1) is defined as the number of correct answers of the student in each of the cognitive
abilities, r; (0) is the number of unanswered questions and rij (-1) is the number of
incorrect answers in each of the cognitive skills.

Finally, M is defined as:
M = Z gi * Uy, 9)

where
G=W-A= (91,9293 94 95 o) (10)

and W defines the weight of each rubric, this is:
W = (Wy, Wy, W3, Wy, Ws, ... Wy). 11)
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3 Description of the Proposed Models

Concretely, the designed domain module for the cognitive tutor is in charge of
analyzing the dependencies between the topics that are considered as the main goal in
the learning-teaching process, algebra, for this case. For practical purposes, the syllabus
for the subject of algebra of a public, higher secondary level educational system in
Mexico was chosen. This syllabus is divided into three units; for the modeling of
dependencies between the topics, a fuzzy cognitive map for each unit was built. To
obtain the values for the edges of each FCM, a survey with 18 higher secondary level
math teachers was used. In Figure 3 the FCM of first unit is showed.

Generally, the processes of the three models in which this work is focused can be
seen as the iterative process shown in Figure 1. The first process is the one related with
the student model module; process 2 is the domain module; and, process 3 is the one
that executes the activities of the tutor model module. The iterative process starts with
the handling of rubrics based on the 3UV model, which are evaluated through the
analytical model described in the section 2.3 so, using this model, the input parameters
for the first FIS are obtained. The model for process 1 is a Fuzzy Inference System
(FIS) type Mamdami whose parameters are shown in Figure 2, and it uses as input
parameters the levels of Bloom’s Taxonomy, which work as the fuzzy sets for the FIS.
The fuzzy value obtained of process 1 is used how input to the process 2.

The second process is a model of fuzzy cognitive maps, whose goal is to identify the
relationships between the concepts of the knowledge domain (algebra) in order to
determine its relationship with the students’ cognitive skill and, based on these
relationships, obtain the input parameters for the second FIS, which determines the
problems that should be presented to the student in order to help him(her) improve
his(her) problem solving skills. For the iterative process for each FCM and for getting
the convergence parameters, the models of sections 2.1 and 2.2 are applied. The
relationship between these three processes gives way to an iterative process that
constantly relates the results of each of the former ones; so in process 1, a condition is
established that gives guidelines to the execution of the three processes, as long as the
cognitive evaluation doesn’t reach adequate values for each of the three defined fuzzy
cognitive maps.

o)
(BEGiN

' PROCESS 1

PROCESS 3 h

—————y
[ Apply FIS 2 to
improve cogniti

Prol solution
strategies and assign
activitics

Fig. 1. Iterative process for the three modules of cognitive tutor.
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TYPE OF LINGUISTIC LINGUISTIC |MEMBERSHIP

PARAMETERS
VARIABLE _|VARIABLE RANK VALUES FUNCTION
High [0.6627 0.782 1.1 1.5]
& Remember  [[0,1] Low Trapezoidal [-0.9-0.10.5542 0.771]
High [0.6071 0.726 1.01 1.01]
Understand __|[0,1] Low Trapezoidal | [0.00789 0.328 0.541 0.649]
High [0.586 0.901 1.007 1.02]
Apply [0,1] Low Trapezoidal | [-0.36-0.04 0.446 0.7288]
High [0.5939 0.845 1.01 1.01
Analyze 10,1] Low Trapezoidal | [-0.36 -0.04 0.522 0.6521]
High [0.5066 0.784 1.01 1.02]
Evaluate [0,1] Low Trapezoidal [-0.34 0.137 0.3876 0.652]
INPUT High [0.4960.832 1.01 1.01]
VARIABLES |Create 10,11 Low Trapezoidal [ [_0.357-0.0374 0.422 0.544]
Excellent [0.901 0.975 1.02 1.23]
Medium [0.671 0.725 0.874 0.922]
Low [0.409 0.53 0.612 0.725]
OUTPUT  |COGNITIVE Passable [0.025 0.225 0.275 0.475]
VARIABLE _|LEVEL 10,11 Failed Trapezoidal [ [_g.225 -0.025 0.025 0.225]

Fig. 2. Parameters of first Fuzzy Inference System of figure 1.

4 Results

The processes of figure 1 were simulated in a program with graphical user interfaces of
matlab, version 2017b. In principle, for the purpose of testing, random values were
considered for two rubrics with three problems, of each topic of algebra. Subsequently,
process 1 is applied to obtain the values of Bloom's Taxonomy and the fuzzy value.
The Figure 3 show the results of file in which, the process of simulate the assessment
of 5 topics of unit 1, when the counter "i" of the figure 1 is equal to 1, is accomplished.
Figure 4 shows the results of the file that is responsible for performing the iterative
process of the first diffuse cognitive map, which shows the values that the student must
reach to get to understand all the topics of unit 1. Finally, Figure 5 shows the process
related to decision making related to the type of problems that the student must solve,
according to the values obtained in the previous processes.

L) 1GU3TutoriEng

RESULTS OF COGNITIVE SKILLS OF 5 TOPICS OF FCM 1

+
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REPRESENTATION OF ™\

EVALUATION N\ los
EXPRESSIONS IN > OF ALGEBRAIC )

’ |
- /
e COMMON A~ A 03
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QOF ALGEBRAIC ,“'
9.7 P~ EXPRESSIONS -

Values of Bloom’s Taxonomy

Remember | Understand Apply Analyze Evaluste Create = Lol
Toe<! | 0.1667 0.3333 0.5000 0 0.6667 0.1667 Tkl | 0.3168 0.6540
Topic 2 0 0 0.3333 0.1667 0.3333 0.5000 Tz | 0.2167 0.5000
Top<3 | 0.1667 0.1667 0.3333 0.5000 0.5000 0.8333 TePid | 0.4000 0.6535
Tesict | 0.5000 0.3333 0.5000 0.1667 0.3333 0.3333 Tet | 0.3500 0.2786
Tosics | 0.1667 0.3333 0 0.3333 0.3333 0.3333 Teres | 0.2500 0.2735

Fig. 3. Evaluation of the 5 topics of the FCM of unit 1.

Research in Computing Science 148(5), 2019 86 ISSN 1870-4069



Fuzzy System Inference and Fuzzy Cognitive Maps for a Cognitive Tutor of Algebra

IGUATUtarIEng

ITERATIVE PROCESS OF FCM 1

Initial vector of FCM1
[ Topic 1| Tepiez | Tepic 3 | Tepea | Tepcs |
| 0.8540 0.5000 0.6535 0.2786 0.2735

Tepiea | Tepez | vTopiea | Tepiea | Tepes |

= 6.6667 o  1.6667 5 1.6667
2 11.6667 5 6.7567 10.2400 6.7073
e 16.6667 10.2533 12.1215 15.7315 11.8710
A 21.6667 15.7728 17.7761 21.4866 17.1606

= 26 6667 21.5720 23 7360 27.5180 225794
= 31.6667 27.6650 30.0177 33.8389 28.1303

36.6667 34.0667 36.6387 40.48631 33.8167
= 41.6667 40.7927 43.6172 47.4053 39.6418
e 46.6667 47.8595 50.9725 54.6808 45.6091
S 51.6667 55.2844 58.7250 62.3055 51.7219
56.6667 63.0855 66.8962 70.2961 57.9839
" 61.6667 71.2818 75 5086 78.6704 64.3088
] 66.6667 79.8934 B84.5860 87.4465 70.9701

a4 71.6667 88.9414 94.1537 96.6440 77.7018
E 5 76.6667 98.4477 100 100 84.5977
15 B81.6667 100 100 100 21.6619
[is £ B86.6667 100 100 100 98.8984
. 291.6667 100 100 100 100
maE 96.6667 100 100 100 100
o 100 100 100 100 100
100 100 100 100 100

Fig. 4. Results of the iterative process of FCM 1.

4.1  Analysis of Results

In Figure 3, fuzzy values and average values are show, the difference among these
values is that, the fuzzy value is representing of best manner, the characteristics of the
student, in relation with your performance in each level of the Bloom’s taxonomy. By
example for topic 1, the average value is very low, even though the student performs
well at the "evaluate™ level of the Blooms taxonomy, which is why the fuzzy value is
high. The results of Figure 5 are the suggestions that the tutor module will make to the
student, which depend on the values of the Bloom’s taxonomy that the student obtains
and the dependencies between topics, therefore, for the topic 5 in figure 5, the
suggestion is that the student must work with fully resolved examples because their
cognitive level is low.

. iGUSTuoNEng

SECOND FUZZY INFERENCE SYSTEM
Input variables Fuzzy valor Sugestion
Remenbir [Unatrand | acely | Aasyse | eruan Gan 06
Topic 1 0.1667 0.3333 0.5000 0 0.6667 0.1667 Student should work with examples of three solved steps of topic 1
. nemember | ungervana | Apoly | Aayse | evuare Gn 05
Topic 2 [ 0 03333 0.1667 0.3333 0.5000 Student should work with examples of four solved steps of topic 2
_ Nemmi [Undiriand | sewhy | raies | bk G 0.6 i
Topic3 0.1667 0.1007 0.2333 O.6N00 06000 D.gzes Student should work with examples of three solved steps of topic 3
Topicd hemember | Ungermand | oo | Assves | Eviuans T 0155516 Student should work with solved examples of topic 4
05000 0.3333 0.5000 0.1667 0.3333 0.3333
Topic 5 “Df";;g? -'Umslagg Aoy 3 un;;é . 53"553 D;Ja . 0.1546 Student should work with solved examples of topic 5

Fig 5. Application of the second Fuzzy Inference System for the tutor module.

5 Conclusions

The dependency between several algebra topics, as well as the relationship with
problem solving, was modeled through of fuzzy models. It can be observed from the
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results shown that applying a variant of the original model proposed by Kosko, a model
that converges into an optimal vector, using several incremental factors for each of the
concepts related to the different subjects of algebra is obtained. This allows us to
simulate the dynamic behavior of the students’ learning process, and to determine the
kind of problems that should be offered to them as exercises to enhance their learning.

The execution of the cognitive map convergence process has only been conducted
to analyze the diverse combinations of input parameters. However, the goal is to obtain
real data from several students that may serve as an input vector for map modeling and,
thus, obtain the parameters that will help in the training of the model that will assign
the problems and topics in which the student should work in. All this, in order to achieve
the final objective, which is that the student can to solve completely and autonomously
every of the problems in each topic, which will occur when the vectors associated to
evaluation contain values that represent a total comprehension of every one of the
concepts. This will be the vector to which all fuzzy cognitive maps should converge.
This way, the efficiency of the domain module could be evaluated.
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