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Abstract 

The main mission of the intelligent tutoring system is to estimate and predict the students’ learning status accurately and to 

generate a learning path that is inherent to the students. There are many learning state estimation and prediction methods, and 

there are also many methods to generate learning paths using the results. We propose a method to predict the learning state of a 

student and generate a learning path using the Hidden Markov Model, a probabilistic reasoning over time. We propose and 

illustrate in detail how to formalize the Hidden Markov Model using an extended knowledge graph for learning state 

prediction, how to collect the evidence variable values of the Hidden Markov Model in intelligent tutoring systems, how to 

predict the learning state using smoothing algorithms, and how to generate the stochastic learning path. The experiment was 

conducted to compare students using an intelligent tutoring system with those who did not. In addition, a comparison 

experiment of a method using Hidden Markov model with a multi-dimensional linear prediction model such as PFM and AFM 

was also carried out. The results showed that the average performance of students using the intelligent tutoring system was 

much higher than that of students without the intelligent tutoring system. In addition, the experimental results showed that the 

average performance of students using Hidden Markov models was higher than that of students using other models. 
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1. Introduction 

Intelligent tutoring system is an artificial intelligence sys-

tem that provides a suitable learning content and learning 

environment based on the evaluation of individual students’ 

knowledge level, learning ability and learning style [22]. In 

other words, intelligent tutoring system is an educational 

software that has artificial intelligence elements. These soft-

ware tracks the student’s learning process, implements feed-

back control, and gives hints to the learning process. In the 

literature, it is stated that the intelligent tutoring system is 

generally composed of three models: Learner Model, Tutor 

Model and Domain Model, and the intelligent tutoring sys-

tem (ITS) model is formalized as follows. 

ITS = (LM, TM, DM) 

Here, LM is the learner model, TM is the tutor model, and 

DM is the domain model. The LM is a model with the ability 

to evaluate and analyze the state of the learner learning 
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through an intelligent tutoring system. The TM is a model 

with a learner-specific learning-guidance function based on 

the tutor’s experience and the learners’ state analysis re-

flected in the LM. The domain model DM is a model with 

the function of controlling the interaction between the learner 

model, the teacher model and the teaching knowledge base. 

 
Figure 1. Different Tutoring System Architecture. 

In MURTAZ [1], the learner model is called the student 

model and the instructor model is also called the teacher 

model. 

In addition, the literature from MURTAZ and Ouyang [1, 2] 

uses the terms learner model, student model, learning state 

prediction model, learning performance prediction model, 

KT (Knowledge Tracing), IRT (item response theory), LFA 

(Learning Factor Analysis), and classification of learner’s 

level as synonyms. We also find that the terms instructor 

model, teacher model, learning process generation model, 

learning process generator, learning path generation model, 

and learning path generator are also used as synonyms. 

Learning state estimation and prediction models are mod-

els that summarize the past history of student learning activi-

ties, such as understanding, cognition, and response out-

comes, and that, when input is given as evidence, estimate 

the current learning state (cognitive level) of the student and 

the current learning activity, and output the learning state 

prediction value of the next concept. Thus, a learning state 

prediction model is a model that can quantify the degree of 

student perception. In Ouyang [2], the goal of knowledge 

tracking is to model the student’s knowledge state from the 

student’s past learning interactions and predict the student’s 

learning performance in the future. The remainder of our 

work, which is a previous work, mainly uses the term 

Learning State Prediction Model and Learning Path Genera-

tor. 

The purpose of the intelligent tutoring system is to gener-

ate an efficient learning path for the individual student. Pre-

vious studies have proposed different intelligent instructor 

architectures, which include a framework that separates the 

learning state prediction model from the learning path gener-

ator, and a framework that integrates the learning state pre-

diction model and the learning path generator (Figure 1). 

After predicting the learning state, there are methods to 

generate the learning path using additional algorithms, and to 

simultaneously perform the learning state prediction and 

learning path generation in the model. Figure 1 shows the 

structure in which the learning state prediction model and 

learning path generator is exists separately, hybrid model in 

which the two processes proceed simultaneously in one 

model. We consider only the ways in which the learner’s 

state estimation & prediction model and learning path gener-

ation are separated individually and generate learning path 

by taking the resulting value of the learner’s state prediction 

model as input. 

2. Related Previous Work 

In Ouyang [2], the personalized learning system must 

track the level of learners’ understanding and the concepts 

not understood by the learner must be clearly identified, and 

the task of tracking learners’ knowledge and understanding 

over time is called knowledge tracing (KT). The 

knowledge-tracking method can be classified into traditional 

knowledge-tracking method, deep knowledge-tracking 

method and graph-based method. 

In the Markov assumption, the current state is bounded by 

the past states. In the traditional knowledge-tracking model, 

Bayesian Knowledge Tracing (BKT), the main focus is to 

extract text features from queries and determine their rela-

tionships with the key concepts through knowledge tracking 

[3]. These models rely on order modeling, where the learn-

er’s previous questions and the interaction of answers are 

used to predict the probability of answering a question cor-

rectly. In the Bayesian knowledge-tracking model, only the 

learning state is estimated, and the recommendation engine 

with this value as input provides the learning path [5]. These 

models rely on sequential modeling, where learner’s prior 

query and response interaction are used to predict the proba-

bility of correctly answering a query. 

In Deep Knowledge Tracing (DKT), sequential models 

based on deep learning are used to achieve the goal of 
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knowledge tracking. Here, Recurrent Neural Networks 

(RNN), Long Short Term Memory networks (LSTM), and 

Gated Recurrent Units (GRU) can model the continuous data 

up to more previous states compared to BKT [6, 7]. The 

bi-directional LSTM models have also been used to under-

stand key concepts through DKT [4]. 

In graph-based knowledge tracking, multiple association 

structures are used to find similarities between different 

knowledge concepts, dependencies between different 

knowledge concepts, and correspondences between queries 

and knowledge concepts [8]. Graph Neural Networks (GNNs) 

perform knowledge tracking using knowledge graph repre-

sentations. Such models include graph-based knowledge 

tracking (GKT) model [9], Graph-based Interaction 

knowledge tracking (GIKT) [10], Bi-Graph contrast learn-

ing-based knowledge tracking [11], and Structure-based 

knowledge tracking (SKT) [12]. 

The Hidden Markov Model is defined as the relationship 

between the hidden states and the observed values using the 

transition probability set and the emission probability set. 

Studies have been conducted to estimate and predict the 

learning status of a student using a hidden Markov model to 

generate a learning path. 

In Pardos et al. [14], the results of predicting the probabil-

ity that a student will answer correctly and the probability of 

not answering at each learning stage using the Hidden Mar-

kov Model and random forest are analyzed. Big data (30 

million training data and 1.2 million test data) were used. 

In Masun et al. [15-17], the authors reported that in an 

Adaptive and Intelligent Web-Based Educational System 

(AIWBES), students used a Hidden Markov Model to predict 

the next concepts to choose. In this study, the prediction 

process was implemented in three phases: initialization phase, 

adjustment phase and prediction phase. These studies re-

ported that the prediction accuracy reached 92% when the 

Hidden Markov Model was used for predicting student per-

formance in AIWBES. 

In Xuejing [18, 19], an artificial emotion model based on 

Hidden Markov Model is proposed. In this model, the teach-

er’s mood and emotions were created probabilistically, and 

the students’ cognitive results on facial expressions were 

considered as input signals of this artificial emotion model. 

We also used Bayesian networks to evaluate the student’s 

learning status. 

In Boyer et al. [20, 21], we propose an automatic creation 

method for corpus-based tutorial dialogue management 

models using hidden Markov models. 

Although many studies have been conducted to predict 

student learning using Hidden Markov Models or Bayesian 

models and many models have been developed, we still con-

sider the need for developing student models based on Hid-

den Markov Models from differences in country characteris-

tics, region characteristics, subject characteristics, develop-

ment goals and use. 

3. Extended Knowledge Graph and 

Editor 

3.1. Constructing an Extended Knowledge 

Graph 

In our study, we define an extended knowledge graph and 

use it for knowledge representation. A knowledge graph is a 

kind of ontology, and it is a graph whose relation between 

nodes only reflects a forward-backward relation or a weight 

value or a semantic relation with a forward-backward rela-

tion. Many literatures represent nodes of knowledge graphs 

as vertices and arc of knowledge graphs as edges. We under-

stand that the term node and edge represent the relationship 

between nodes as a two-dimensional view of the knowledge 

graph, and the term vertex and edge represents the relation-

ship as a multidimensional view. In our future work, we use 

the terms node and vertex simultaneously to make a further 

description. A knowledge graph is defined as a weighted (or 

weightless) directed graph between knowledge concepts in 

terms of memory principles, in terms of the ordering of sci-

entific content, or in terms of academic and pedagogical as-

pects. The knowledge concept is the central kernel of 

knowledge (or memory unit), and in intelligent tutoring sys-

tems, it includes slides, comment texts, corresponding video 

data, questions and answers to the concept. The vertex of the 

knowledge graph represents the knowledge concept, the 

edges represents the weighted order relation, i.e., the order 

relation with the relation strength value. 

In our paper, we consider a knowledge graph whose rela-

tions between nodes have only a forward and backward order 

relation. In addition, many approaches have been proposed 

for the extension and decomposition of knowledge graphs, 

but our paper proposes an extended knowledge graph that is 

easily understandable by common teachers and applicable to 

their subjects. 

Previous studies have defined many different types of 

knowledge graphs [9-12]. We define the knowledge graph as 

follows. 

G = (V, E), V is the set of vertices, E is the set of edges 

(relations), i.e., V={vi| i=1,2,...,n} is the set of possible con-

cepts. When E={ej|ej=<vj1,vj2>, vj1,vj2 ∈ V, j=1,2,…,m} is a 

set of possible directed edges constructed by con-

cept-association relations, the graph G = (V, E) is called a 

learning path graph. A vertex in a knowledge graph reflects 

the knowledge concepts present in the subject and an edge 

the order relationships between those knowledge concepts. 

The knowledge graph must be acyclic. If we have to learn 

concept v1 for two concepts v1 and v2, then we have to learn 

concept v2, we denote it by the directed edge e=<v1, v2>. 

We intend to extend and refine the knowledge graph for 

the construction of intelligent tutoring systems. We use the 

knowledge graph starting from the “subject graph” and ex-

tending it to the “hyperconcept graph”, “basic concept 

https://www.sciencepg.com/journal/scif


Science Futures https://www.sciencepg.com/journal/scif 

 

121 

graph”, and “subconcept and help_concept graph”. These 

graphs have an edge with a vertex, which indicates an educa-

tional or cognitive sequence. The definition of the updated 

knowledge graph is as follows. 

3.1.1. Subject Graph 

We define the subject graph as Gsub = (Vsubi, Esubi). The in-

dex i is an integer index symbol, i ∈ [1, Nsub], Nsub is the 

total number of vertices of the subject graph, Vsubi repre-

sents one vertex of the subject graph, and Esubi represents one 

relation. A vertex of a subject graph defines the set of the 

largest concept blocks in the subject and the relationship 

defines the sequential relationship between the vertices. Fig-

ure 2 shows an example of a subject graph. 

 
Figure 2. Subject graph example. 

3.1.2. Hyper-concept Graphs 

A hyperconcept graph is further constructed by decom-

posing the vertices of a subject graph, which is defined as 

follows: 

Gsub = (Vsubi, Esubi) ≈ Ghyper = (Vhyperj, Ehyperj) = (Vsubi
hyperl, 

Esubi
hyperl), i∈[1, Nsub], j∈[1, Nhyper], l∈[1, Nsubi] i, j, l are 

the total number of vertices of the hyperconcept graph, and 

Nsubi is the number of child vertices belonging to the ith 

node of the s subject graph. The symbol ≈ indicates that the 

meaning of the two graphs is equivalent to each other. The 

following figures show the hyper-concept graph. 

 
Figure 3. Hyper-concept graphs example (1). 
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Figure 4. Hyper-concept graphs example (2). 

 
Figure 5. Hyper-concept graphs example (3). 

 
Figure 6. Hyper-concept graphs example (4). 

3.1.3. Basic Concept Graphs 

The basic concept graph is further decomposed into verti-

ces of the hyperconcept graph, which is defined as follows. 

Gsub = (Vsubi, Esubi) ≈ Ghyper = (Vhyperj, Ehyperj) = (Vsubi
hyperl, 

Esubi
superl) ≈Gbasic=(Vbasick, Ebasick) =(Vsubi

superl,basicm, Esubi
superl, 

basicm), i∈[1, Nsub], j∈[1, Nhyper], l∈[1, Nsubi], k∈[1, Nbasic], 

m∈[1, Nsubi, hyperl] 

Let i, j, k, m be integers, Nbasic be the total number of ver-

tices of the basic concept graph, and Nsubi,hyperl are the num-

ber of children of vertices Vsubi
hyperl of the hyperconcept 

graph. The basic teaching unit of tutoring is the basic concept. 

Eventually, in the intelligent tutoring system, all the instruc-

tional nodes of tutoring are composed of basic concepts. The 

list of contents displayed on the left-most part of the user 

interface of the developing intelligent tutoring system is the 

basic concepts in the subject, not the chapters and sections in 

the subject, as in the group teaching (Figure 8). Figure 7 

shows an example of a basic concept graph corresponding to 

the nodes (Vsub1
super1) and (Vsub1

super2) (represented by a red 

circle) of the hyper-concept graph in Figure 3. 

 
Figure 7. basic concept graph example. 
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Figure 8. In tutoring system, the choice is a basic concept. 

3.1.4. Subconcept and Help-concept Graphs 

Figure 9 shows the sub-concepts and help-concepts be-

tween the basic concepts “Environmental Classification” and 

the basic concept “Active Structure Classification” in AI. 

This sub-concept and help-concept graph reflects the action 

between state and state, the result of inference of hidden 

Markov model, and the actual tutoring flow of intelligent 

teacher as tutor is implemented by this graph. The program 

uses this graph to generate a specific teaching flow for each 

student, i.e., an action that generates an appropriate teaching 

path for each student. 

 
Figure 9. Subconcept and help-concept Graph Example. 

3.2. Editor Development 

Our team developed an editor as an intelligent tutoring 

system development framework. The editor’s mission is to 

use teacher’s instructional resources to develop a static in-

structional model or to assist in generating a dynamic and 

adaptive instructional model. This approach is supported by 

the construction of a collective pedagogical model, the con-

struction of knowledge graphs, the construction of Hidden 

Markov Models, and the construction of Markov Decision 

Processes for tutoring. 
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Figure 10. Intelligent tutoring system editor. 

4. LSEPM and LPG Construction 

Method Using HMM 

4.1. Formulation of Knowledge Graphs into 

Hidden Markov Models 

4.1.1. Formulation of Hidden Markov Models 

In the various types of knowledge graphs written by the 

subject teacher, the type of intelligent tutoring system using 

Hidden Markov Model is the basic concept graph. The Hid-

den Markov formalism for this basic concept graph is devel-

oped in Figure 7. 

When learning state modeling is done in a probabilistic 

way, the learning state is represented as a random variable, 

which contains uncertainty, and is defined as a learning state 

variable. The Hidden Markov model is an extended dynamic 

Bayesian network, where nodes in this network consist of a 

sequence of learning state variables (learning state random 

variables). Eventually, each node of the basic concept graph 

must be converted into the learning state variables of the 

Hidden Markov model. 

Learning state variables: Vsubi
hyperl, basicm (or Vbasick) 

(This variable is a random variable that reflects the stu-

dent’s current learning status, i.e., objective information 

about cognitive performance). 

The state value of the learning state variable = {excel-

lent(ex), very good(v_g), good(g), average(aver), fail-

ure(fail)}. 

The state value of this learning state variable is the value 

that reflects the degree of cognition as the value of the stu-

dent’s learning state. Since the state values of the learning 

state variables cannot be determined directly and accurately, 

we instead define the observation variables and determine 

them indirectly and probabilistically through the observation 

values of the observation variables. 

Observations of Observational Variables (Answer_Marks) 

= {1.0(interval 1), [0.8, 1) (interval 2), [0.6, 0.8) (interval 3), 

[0.4, 0.6) (interval 4), [0.0, 0.4) (interval 5)} 

In the future, Answer_Marks is abbreviated as A_M, and 

Vbasick is also denoted as Vk. The intervals in parentheses in 

the observation variable indicate the values of the observa-

tion variable. Figure 11 shows the Hidden Markov model 

corresponding to the basic concept graph, which is indicated 

in bold because the learning state variables and observation 

variables are vectors. 
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Figure 11. Hidden Markov Models Corresponding to Basic Concept Graphs (Example 1). 

 
Figure 12. Hidden Markov Models Corresponding to Basic Concept Graphs (Example 2). 

The transition model is shown in Table 1. Then ∑a:y=1.0. a:y means that in any row of the transition model table, each of 

the values from the first value a to the last value y is listed. 

Table 1. Transition model. 

Vt-1 

P(Vt|Vt-1) 

ex v_g g aver fail 

ex 0.85 0.1 0.02 0.02 0.01 

v_g 0.2 0.4 0.2 0.1 0.1 

g 0.3 0.2 0.3 0.15 0.05 

aver 0.01 0.1 0.3 0.3 0.29 

fail 0.0 0.0 0.2 0.3 0.5 

 

The sensor model is a model that represents the probabil-

ity that a certain value of the observed variable at time t will 

occur when the correct value of the student’s learning state 

variable at time t-1 is already known. The sensor model is 

shown in Table 2. Also ∑a:y=1.0. 

Table 2. Sensor model. 

Vt-1 

P(A_Mt|Vt-1) 

Interval 1 interval 2 interval 3 interval 4 interval 5 

ex 0.7 0.1 0.1 0.1 0.0 
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Vt-1 

P(A_Mt|Vt-1) 

Interval 1 interval 2 interval 3 interval 4 interval 5 

v_g 0.1 0.4 0.4 0.1 0.0 

g 0.1 0.33 0.53 0.02 0.02 

aver 0.0 0.1 0.39 0.33 0.18 

fail 0.0 0.0 0.12 0.43 0.45 

 

If the observed value at time t is judged as interval 2, then 

the observation matrix Ot as follows. 

0.1 0 0 0 0

0 0.4 0 0 0

O 0 0 0.33 0 0

0 0 0 0.1 0

0 0 0 0 0.0

t

 
 
 
 
 
 
 
 

 

4.1.2. Collection of Values of Evidence Variables 

(a) Value-gathering algorithm of evidence variable 

The learning state variable of the Hidden Markov model 

reflects the learning state of the student, which cannot be 

directly identified. If we can identify directly, we are not the 

subject of the Hidden Markov model. The state identification 

is confirmed by the time interval probability inference using 

the Hidden Markov model after indirect evidence is obtained 

from the answers to the students’ perceptions of the concept. 

The algorithm for collecting the value of the evidence varia-

ble is implemented in four steps as follows. 

[Algorithm 1. Value Collection Algorithm of Evidence 

Variables] 

Step 1: Presently, elicit query presentation that enables the 

student to derive the basic concept of time t by himself. If the 

answer score for the question is 10, then move to step 3, oth-

erwise move to step 2. 

Step 2: Carry out a supplementary lecture that helps the 

student to derive the basic concepts by himself, and move to 

step 1. 

Step 3: A complete lecture on the basic concept of time t 

(the intelligent teacher rehearses the concept comprehen-

sively, assuming that the student has derived the basic con-

cept of his own but is not yet fully understood). 

Step 4: Give a question to understand the basic concept of 

time t. 

(b) Method of Values Collection of Evidence Variables 

We fix the proof of time t by setting the result of step 4 of 

Algorithm 2 as follows. In Step 4 of Algorithm 2, let us as-

sume that the student’s perception of the basic concept of 

time t is TD. 

If the score TD = 1.0, we call the <A_M= interval 1>, if 

TD = [0.8, 1], then <A_M=interval 2>, if TD = [0.6, 0.8), 

then <A_M=interval 3>, if TD = [0.4, 0.6], then 

<A_M=interval 4>, if TD = [0.4], then<A_M=interval 5>. 

(c) Example of collecting values of evidence variables 

/*--Guided questions and supplementary lecture on basic 

concept 3------*/ 

(Basic concept 3) Relationships between agent and envi-

ronment, classification of environment. 

[Problem 3-1, 1, Audio] When we look at the concept def-

inition of an agent, is there no connection between the envi-

ronment and the agent? 

i. connection, ii. no connection 

[Answer] i. 10 ii. 0 

(Supplementary lecture_slide 3-1) Slide1.png. 

(Comment 3-1) There is a connection. Agents that do not 

receive perceptual data from the environment and do not act 

on the environment is little need to develop. 

(Video 3-1) 

[Problem 3-2, 4, Audio] What is the relationship between 

an agent and the environment? Try to write your ideas. 

Correct: There is a perceptual relationship between an 

agents and an environment that uses a sensor to sense infor-

mation, and then, by making appropriate reasoning, acts on 

his environment and affects it. 

[Answer] i Perceptual ii Action 

(Supplementary lecture_slide 3-2) Slide1.png. 

(Comment 3.2) There is a perceptual relationship between 

an agent and an environment that is sensed by the use of 

sensors, and then acts in its environment by making appro-

priate reasoning. 

(Video 3-2) 

/*----------------A complete lecture on basic concept 

3------------------*/ 

(slide 3-8) Slide1.png. 

(Comment 3-8) Why should we deal with the environment 

in the design of an actor? 

(Video 3-8) 

(slide 3-9) Slide2.png. 

(Comment 3-9) The table is shown in the figure. 

(Video 3-9) 

/*-------A question to understand the perception of Con-

cept 3----*/ 

[Problem 1, 1] What is an environment? Choose the right 
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ones. 

i. Environment? Where an agent resides. ii. Instead of the 

term environment, we also use the term world. iii. The envi-

ronment is assumed to change by an agent. 

[Answer] i 3 ii 4 iii 3 

[Problem 2, 1, Audio] When we look at the concept defini-

tion of an agent, is there no connection between the envi-

ronment and the agent? 

i. connection ii. no connection 

[Answer] i 10 ii 0 

4.1.3. Limitations of the Hidden Markov Model 

(a) Evaluation (correctly estimated) of the learning state 

sequence and prediction of the next-time learning state only 

In intelligent tutoring systems, Hidden Markov models are 

used to evaluate current learning situations, predict future 

learning situations, and estimate performance in previous 

learning. That is, the Hidden Markov model can estimate a 

student’s learning sequence of states through the evidence 

values from the past to the current time, but it cannot directly 

generate the best learning sequences to achieve the overall 

goal of learning. These learning sequences are the learning 

processes, and the learning flows inherent to each student 

that can maximize the degree of student awareness. 

There are sequential decision-making methods, Markov 

decision-making or partially observable Markov deci-

sion-making, that are methods to calculate a sequence of 

actions that maximizes the learning state of each student, i.e., 

generate a learning flow that is specific to each student. 

(b) Learning path generation principle using hidden Mar-

kov model 

The Hidden Markov model can probabilistically derive es-

timates and predictions of current student's learning state, 

future state. Using this value, we have to develop a specific 

learning path generation algorithm separately. 

4.2. Building a Tutorial Database 

The tutoring database is as follows. 

Table 3. tutorial database. 

Record name Data type Main key Explanation 

Concept table 

ID INTEGER ✓ unique identifier number 

ConceptName TEXT  concept name 

ConceptType INTEGER  concept type: basic concept-1, sub-concept-2, help-concept-3 

RootConcept INTEGER  

root basic concept ID: this value is all zero, otherwise, the 

unique number of the root basic concept of the concept. For 

example, if a subconcept B is a subconcept between the basic 

concept A and the basic concept C, then the ID value of the 

basic concept A is the value of this field. 

basic concept relational table 

Each row of the table represents each edge (relation) of the concept graph. 

ID INTEGER ✓ unique identifier number 

BeginVertex INTEGER  precedence ID 

EndVertex INTEGER  ID of the posterior concept 

RootConcept INTEGER  fundamental concept of the relation 

Relationship INTEGER  

What are the relationships between concepts. If either the 

front or rear nodes is a subconcept, then 2. if one of the two 

is the basic concept, and one is the subconcept, then 1. If 

both concepts are basic, then 0 

Lecture table 

Comment: The slide are represented as a line of this table and are separated by the values of the ConceptID field. That is, to get the slide 

information for concept A, we get the unique identifier (ID) of the row corresponding to concept A in the concept table and return only the 

rows that are equal in value and ConceptID. 

ID INTEGER ✓ unique identifier of slide 

https://www.sciencepg.com/journal/scif


Science Futures https://www.sciencepg.com/journal/scif 

 

128 

Record name Data type Main key Explanation 

ConceptID INTEGER  
Unique number of concepts belonging to slide 

is it an slide that reflects which concept. 

SlideName TEXT  
The name of the picture file (including extension) in the path 

of “the subject name/ individual teaching/slide”. 

Comment TEXT  comment 

VideoName TEXT  
The name of the movie file (including extension) in the path 

of “the subject name/ individual teaching/slide”. 

ShowOrder INTEGER  Numerical values for slide display sequences 

hasTest INTEGER  If there is a question for slide, then 1, 0, if no. 

ReTest 

ID INTEGER ✓ unique identifier 

XMLData TEXT  XML data for testing 

ParentConcept INTEGER  
The ID of the parent concept, which concept is the question 

of understanding. 

PreTest 

ID INTEGER ✓ unique identifier 

XMLData TEXT  XML data for testing 

ParentConcept INTEGER  
In the Concept Table, the ID of the concept, i.e., is it an 

leading question that reflects which concept 

SlideName TEXT  
The name of the picture file (including extension) in the path 

of “the subject name/ individual teaching/slide”. 

Comment TEXT  comment 

VideoName TEXT  
The name of the movie file (including extension) in the path 

of “the subject name/ individual teaching/slide”. 

SlideTest (A understanding rate for a slide) 

ID INTEGER ✓ unique identifier 

XMLData TEXT  XML data for testing 

ParentSlide INTEGER  
The ID of the slide, i.e., is it an leading question that reflects 

which slide. 

 

4.3. Learning State Modeling Using Smoothing 

Algorithm 

Learning state modeling using Hidden Markov Models 

involves tasks such as filtering, state estimation, prediction, 

smoothing, generation of most likely explanation, and learn-

ing, and we set only the prediction of the learning state for 

student model generation for research and development pur-

poses. 

4.3.1. Learning State Prediction Method 

Prediction using the Hidden Markov model may be con-

sidered as a filtering process without the presence of new 

evidence. The filtering process already implements a 

one-step prediction process and can easily derive recursive 

prediction computations for the state at t+k+1 from the pre-

diction for t+k. 

We first consider the filtering process and then consider 

the prediction method using this result. Then, the method 

proposed in Russell et al. [13] is applied to our learning state 

prediction process and an example of computation is pre-

sented. 

(a) Filtering 

Given the filtered result at time t, we have to calculate (es-

timate) the result for time t+1 from the new evidence A_Mt+1. 

This is equivalent to computing the following function f: 
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P(Vbasict+1 | A_M1:t+1) = f (A_M t+1, P(Vbasict| A_M 1:t)) 

Here Vbasic t+1 is the learning state variable at time t+1, and 

A_M1:t+1 is the observation data at time t+1. 

This recursive estimation calculation can be divided into 

two steps. First, we represent the distribution of the current 

state forward from t to t+1, and then update it using the new 

evidence A_Mt+1. 

P(Vbasict+1 | A_M1:t+1) = P(Vbasict+1 | A_M1:t, A_Mt+1) (sepa-

rating evidence) 

= α P(A_Mt+1 | Vbasict+1, A_M1:t) P(Vbasict+1 | A_M1:t)    

Using Bayesian Rules Given an Evidence Value A_M1:t 

= α P(A_Mt+1 | Vbasict+1) P(Vbasict+1 | A_M1:t) (By the Sensor 

Markov assumption)             (1) 

In the above equation, the first term is the sensor model 

and the second term is the prediction. α is a normalization 

constant that makes the sum of probability values equal to 

unity. Let us further develop Eq. (1). 

P(Vbasict+1 | A_M1:t+1) = 

α P(A_Mt+1 | Vbasict+1)
t

1 t 1: 1:P(V | V ,A _ M )P(V | A _ M )

basic

basict basic t basict t

V

  

=αP(A_Mt+1 | Vbasict+1)
t

1 t 1:P(V | V )P(V | A _ M )

basic

basict basic basict t

V

  (Markov assumption)           (2) 

In the above equation, the first term on the left is the sen-

sor model, the first term on the left in the additive term is the 

transition model, and the last term is the recursive term. 

Also, all terms are model or previous state estimates. Here, 

we consider the filtered estimate 1:P(V | A _ M )basict t  as a 

“message” f1:t, corrected by each forward-propagating transi-

tion model in the sequence and updated by each new obser-

vation. This process is formalized as follows. 

f_m1:t+1 = FORWARD(f_m1:t, A_M1:t+1) 

f_m 1:t+1 = αOt+1T
Tf_m1:t                                         (3) 

Here, FORWARD implements the update process described 

in Eq. (2), which starts with f_m1:0 = P(Vbasic 0). When all state 

variables are discrete, each update time is constant (i.e., de-

pendent on t), and the required space cost is also constant. These 

constants, of course, depend on the size of the state space and 

the type of the corresponding specific time-interval model. 

Let us consider only two steps of filtering in an intelligent 

tutoring system. Let us compute P(Vbasic2 | A_M1:2). At this 

time, refer to the values in Tables 2 and 3. 

(b) Computational examples of filtering processes 

In Figure 15, there is no evidence for the 0th learning state 

variable, and only the prior confidence of the observer exists. 

P(Vbaisc0) = <0.1, 0.3, 0.42, 0.1, 0.08> 

The evidence value of the first learning state variable is 

0.7, with A_M = interval 3. The state estimation from 0 to 1 

is performed as follows. 

P(Vbasic1) = 1 0 0

0

P( | ) ( )basic basic baisc

basic

V V P V

V
 = <0.85, 0.1, 

0.02, 0.02, 0.01>× 0.1 + <0.2, 0.4, 0.2, 0.1, 0.1>× 0.3 + <0.3, 

0.2, 0.3, 0.15, 0.05>× 0.42 + <0.01, 0.1, 0.3, 0.3, 0.29>× 0.1 

+ <0.0, 0.0, 0.2, 0.3, 0.5>× 0.08 = <0.272, 0.224, 0.234, 

0.149, 0.121> 

P(Vbasic1 | A_M1) = α P(A_M1 | Vbasic1)P(Vbasic1) = α <0.1, 

0.4, 0.53, 0.39, 0.12> <0.272, 0.224, 0.234, 0.149, 0.121> = 

α <0.0272, 0.0896, 0.12402, 0.05811, 0.01452> ≈ <0.0868, 

0.2859, 0.3957, 0.1854, 0.0462> 

The evidence corresponding to the second learning state 

variable is 0.5, with the A_M2 = interval 4. The state estima-

tion from 1 to 2 is performed as follows. 

P(Vbasic2|A_M1)=
1

2 1 1 1( | ) ( | _ )

basic

basic basic basicV P V A M

V

V P
 

= <0.85, 0.1, 0.02, 0.02, 0.01>× 0.0868 + <0.2, 0.4, 0.2, 0.1, 

0.1>×0.2859 + <0.3, 0.2, 0.3, 0.15, 0.05>×0.3957 + <0.01, 

0.1, 0.3, 0.3, 0.29>×0.1854 + <0.0, 0.0, 0.2, 0.3, 

0.5>×0.0462 = <0.2515, 0.2207, 0.2425, 0.1592, 0.1261> 

The estimate for the current learning state is g. 

P(Vbasic2 | A_M1, A_M2) = α P(A_M2 | Vbasic2)P(Vbasic2 | 

A_M1) = α<0.1, 0.1, 0.02, 0.33, 0.43><0.2515, 0.2207, 

0.2425, 0.1592, 0.1261> = α <0.02515, 0.02207, 0.00485, 

0.05254, 0.05422> ≈ <0.1583, 0.1390, 0.0305, 0.3308, 

0.3414> 

When the second learning phase was followed, the stu-

dent’s cognitive state became worse and worse, and became 

aver. 

(c) Prediction 

Prediction is a problem that predicts what the student’s 

cognitive state value will be when passing through the third 

learning state when it comes to the second learning state. The 

evidence is given until the second lecture. The prediction 

task may be considered as a filtering process without the 
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presence of new evidence. The filtering process already im-

plements a one-step prediction process and can easily derive 

recursive prediction computations for the state at time t+k+1 

from the prediction for t+k. 
 

P(Vbasic t+k+1 |A_M1:t) =
1:

transition model recursive

1P( | ) ( | _ )t

basict k

k k kP V A M



    V

V

Vbasic t basic t basic t           (4) 

In this calculation, only the transition model is included 

and the sensor model is not included. 

4.3.2. Smoothing Algorithm 

The filtering and prediction in the Hidden Markov model 

proposed above are implemented by a smoothing algorithm. 

[algorithm 2. smoothing algorithm] 

function SMOOTHING(A_Mt, hmm, d) returns a distribu-

tion over Vbasic t −d 

inputs: A_Mt, // the current evidence for time step t 

hmm, // a Hidden Markov Model with S× S transition ma-

trix T  

d, // the length of the lag for smoothing 

persistent: t, // the current time, initially 1 

f_m, // the forward message P(Vbasic t | A_M1:t), initially 

hmm.PRIOR 

B, // the d-step backward transformation matrix, initially 

the identity matrix 

A_Mt−d:t, // double-ended list of evidence from t − d to t, 

initially empty 

local variables: Ot−d, Ot, diagonal matrices containing the 

sensor model information add A_Mt to the end of A_Mt−d:t 

Ot ← diagonal matrix containing P(A_Mt | Vbasic t) 

if t > d then 

f_m← FORWARD(f, A_Mt−d) 

remove A_Mt−d−1 from the beginning of A_Mt−d:t 

Ot−d ← diagonal matrix containing P(A_Mt−d | Vbasic t−d) 

 𝐵 ← 𝑂𝑡−𝑑-1 𝑇−1𝐵𝑇𝑂𝑡 

else B ← BTOt 

t ← t + 1 

if t > d + 1 then return NORMALIZE(f_m × B1) else return 

null 

Notice that the final output NORMALIZE(f_m × B1) is just 

αf × b. 

4.4. Learning Path Generation 

4.4.1. Learning Path Generation Algorithm 

[algorithm 3. Learning path generation algorithm] 

1: if (Vbasick+1 = ex) 

2: { 

3: (If the student’s learning state prediction result is ex, 

then the derived query for 4: the k+1th concept is repeated 

until the score is 1.0, then a rich and complete 5: lecture on 

the k+1th concept is given); 

6: } 

7: else if(Vbasick+1 = v_g) 

8: { 

9: (Choose the shortest path among paths consisting of the 

sub-concepts between 10: the k-th concept and the k+1th 

concept); 

11: } 

12: else if(Vbasick = g) 

13: { 

14: (choose a path among m-1 paths consisting of 

sub-concepts between k 

15: th concept and k+1th concept using probabilistic in-

ference algorithm); 

16: } 

17: else if(Vbasick = aver) 

18: { 

19: (For a student with this value, we generate paths that 

include the subc- 

20: oncept and help-concept, and then also divide the 

number of total sub 

21: path as above and generate the learning path according 

to the corresp- 

22: onding probability value. 

23: } 

24: else 

25: { 

26: Make a choice of the k-1th basic concept. 

21: } 

4.4.2. Description of Line 12 of Algorithm 3 

A description of the stochastic path selection method for 

intervals 3. For the A_M=interval 3(0.6<= TD < 0.8), we 

randomly choose a path among m-1 paths consisting of the 

sub-concepts between the nth concept and the n+1th concept. 

If the distance is between 0.6 and 0.8, divide 1.0 by (n = total 

sub-learning path m −1) and find the ratio value that one 

learning path occupies in the whole interval 1. For example, 

if we have five sub-learning paths, then dividing 1.0 by 4 

yields a value of 0.25. This means that each learning path (n 

= total sub-learning path m-1) has a ratio of 0.25 in the in-

terval (actually, the interval between 0.6 and 0.8). Then, n 

sub-learning paths are ordered from one to the next, depend-

ing on the number of arcs present in each path, from the 

number of arcs to the least. The probability values of each of 

the four intervals are expressed as 

0.6+0.25×0.2×1=0.6+0.05=0.65, 

0.6+0.25×0.2×2=0.6+0.1=0.7, 

0.6+0.25×0.2×3=0.6+0.15=0.75, 

0.6+0.25×0.2×4=0.6+0.2=0.8. 

The value of 0.25 is the ratio of one path to the path con-
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sisting of n (m-1) subconcepts. This number varies with the 

number of paths that consist of subconcepts. The value of 0.2 

is the value that makes the interval between 0.6 and 0.8 equal 

to 1. 

 
Figure 13. Learning path generation flow diagram. 

5. Experiments and Evaluations on 

Hidden Markov Model 

5.1. Analysis of Intelligent Tutoring Systems 

Using HMM 

We evaluated how students using an intelligent tutoring 

system constructed using a Hidden Markov Model improved 

their learning performance compared to those who did not 

use it. 

Using the intelligent tutoring system, experiments were 

conducted on the learning performance when students had 

several extra-curricular sessions. Also using the intelligent 

tutoring system, an experiment was conducted to evaluate 

the amount of work done when the students were given a 

task after all of the learning activities or extracurricular stud-

ies on a subject. 

In the first experiment, students were divided into three 

groups: excellent, medium, and low, and one subject was 

tested for extracurricular learning. The number of students 

who participated in the test was 350, and the test problem 

averaged 20 questions in each section and 450 questions in 

one subject. The results are shown in the following figure. 

Since approximately 25% of the total amount of learning was 

completed for each chapter or subject, the results that stu-

dents had observed for each of the clause tests embedded in 

the intelligent tutoring system were 75% completed. The 

results were positive. 

 
Figure 14. When students were trained for extracurricular learning 

using an intelligent tutoring system (Learning volume on the longi-

tudinal axis, student score on the horizontal axis). 

https://www.sciencepg.com/journal/scif


Science Futures https://www.sciencepg.com/journal/scif 

 

132 

In the second experiment, students were divided into three 

groups: excellent, medium, and low, and after completing all 

the extra-curricular studies on one subject, the task was given 

and the performance was evaluated. For one subject, the av-

erage number of subjects was 20. 

 
Figure 15. The percentage of work done when assigning students to a task who completed all the extra-curricular learning courses on a 

subject using an intelligent tutoring system (%) (the percentage done on the longitudinal axis, the amount of work done on the horizontal 

axis). 

5.2. Comparative Evaluation Experiments with 

Other Models 

In addition to the Hidden Markov Model, there are meth-

ods such as performance factor model (PFM), additive factor 

model(AFM), with partially observable Markov Decision 

Process. We conducted a performance evaluation experiment 

with the proposed intelligent tutoring system using Hidden 

Markov Model and intelligent tutoring system using perfor-

mance factor model and additive factor model. The experi-

ments were conducted by pre-testing and final testing and 

comparing the results. The test was conducted by dividing 

the students into high and general. The experimental results 

showed that the average performance of students using the 

Hidden Markov Model was higher than that of students using 

other models for intelligent tutoring systems. 

Table 4. Results of the comparative evaluation of the three models. 

 

pre-test final test 

high medium overall High Medium overall 

HMM 7.5 7.2 7.1 8.4 9.2 8.8 

PFM 7.4 7.0 7.4 8.6 7.4 7.9 

AFM 6.8 6.0 6.7 8.9 7.6 8.2 
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6. Conclusion 

The Hidden Markov Model is a probabilistic & stochastic 

inference model over time, known as a good model that can 

predict the learning state of students using the students’ past 

learning history data. However, when using this Hidden 

Markov Model, we can generate the learning path only by 

using an additional learning path generation algorithm. 

We proposed to use the Hidden Markov Model as a model 

for predicting student learning state in an intelligent tutoring 

system. We also proposed a learning path generation algo-

rithm. 

The experimental results showed that the learning perfor-

mance of the learning state prediction method using Hidden 

Markov Model is higher than that using empirical mul-

ti-dimension linear regression model when using probabilis-

tic & stochastic inference model over time such as hidden 

Markov model. 

Abbreviations 

ITS Intelligent Tutoring System 

LM Learner Model 

TM Tutor Model 

DM Domain Model 

LSEPM Learning State Estimation and Prediction 

Model 

LPG Learning Path Generator 

G Graph 

V Vertex 

E Edge 

Sub Subject 

Ex Excellent 

v_g Very Good 

g Good 

aver Average 

fail Failure 

A_M Answer_Marks 

KT knowledge Tracking 

BKT Bayesian Knowledge Tracing 

DKT Deep Knowledge Tracing 

RNN Recurrent Neural Networks 

LSTM Long Short Term Memory Networks 

GRU Gated Recurrent Units 

GNNs Graph Neural Networks 

GKT Graph-based Knowledge Tracking 

GIKT Graph-based Interaction Knowledge Tracking 

SKT Structure-based Knowledge Tracking 

HMM Hidden Markov Model 

AIWBES Adaptive and Intelligent Web-Based 

Educational System 

f_m Forward Message 
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