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Abstract 

Learning object-oriented design is a challenging task for many beginners. 

Intelligent Tutoring Systems can aid learners with complex problem-solving. 

Generally, an ITS contains three main components: an expert evaluator that observes a 

studentôs work and identifies errors in his/her solution; a student model that diagnoses 

the gap in the studentôs knowledge; and a pedagogical advisor that provides feedback 

to the student. 

Existing student models have several common problems: 1) they only consider 

rule-based behaviors or concepts as studentsô learning goals, while students oftentimes 

are confused about the relationship among concepts such as prerequisite, transition, 

similarity and distinction; 2) they do not represent layered student knowledge, taking 

into account domain, reasoning, monitoring and reflective knowledge; 3) they often 

use Bayesian networks requiring exponential time, and hence cannot provide 

consistent support for real time communicative tutoring; and 4) they rarely simulate 

studentsô knowledge history. 

This dissertation develops a student model applying Atomic Dynamic 

Bayesian Networks, which consists two connected Atomic Bayesian Networks. It 

advances the state of the art of student models by: 1) representing concepts and 

important relationships, such as prerequisites and distinction; 2) tracking a history of 

student learning; and 3) integrating a student model from both open- and close-ended 

work. This student model does all these things in real time, so that the ITS can be 

responsive to students as they work on an assigned problem. 
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We evaluated the ABN- and ADBN-based student models with 240 simulated 

students and 71 human subjects. The evaluation investigates the student modelsô 

behavior for different types of students and different slip and guess values. Holding 

slip and guess to equal and small values, ADBNs are able to produce accurate 

diagnostic rates for student knowledge states over studentsô learning history. The 

results also show that student models with ADBNs perform better than student models 

with ABNs only.  

We evaluated the student model which integrates the diagnosed studentsô 

learning state from closed- and open-ended exercises with the 71 human subjects. The 

results show that integrating diagnoses from closed- and open-ended exercises is an 

effective way to increase the accuracy of student models. 

In addition, we compared the accuracy of non-advanced-numerical student 

models with the student models using ADBNs. The results show that student models 

using ADBNs perform much better than the non-advanced-numerical student models.  
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1 Introduction 

Learning object-oriented design is a challenging task for many beginning 

students. An Intelligent Tutoring System (ITS) has been proposed to help beginners 

learn object-oriented design (Blank, Barnes, & Kay, 2005). Generally, an ITS contains 

three main components: the expert module, the student model and the Pedagogical 

Advisor. The expert module observes studentsô work and identifies errors in their 

solutions; the student model diagnoses the gap in studentsô knowledge structure and 

learning needs based on the history of the studentsô performance; and the Pedagogical 

Advisor provides feedback to the students and tutoring when they need help.  

In this research, a student model is developed based on Bayesian networks and 

rule-based approaches. It will advance the state of the art of student models in several 

directions: by representing concepts and important relationships, such as prerequisites 

and similarities that can cause confusion; and by tracking a history of student behavior, 

and inferring cognitive strategies germane to both the problem domain (object-

oriented software development) and learning in general. This student model does all 

these things in real time, so that the ITS as a whole can be responsive to students as 

they work on an assigned problem and can issue understandable feedback, rebuild 

studentsô knowledge structure, and tutor studentsô cognitive strategies. 

1.1 The gap between ideal and existing ITS 

In an ideal ITS, a student receives understandable feedback that not only tells 

how to modify the current error but also helps to rebuild his/her knowledge structure. 
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After viewing the feedback, the student can quickly understand the missed knowledge 

based on his/her knowledge structure and hence will be less likely to repeat the same 

error in the future. Therefore, understanding feedback is crucial to shorten the time of 

studentsô learning, and rebuilding the studentsô knowledge structure can help students 

to achieve their learning goals. Further, the system can help the student cultivate 

positive cognitive strategies through monitoring the studentôs learning actions and 

providing tutoring. For instance, if the student does not pay attention to the feedback 

and keeps gaming the system, i.e. repeatedly guessing the answer or repeatedly 

requiring hints until he/she gets the solution (Aleven, Roll, McLaren, Ryu & 

Koedinger, 2005; Roll, Baker, Aleven, McLaren, & Koedinger, 2005; Walker, 

Koedinger, McLaren, & Rummel, 2006), it is pedagogically appropriate to warn the 

student to stop the erroneous actions.  

Existing ITSs can flag errors, provide hints for correct solution or possible next 

solution step according to studentsô solution paths, and present definitions for all 

knowledge units relevant to the current problem. They issue feedback based on 

studentsô errors instead of studentsô knowledge structure. Ordinarily, the existing ITSs 

provide three levels of feedback, in which the first level identifies errors, the second 

level issues concept definitions relevant to the problem, and the third level outputs the 

correct solution. The existing ITSs intend to let students self-diagnose the deficiency 

in their knowledge structure and find their learning needs. Thus, students are required 

to read the information with all relevant knowledge units by themselves. Usually, 

students cannot understand the connection between the definitions of concepts and the 

correct solution due to their incomplete knowledge structure. Consequently, students 
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oftentimes are confused with the jumble of knowledge displayed, repeat the same 

errors, and finally quit prematurely.  

Ohlsson and Mitrovic (2006) state that studentsô knowledge acquisition 

requires the migration of structure from the experts to the students. Helping to rebuild 

the studentsô knowledge structure is the essential step in studentsô knowledge 

acquisition. However, none of the exiting ITSs considers whether the concept 

definitions can be understandable by the students and tries to help the student to 

rebuild their knowledge structure. In addition, there are few ITSs that can provide 

appropriate tutoring for studentsô cognitive strategies. Hence, most of the existing 

ITSs lose the opportunities to motivate students, communicatively contact the students, 

and loosen up the connection between the tutors and the students.  

The student model is an essential component in an ITS, which represents 

studentôs knowledge state and updates it. To enable an ITS to provide concept 

definition that students can understand relevant to their problem solving, the student 

model needs to diagnose the representation of the studentsô knowledge structure, 

which consists of granular knowledge items, in real time. To enable an ITS to provide 

appropriate tutoring of studentsô cognitive strategies, the student model needs to 

diagnose studentsô cognitive strategies in real time.  

1.2 Research questions 

To develop a student model that can diagnose studentsô knowledge structure 

and cognitive strategies in real time, this study will examine and answer the following 

research questions: 
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1. Can this student model provide information about student knowledge state for 

pedagogical decisions?  

2. How should this student model represent a studentôs current knowledge state 

and the studentôs knowledge structure?   

3. How will  the student model track student knowledge state over time? Under 

this research question there are two sub questions: 

a. Would tracking a history of student knowledge state be useful for 

pedagogical decisions? 

b. Can a history be maintained efficiently enough to be responsive in real 

time? 

4. How can this student model synthesize information from two different sources, 

open-ended problem solving (object-oriented class diagram design) and close-

ended exercises (multiple choice quizzes or drag-and-drop exercises)? 

5. What cognitive strategies should the student model consider and how should it 

consider them?  

1.3 Contributions 

This research makes six contributions to student modeling. The first 

contribution is a novel way to represent the studentsô knowledge structure, where both 

concepts and relationship among concepts are knowledge units that students need to 

learn. Previous research considers rule-based behaviors or individual concepts as part 

of the studentsô learning goals. Nevertheless, students often are confused about the 

relationship among individual concepts such as prerequisite, transition, similarity, and 
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distinction.  This contribution enables the student model to tell the pedagogical agent 

the concepts a student needs to learn and helps to answer the research question 1. 

Previous research introduced a variety of student modeling architectures, each 

of which is confined to its own simulating techniques. Yet none of them reveals a 

standard way to represent layered knowledge in a student model. This research will 

describe a three-layered architecture that can be standardized for modeling various 

layers of studentsô knowledge. This architecture was presented at the tenth Annual 

Consortium for Computing Sciences in Colleges Northeastern Conference (CCSCNE 

2005) (awarded one of the best papers). This contribution helps to answer the research 

question 2. 

Student modeling embracing probabilistic techniques, such as Bayesian 

networks, requires exponential computational time, since the number of parameters 

and the updating time for Bayesian networks is of exponential order and hence cannot 

provide consistent support for real-time communicative tutoring. This research will 

present an Atomic Bayesian network that provides a refined representation of 

prerequisite relationships, diagnoses studentôs knowledge structure, and achieves real-

time responsiveness. The Atomic Bayesian network has been disseminated as a full 

paper in the 8
th
 International Intelligent Tutoring Systems Conference (ITS 2006). 

This contribution helps to answer the research question 2. 

There are few student models that simulate studentsô knowledge within a 

history. This is due to the complexity of the mechanism and volatility in the evolution 

of studentsô knowledge. Few researchers introduce dynamic Bayesian networks in 

solving the problem, while none of them models the studentsô hierarchical knowledge 
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structure. This research will present an innovative dynamic Bayesian network,  

Atomic Dynamic Bayesian network that represents refined prerequisite relationships 

and, by considering the learning history diagnoses in real-time studentsô knowledge 

structure. The Atomic Dynamic Bayesian network has been disseminated as a poster 

in the 13
th
 International Conference on Artificial Intelligence in Education (AIED 

2007). This contribution helps to answer the research question 3. 

Existing student models separate the inferred studentsô knowledge from 

closed- and open-ended exercises. The corresponding ITSs determine the next step of 

learning according to the knowledge from close-ended questions and tutor problem 

solving errors based on the knowledge from open-ended tasks. Few of the existing 

student models integrate these two kinds of knowledge to represent the synthetic 

studentsô learning state. This research will describe a unique student model that 

combines the knowledge from open-ended problem solving (object-oriented class 

diagram design) and close-ended exercises, which is suitable for a learning 

environment where students switch among various types of exercises frequently. This 

contribution helps to answer the research question 4. 

The currently available student models simulate partial studentsô knowledge 

including basic domain knowledge or problem-specific procedural problem solving 

skills. Few of them tackle the tutoring needs of studentsô cognitive strategies. This 

research will develop a student model that simulates studentsô knowledge from basic 

domain knowledge to positive cognitive strategies. Cognitive strategies include 

general and domain-specific strategies. One example of a general cognitive strategy is 

hacking. The domain-specific strategies are the strategies for going from problem 
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description to class diagram. This research will answer how the student model can 

detect the general and domain-specific cognitive strategies. This contribution helps to 

answer the research question 5. 

The contributions of this research are as follows: 

1. A novel way to represent studentsô knowledge structure, where both concepts 

and relationship between concepts are knowledge units that students need to 

learn. 

2. A novel three-layered architecture which can be standardized in modeling 

various stratums of studentsô knowledge. 

3. ABN ï a novel Atomic Bayesian network that provides a refined 

representation of prerequisite relationships, diagnoses studentôs knowledge 

structure, and guarantees real-time responsiveness. 

4. ADBN ï an innovative dynamic Bayesian network that represents refined 

representation of prerequisite relationships and diagnoses in real-time studentsô 

knowledge structure considering the learning history. 

5. A unique student model that integrates knowledge from open-ended problem 

solving (object-oriented class diagram design) and close-ended exercises.  

6. A unique student model that simulates studentsô knowledge across a broad 

array from basic domain knowledge to positive cognitive strategies. 

1.4 Organization 

The rest of this paper is organized as follows: chapter 2 describes the research 

background ï how the student model fits into an embedded intelligent tutoring system, 
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DesignFirst-ITS, that tutors students objected oriented design; chapter 3 introduces the 

related theories in cognitive science and artificial intelligence, and reviews concrete 

examples that gives the state of art of student models; chapter 4 describes the 

methodology that is applied in building the student model in this dissertation; chapter 

5 presents six empirical studies and their results, which validate the methodology; 

chapter 6 states the conclusion and future work. 
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2 Research background 

Learning object-oriented programming, let alone object-oriented design, is a 

challenging task for many beginning students. Research by Ratcliffe (2002) has shown 

that lack of comprehension expressed by first year computer science students is a 

rising concern in academia. McCracken et al. (2001) performed a study that suggested 

that in UK and USA, approximately 30% of students do not understand the basics. 

The first few lessons in object-orientation are rich and complex, so that many 

students get confused, and may withdraw from the course. Many students continue 

repeating similar errors after teachers tell them the right answers. They often struggle 

to solve problems after an instructor explains what they need to know. Meanwhile 

students having difficulties may not want to admit they are having problems or may 

have difficulties explaining their problems to an instructor. These situations happen 

for many reasons: 1) it is difficult to explain the problem from the studentôs 

perspectiveðone must understand what the student knows and does not know; 2) it is 

hard to trace how many times a student commits similar errors and so observe 

repetition of problem solving patterns; 3) it is hard to remedy a studentôs deficient 

problem solving patterns and encourage sound ones; and 4) an instructor may not 

know who is having difficulties until it is too late, may not be able to tell why the 

student is having these difficulties, and may simply not have enough time to look into 

every studentôs needs in a large class. 

Reiser, Anderson, and Farrell (1985) reported that students working with 

private tutors can learn given material four times faster than students who attend 
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traditional classroom lectures, study textbooks and work on homework alone. Bloom 

(1984) also reported that students have a better grasp of material working with a 

private tutor than attending traditional classroom lectures. When a qualified private 

human tutor is not available, the next best option is an intelligent tutoring system. An 

Intelligent Tutoring System (ITS) is a computer-based instructional system that has 

knowledge bases for instructional content and teaching strategies (Daĵ & Erkan, 

2003). It attempts to use a studentôs level of mastery of topics to dynamically adapt 

instruction (Macisy & Castells 2001). Anderson and Skwarecki (1986) reported that 

an ITS is a cost-effective means of one-on-one tutoring that provides novices with the 

individualized attention needed to overcome learning difficulties. Intelligent tutoring 

systems are not only being used in academia to augment classroom teaching but have 

also penetrated various industries where companies are using ITSs to train employees 

to perform their job functions. As a result, ITSs have been built for various domains 

such as mathematics, medicine, engineering, public services, computer science, etc. 

The application of ITS in computer science has been limited to tutoring database 

design and specific procedural aspects of programming languages such as Java, C++, 

and LISP, and have not kept up with the current technology focus of object-oriented 

design (Sykes & Franek 2004; Mitrovic,  Mayo, Suraweera, & Martin 2001; Kumar, 

2002; Reiser et al.,1985).  

An ongoing project in Lehigh University, DesignFirst-ITS, is an intelligent 

tutoring system that provides one-on-one tutoring to help beginners with various 

learning styles in a CS1 course. Based on a design-first curriculum which subsumes an 

objects-first approach in lessons that also introduce object-oriented analysis and 
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design, using elements of UML before implementing any code (Moritz, Wei, Parvez, 

& Blank, 2005), DesignFirst-ITS helps students learn object-oriented design and 

eventually programming. DesignFirst-ITS is built on a prior project, the result of the 

NSF CRCD-sponsored CIMEL (Constructive and collaborative Inquiry-based 

Multimedia E-Learning) project, which developed multimedia courseware to introduce 

the breadth of computer science, including introductory concepts in Java and object-

oriented programming, complementing a textbook, The Universal Computer: 

Introducing Computer Science with Multimedia (Blank, Barnes, et al., 2005). CIMEL 

multimedia uses many techniques including audio, video, text, animation, JUST THE 

FACTS summaries, and interactive, constructive, and inquiry-based learning exercises 

to reach students with a wide variety of learning styles (a web-based demonstration 

and documentation are available at www.cse.lehigh.edu/~cimel). 

Hartley & Sleeman (1973) proposed an ITS that has three components, 

curriculum, student behaviors, and teaching methods. Curriculum is the subject matter 

that teachers and students cover in their studies. Student behaviors are how the 

students goes about solving the problem, why a studentôs solution is incorrect, what 

the student currently knows about the problem and why a solution is incorrect.  

Teaching methods are how to provide the right answer to the question, how to tell if 

the studentôs solution is right or not, and how to make decisions about tutoring tactics.  
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Figure 2-1 Architecture of DesignFirst-ITS 

Daĵ and Erkan (2003) added the User Interface as another component to the 

three-component ITS proposed by Hartley & Sleeman (1973).  With these four 

components, Daĵ and Erkan proposed an architecture of ITS.  From this starting point, 

the architecture for DesignFirst-ITS is developed and shown in Figure 2-1.   

DesignFirst-ITS consists of four components. The Curriculum Model, at the 

heart of the architecture, represents the knowledge of the first few lessons in a design-

first CS1 course. It is organized as a Curriculum Information Network, or CIN, which 

links concepts that are intended to teach together to show relationships among them. 

The Expert Evaluator, the student model and the pedagogical advisor in the 

DesignFirst-ITS refer to the CIN that ties the studentôs learning activities and state of 

knowledge to the curriculum. 

The Expert Evaluator interfaces with the Eclipse IDE through a plug-in. The 

Eclipse IDE is an open-source development platform for Java. The Expert Evaluator 

observes the studentôs work step by step in both the object diagram interface and the 
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code interface of Eclipse, and compares each step to its own solution(s) to the current 

problem. When a specific error is identified, it is linked to a concept within the CIN, 

and along with the recommended solution, is passed to the student model. 

The student model, which is the focus of this research, maintains a model of 

the studentôs current knowledge state based on information from both CIMEL and the 

Expert Evaluator. From CIMEL, the student model gets input on individual student 

performance based on exercise and quiz data from the object-oriented contents. From 

the Expert Evaluator, it receives information on both errors made by the student (as 

described above), and problems which the student completes successfully. The student 

model then performs a diagnosis based on the history of the studentôs performance to 

determine the reasons for the studentôs errors and where there are gaps in his/her 

knowledge. 

The pedagogical advisor provides feedback to students and tutoring based on 

where the student model indicates that the students need help. The feedback consists 

of explanation of detail errors and relevant concepts. 

The DesignFirst-ITS can interact with students either through CIMEL 

multimedia or the Eclipse IDE, each of which initiate different flows of control 

through the ITS architecture. The student can learn about object-oriented design from 

CIMEL multimedia. CIMEL records the studentôs behaviors on the quizzes and 

exercises in a database. The student model uses these data to infer the studentôs level 

of knowledge. Another flow of control begins with the Eclipse IDE. The Expert 

Evaluator observes the student as he/she enters a design solution, assesses what are 

right answers and errors in the studentôs solution, and provides the results to the 
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student model and the pedagogical advisor. After receiving the input from the Expert 

Evaluator the student model performs a diagnosis based on the input and the history of 

studentôs records and provides the diagnosis to the pedagogical advisor. The 

pedagogical advisor gives proper instructions to the student based on the results from 

the student model and the Expert Evaluator.  
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3 Related research 

An ITS needs to understand what students know to provide sufficient help. 

This understanding can help to generate feedback that the students understand. To 

equip an ITS that understands studentsô knowledge requires accurately modeling the 

knowledge, which includes the processes of representing and updating. Researchers of 

the student model represent and update not only the contents, but also the 

understanding level of the studentsô knowledge. Cognitive researchers found that the 

studentôs knowledge can be divided into various levels (Self, 1994). Existing student 

models adopt different approaches to model each level of the studentsô knowledge. 

This chapter investigates the approaches, and has three major sections: the first section 

describes the basic approaches to build a student model; the second section introduces 

studentôs knowledge representation; and the third section presents concrete student 

model examples. 

3.1 Student model 

A student model maintains a model of a studentôs current knowledge state that 

allows more intelligent pedagogical decisions and actions to happen. These decisions 

and actions include curriculum sequencing, interactive problem solving support, 

intelligent analysis of student solutions, and understandable pedagogical tutoring 

customized to each individual studentôs learning state (Brusilovsky, Schwarz, & 

Weber, 1996). Data for each student that are maintained in a student model are stored 

in student profiles. Each student profile belongs to a student and contains value-
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knowledge pairs, where the value represents the understanding level for the 

knowledge unit in each pair. The student model first infers the student profiles from 

the studentôs learning performance, and then infers the studentôs learning needs from 

the profiles and performance. Hence, the student model provides fundamental 

information to understand the studentôs learning state, i.e., why they make errors and 

what tutoring help they really need.  

Student models have been studied since the beginning of ITS research.  Many 

researchers argue that the main purpose of a student model is to guide pedagogical 

decision-making (Gürer, 1993; Zhou, 2000).  Ohlsson (1986) called the student 

modeling problem ñcognitive diagnosis.ò  He classified student models into four 

types: performance measures, overlays, bug library, and simulations.  Later Ohlsson 

(1992) proposed a new approach of overlay modeling which is called constraint based 

modeling.  

Performance measures (Ohlsson, 1986) access the student's knowledge state 

using simple computation.  It gives a student an overall assessment using a single 

value such as grades.  It does not represent details in the studentôs knowledge state, i.e. 

which concepts he/she knows or does not know. Hence, there is no information 

available to present responsive feedback to the student for each error he/she made. 

Overlay models (Ohlsson, 1986) simulate the student from a set of 

propositions in a knowledge domain. Propositions related to errors can be accounted 

for when these propositions have fine enough granularity. In an overlay model, the 

student knowledge is modeled as a subset of the expert knowledge. The basic function 

of this model is to find the missing chunks between the expert knowledge and the 


