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Abstract

Learning objectoriented design is a challengingsk for many beginners.
Intelligent Tutoring Systes can aid learners with complex problewolving
Generally, an ITSontains three main componerasiexpertevaluatorthatobservesa
s t u ¢ wanktai®d identifies errors ihis/hersolution a student modethatdiagnoses
thegap inthes t u & knawlledge; and pedagogicahdvisor thaprovides feedback
to the student.

Existing studentmodels have several common problems: 1) they only consider
ruebased behaviors or con¢whpetstsdenssofteshesu de nt s 6
are confused about the relationslaimongconcepts such as prerequisite, transition,
similarity and distinction2) they do notepresent layered studeatowledge taking
into account domain, reasoning, monitoring and reflective knowledge; 3) ttexy of
use Bayesian networks requiring exponential time, and hence cannot provide
consistent support for reime communicative tutoringand 4) they rarelysimulate
studentsod knowledge history.

This dissertation develo a student modelapplying Atomic Dynamic
BayesianNetworks which consists two caorected Atomic Bayesian Network#
advances the state of the art of student models byedresenhg concepts and
important relationships, such as prerequisitesdistinction 2) trackng a history of
student learning; and 3)ntegrating a student model from both opand closeended
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

1



We evaluatedhe ABN- and ADBN-based student models with 240 simulated
studentsand 71 human subjects. The evaluatiomestigaest he st udent mo C
behavior for different types of students and different slip and guess vhlaleling
slip and guess to equal and small values, ADBNs adnle to produce accurate
diagnostic ratedor student knowledge statesv e r student s.0Thel ear ni r
results also show that student models with ADBNs perform better than student models
with ABNs only.

We evaluated the student model which integratet he di agnosed s
learning state from closednd operended exercisasith the 71 human subject8he
results show thamntegrating diagnoses from closemhd operended exercises is an
effective way to increase the accuracy of student models

In addition we compared the accuracy nbnadvanceehumerical student
models with the student models using ADBNSs. The results shovstidént models

using ADBNSs perform much better than then-advanceehumericalstudent models.



1 Introduction

Learning olect-oriented design is a challenging task for many beginning
students. An Intelligent Tutoring System (ITS) has been proposed to help beginners
learn objecoriented designBlank, Barnes, & Kay2005). Generally, an ITS contains

three main components: eéhexpert module, the student model and Reelagogical

Advisor. The expert modul e observes student s

solutions; the student model di agnoses t
learning needs based on the histofyhe studen@performance; and theedagogical
Advisor provides feedback to the studeand tutoring whetheyneed help.

In this research, a student model is developed based on Bayesian networks and
rule-based approachel will advance the statef @éhe art of student models in several
directions: byrepresenig concepts and important relationships, such as prerequisites
and similarities that can cause confusiand bytrackng a history of student behavior
and inferring cognitive strategies gemane to both the problem domaiobiect
orientedsoftware development) and learning in generfais 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 probleand can issu@nderstandable feedback, rebuild

studentsé knowledge structur e, and tutor

1.1 The gap between ideal and existing ITS

In an ideal ITS, a student recesvenderstandable feedbathkat not only tells

how to modify the current errdout also helps to rebuild his/her knowledge structure.

3
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After viewing the feedback, the student can quickly understand the missed knowledge
based on his/her knowledge structure and hencebwiless likely taepeat the same

error in the future. Thereferunderstandindeedback is crucial to shorten the time of
student s®nd eraemuinlgdi ng the studentsd knowl
to achieve thie learning goals. Further, the system can help the student cultivate
positive cognitive stragei es t hr ough monitoring the stu
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, MclLaren, &Koedinger, 2005 Walker,

Koedinger, McLaren, & RummgR006), it is pedagogically appropriate to warn the

student to stop the erroneous actions.

Existing ITSscan flag errors, provide hints for correct solution or possible next
solution step according to studdondllsd sol t
knowledge unitsrelevantto the current problem. They issue feedback based on
student s o6 oefr rsotruisd e mtsstée akdnowl edge structure
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 soltion. The existing ITSs intend to let students -skdignose 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 annot understand the connection betweerd#imitions ofconceps$ and the

correct solution due to theincompleteknowledge structure. Consequently, students
4



oftentimes are confused with themble of knowledge displasd, repeat the same
errors, and fially quit prematurely.

Ohl sson and Mitrovic (2006) state t he
requires the migration of structure from the experts to the students. Helping to rebuild
t he studentsbo knowl edge struct uwledgei s t he
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
approri ate tutoring for studentsd cognitiVve
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 ign essential component in an ITS, whidpresents
st ud &nmowle€dlge stateand updates it. To enable an ITS to provide concept
definition that students can understaetevant to their problem solving, the student
model needs to diagnose tihepresentatin of thest udent sé knaqgwl edge
which consists of granular knowledge itenmsreal time. To enable an ITS to provide
appropriate tutoringpf st udent sé cognitive strategies,

di agnose studentsoOltmamgni tive strategies ir

1.2 Research questions

Todevelopa st udent mo d e | t hat can diagnose
and cognitive strategies in real timeiststudy will examinend answethe following

researclyuestions:



1. Canthis student model provide informatia@bout student knowledge stafier
pedagogicatiecisions?

2. How shouldtisst udent model represent a stude
and the student®s knowledge structure

3. How will the student model track studdatowledge stat@ver time?Under
this resarch 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 modsynthesize informain from two different sources,
openended problem solving (objeotiented class diagram design) asidse
endedexercises (multiple choice quizzes or deagldrop exercises)?

5. Whatcognitive strategieshould the student model consider and Istvuld it

considerthem?

1.3 Contributions

This research makes six contributions to student modeling. The first
contributionisan o v e | way to represent the students
concepts and relationshgmongconcepts are knowledge units that stud need to
learn. Previous research considere-based behaviorar individual concepts as part
of the studentsoé | ear niofteg arggmuses].abotiee ver t he
relationshipamongindividual concepts such gserequisitetransition similarity, and

6



distinction. This contribution enables the student model tothedl pedagogical agent
theconcepts a student needs to lemmdhelps to answer the research question 1.

Previous research introducadvariety of student modeling architexes, each
of which is confina 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 threlyered architectur¢hat can be standardizeidr modeling vaious
|l ayers of s t u This march#etturk wae pvésentkdjlae tenth Annual
Consortium for Computing Sciences in Colleges Northeastern Confgi@G&CNE
2005) (awarded one of the best papers). This contribution helps to answer the research
guestion 2.

Student modeling embracing probabilistic technigqussch as Bayesian
networks requires exponential computational time, sinttee number of parameters
and the updating time for Bayesian networks is of exponesrtil@rand hence cannot
provide cmsistent support for resiime communicative tutoring. This research will
present an Atomic Bayesian network thatovides a refined representation of
prerequisite relationshipdiagnoses t udent 6 s k n pandaehigvggseals t r uct u
time responsivenss The Atomic Bayesian networkas been disseminated a full
paperin the 8" Internationallntelligent Tutoring System€onference(ITS 20G).
This contribution helps to answer the research question 2.

There are few student models that simulate studentk n o wwlittendag e
history. Ths is due to the compléty of the mechanism and volatility in the evolution
of studentsdé knowl edge. Few researchers i

solving the problem, whil e n bicalknowlédget he m m:
7



structure. This research will preseab innovative dynamicBayesian network
Atomic Dynamic Bayesian networthat represents refinedrerequisite relationships

and by considering the learning histodyagnoss in reattime studerdd  k ladgen
structure.The Atomic Dynamic Bayesian network has been disseminated as a poster
in the 13" International Conference on Atrtificial Intelligence in Educati@iED

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

Existing studentmocde | s separate the inferred st
closed and operended exercises. The corresponding ITSs determine the next step of
learning according to the knowledge frartoseendedquestions and tutor problem
solving errors based on the knowledgenir operended tasks. Few of the existing
student models integrate these two kinds of knowledge to represent the synthetic
students6 | earning state. This research
combines theknowledge fromopenrended problensolving (objectoriented class
diagram design and closeended exercises, which is suitable for a learning
environmentwherestudents switclamongvarious types of exerciséequently. This
contribution helps to answer the research question 4.

Thecurrentlyavai | abl e student model s simul at e
including basic domain knowledge or problspecific procedural problem solving
skill s. Few of them tackle the tutoring
research will develop a studemodelthatsimulatss t udent s knowl edge
domain knowledge to positive cognitive strategi€agnitive strategiesinclude
general and domaispecific strategies. One example of a general cognitive strategy is

hacking. The domaispecific stratgies are the strategies for going from problem
8
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description to class diagram. This research will answer how the student model can
detect the general and domaipecific cognitive strategie¥his contribution helps to
answer the research question 5.

Thecortributionsof this researclreas follows:

1. Anovelwaytorepresertt udent s6 knowledge structur
and relationship between concepts are knowledge units that students need to
learn.

2. A novel threelayered architecture which can be stamized in modeling
various stratums of studentsd knowl edge

3. ABN 1 a novel Atomic Bayesian network thgtrovides a refined
representation of prerequisite relationshigseagnose st udent 0 s knowl
structure and guarantees retiine responsiveness

4. ADBN 1 an innovative dynamicBayesian networkhat represents refined
representation of prerequisite relationsrapsldiagnossin reattime studerdd
knowledge structureonsidering the learning history

5. A unique student model thaitegrats knowledgefrom gpenended problem
solving (objectoriented class diagram design) aholseendedexercises.

6. A unique student mo d e | t hat simul at es

array from basic domain knowledge to positive cognitive strategies.

1.4 Organization

The restof this paperis organized as followshapter2 describeshe research
background how the student model $itnto an embedded intelligent tutoring system,

9



DesignFirstITS, thattutors students objected oriented design; chapter 3 introduces the
related heories in cognitive science and artificial intelligenaed reviews concrete
examplesthat gives the state of art of student modelshapter 4 describes the
methodology that is applied in building the student model in this dissertation; chapter
5 preserg six empirical studies and their resyltwhich validate the methodology;

chapter 6 states the conclusion and future work.

1C



2 Research background

Learning objecbriented programminglet alone objeebriented designhis a
challenging task for many begimg students. Research by Ratcliffe (2002) has shown
that lack of comprehension expressed by first year computer science students is a
rising concern in academiklcCrackenet al.(2001) performed a study that suggested
that in UK and USA, approximately0%b6 of students do not understand the basics.

The first few lessons in objectientation 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 theenrtght 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 iostor. These situations happen
for many reasons: 1jt i s di fficult to explain the
perspectivd one must understand what the student knows andribé&sow; 2) it is
hard to trace how many times a student commits similar ermssa observe
repetition ofproblem solving patterns) it is hard to remedy a s
problem solving patterns and encourage sound;ares$ 4 an instructor may not
know who is having difficulties until it is too late, may not be able tbwhly the
student is having these difficulties, and may simply not have enough time to look into
every studentds needs in a | arge cl ass.

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

private tutors can learn given material founds faster than students who attend

11



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 classroomuexs. 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 computssed instructional system that has
knowledge bases for instructional content and teaghi st r at egi e,s (Daj
2003) . It attempts to use a studentodos | ev
instruction (Macisy & Castells 2001). Anderson and Skwarecki (1986) reported that
an ITS is a cosgffective means of oren-one tutoring thaprovides 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 arg I0$s 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 lintibetutoring 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 -objected
design (Sykes & Franek 200Mlitrovic, Mayo, Suraweera& Martin 2001, Kumar,
2002;Reiser et aJ1985).

An ongoing project in Lehigh University, DesignFH3S, is an intelligent
tutoring system that provides eoe-one tutoring to help beginners with various
learning styles in a CS1 course. Based on a ddsgjrcuriculum which subsumes an

objectsfirst approach in lessons that also introduce ohpeented analysis and
12



design, using elements of UML before implementing any cbtiei(z, Wei, Parvez,
& Blank, 2005), DesignFirsITS helps students learn objemterted design and
eventually programming. DesignFHiStS is built on a prior projecthe result of the
NSF CRCDsponsored CIMEL (Constructive and collaborative Ingbiaged
Multimedia ELearning) projectwhichdeveloped multimedia courseware to introduce
the breadth of computer science, including introductory concepts in Java and object
oriented programming, complementing a textbodkie Universal Computer:
Introducing ComputerSciencewith Multimedia(Blank, Barnes et al.,2005). CIMEL
multimedia uses nmy techniques including audio, video, text, animation, JUST THE
FACTS summaries, and interactive, constructara inquirybased learning exercises
to reach students with a wide variety of learning styles (alvesled demustration
and documentatioareavailable at www.cse.lehigh.edu/~cimel).

Hartley & Sleeman (1973) proposed #RS that has three components,
curriculum, student behavigrand teaching methods. Curriculumthe subject matter
that teachers and students cover in their studies. Studeavitwshare how the
students goes about solving the probl em,
the student currently knows about the problem aig a solution is incorrect.
Teaching methods are how to provide the right answer to the questwrip hell if

the student 6s sandhow to make deasions abgut tutoring tactics t
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DesignFirstITS 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 oamized as a Curriculum Information Network, or CIN, which

links concepts that are intended to teach together to show relatioasmipgthem.

The Expert Evaluatgr the student model and the pedagogical advisor in the

DesignFirstITS refer to the CINhattiest h e

knowledge to the curriculum.

student 6s

earning

The Expert Evaluatointerfaces with the Eclipse IDE through a piag The

Eclipse IDE is an operource development platform for Javde Expert Evaluator
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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 wth the recommended solution, is passed to the student model.

The studentmode]| which is the focus of this researchaintains a model of
the studentds current knowledge state bas:¢
Expert EvaluatarFrom CIMEL, thestudent model gets input on individual student
performance based on exercise and quiz data from the -objexcted contents. From
the Expert Evaluatqrit receives information on both errors made by the student (as
described above), and problems whichghelent completes successfully. The student
model then performs a diagnosis based on
determine the reasons for the stumdrent ds ¢
knowledge.

The pedagogicahdvisor providedeedback 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 relevamgncepts.

The DesignFirstTS 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 -asjeoted design from
CIMEL multi medi a. Cl MEL records the stud
exercises in a dabase. The student model utlessed at a t o i nfer the s
of knowledge. Another flow of control begins with the Eclipse IDE. Hxpert
Evaluatorobserves the student as/s$te entersa design solution, assesses what are

right answers and error i n t he s t,amtemudéssthe gesdltuuto the n
15



student mode&nd thepedagogical advisor. After receiving the input from Exgert
Evaluatorthe student model performs a diagnosis based on the input and the history of
studends records and rpvides the diagnosis to the pedagogical advisor. The
pedagogical advisor gives proper instructions to the student based on the results from

the student modeind the Expert Evaluator
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3 Related research

An ITS needs to understand what students know tw@igosufficient help.
This understanding can help to generate feediblaakthe studentsinderstand. To
equip an I TS that wunderstands studentsodo Kk
knowledge, which includethe processes of representing and updatResearchers of
the student model represent and update not only the contents, but also the
understanding | evel of the studentsd know
student 6s knowl edge can b,&4994).iExsting atdenti nt o v
model s adopt di fferent approaches to mode
This chapter investigates the approaches, and has three major sections: the first section
describes the basic approaches to build a student model; the second seotioces
studentés knowledge representation; and t

model examples.

3.1 Student model

A studentmodelmai nt ai ns a model of a gshatudent 0 ¢
allows more intelligent pedagogical decisions and astto happen. These decisions
and actions include curriculum sequencing, interactive problem solving support,
intelligent analysis of student solutions, and understandable pedagogical tutoring
customized to each i ndi Biusllavsky, Scewara,& e nt 6 s
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 levehefor
knowledge unit in each pair. The student model first infers the student profiles from
the studends learning performance, and then infers the stdsldearning needs from

the profiles and performance. Hence, the student model provides fundamental
information to understand the stud®riearning state, i.e., why they make errors and
what tutoring help they really need.

Studentmodelshave been studied since the beginning of ITS research. Many
researchers argue that the main purpose of a student maddebuide pedagocal
decisionmaking (Gurer, 1993Zhou, 2000). Ohlsson (1986) called the student
modeling problem ficognitive diagnosis. o
types: performance measures, overlays, bug library, and simulationst Qfasson
(1992) proposed a new approach of overlay modeling which is called constraint based
modeling.

Performancemeasures (Ohlsspri986) access the studenk®miowledge state
using simple computation. It gives a student an ovassdkessment using sangle
value such as grade#t does notepresentletailsi n t he studentds knowl
which concepts he/she knows or does not know. Hence, there is no information
available to present responsive feedbiacthe student for each error he/shedma

Overlay models (Ohlsson 1986) simulate the student from a set of
propositionsin a knowledge domainPropositions related tor@rs can be accounted
for when thesepropositions havdine enough granularityin an overlay modelthe
student knowledgesimodeled 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
18



