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ABSTRACT

STUDENT-USER MODELING IN

CONNECTIVIST LEARNING ENVIRONMENTS
By

Stephen Lowe

This study addresses the problems of student-user modeling in connectivist (Web 2.0) learn-
ing environments. While faculties try to retain tight control over walled garden environments,
instructors and their students increasingly create their own communities out on the wider In-
ternet. Virtual environments like Facebook, Utube, Second Life, wikis and personal web logs
are quickly becoming the learning environments of choice. This trend is overtaking much of
the established thinking and infrastructure which has considerable momentum and is slow to

alter course.

As learners become ever more mobile how will they be credited for their distributed achieve-
ments? Connectivist learning theory led by George Siemens and Stephen Downes moots
that the pipeline is more important than what is in the pipe, that a student’s ability to survive
and thrive in this new environment is what is important. Existing work in the field of student
modeling tends to focus on Intelligent Tutoring Systems and the modeling of knowledge. This
study, following connectivist thinking, has focused on modeling student attributes of motiva-

tion, competency and efficiency.

Could a set of student-user attributes be effectively and reliably captured and modeled to
create an accurate profile that could later be used in career guidance or selection for oppor-
tunities in higher education? This study drew on secondary sources to assemble a set of stu-
dent-user attributes, and then built prototype components and collected COTS software to

explore the capture, classification, clustering, profile matching, and display of such a system.

The approach taken was empirical, combining computer science and ethnographic thinking to
work towards a solution to the problem. In a practical study domain experts and student-user

s participated in the capture of attribute values from which profiles were subsequently built.



Weka Workbench was selected to perform operations normally associated with commercial

data mining to classify and cluster the data.

The results evidenced sufficient patterns in the data to convince the author that the system
could be brought to a state where it was accurate, reliable and robust and could be put into
production. Feedback from the contributing domain experts was positive, and there was con-

fidence that the model was usable.

It is intended now to use this preliminary study as a basis on which to go forward, and to inte-
grate the model into a nine-level interactive game the purpose of which is to extensively test
the student player’s response to challenges designed to capture values against the attributes

of the model.
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Chapter 1. INTRODUCTION

1.1 Scope

This dissertation, and the project it describes, covers the discovery of a set of attributes
which can be used to record a student-user's motivation, competency, and effectiveness
in a connectionist learning environment. Designs for four such environments are de-
scribed, as is the rationale behind the selection of one of these designs for further devel-
opment. A prototype, sufficiently developed for testing purposes, has been built and im-
plemented. Data mining techniques are explored and deployed to analyse the test and
real data gathered using the student model, and the results are analysed and the meth-
ods and methodology evaluated. Finally, recommendations are made for direction in fur-
ther research effort in this area. This project has produced prototype software, but it has

not attempted to create industrial strength production software.

1.2 Problem Statement

Current research into student modeling, as reported in the International Journal of Artifi-
cial Intelligence in Education since 1992, has tended to focus on the state of student
knowledge in intelligent tutoring systems (ITS). The student is seen as a state machine,
transitioning to each next state as knowledge is transferred from the system to the stu-
dent. Belief systems (Reye, 2004) are constructed to measure the probability that a stu-
dent is evidencing knowledge of topics of instruction. When the belief system ‘believes’
and fires, the student can be transitioned to the next state. Progress through the material
is essentially sequential, though in some cases there may be random access within mod-
ules, and then sequential progress through the modules. Considerable experience has
been gained in this area of activity, though, as Mitrovic (2003) observes, only a few sys-
tems have been deployed with large numbers of students because of the complexity and
the cost of development. Such systems could be described as self-contained, adaptive,

controlled, self-paced learning environments. Where a student wants, or an employer re-



quires that certain specific knowledge and/or skills are acquired this kind of system works
well. An example is the SQL-Tutor developed by the Intelligent Tutoring Group at Univer-
sity of Canterbury. To reach a wider audience this system was published on the web as

SQLT-Web in 1999, and has enjoyed wide use (Mitrovic, 2003).

During much the same period there was a new movement in networks of personal pub-
lishers, and collective knowledge. The trend was away from introspective standalone per-
sonal computing and towards extrovert networked computing. An article on Information-
Week.com (2008) documenting the brief history of Web 2.0 identifies Google, Blogger,
Wikipedia, myspace, Flickr, Gmail, and digg as key developments in this new era of social
networking and collective wisdom. The always-on broadband connection may have
played a big part too, because dial-up only established a temporary connection to this
other online world. Educators were quick to adopt blogging and wiki-writing as tools of
their trade. Used to having pedagogical theories to underpin their methods, it is not sur-
prising that a learning theory to support Web 2.0 soon emerged. Connectivist Learning
Theory, first stated by George Siemens, holds as its first premise: "The pipe is more im-
portant than the content within the pipe. Our ability to learn what we need for tomorrow is

more important than what we know today” (Siemens, 2004).

CCKO08, heralded as the first massively online open course (MOOC) (Downes, 2008), has
brought together some 6000 participants to work through topics stemming from ideas of
Connectivist Learning. Among the most coherent explanations of how Connectivist Learn-

ing Theory has come about, and what it is are the following:

“communities have changed from densely-knit “Little Boxes” (densely-knit, linking people
door-to-door) to “Glocalized” [sic] networks (sparsely-knit but with clusters, linking house-
holds both locally and globally) to “Networked Individualism” (sparsely-knit, linking indi-

viduals with little regard to space)” (Wellman, 2002).

Open learning has three parts: open content; open access; and open accreditation. The
first two parts are straightforward, but the open accreditation may not even be feasible

(Norman, 2008). In the future, asks Norman, do people even need a degree?



"At its heart, connectivism is the thesis that knowledge is distributed across a network of
connections, and therefore that learning consists of the ability to construct and traverse

those networks." (Downes, 2007b)

The biggest problem that presents is assessment. How, in the future, will we measure

student achievement, and against whose benchmark?

A state machine transitioning in response to the firing of a belief net seems to work well in
the walled garden learning environment of an ITS. But what will work in the distributed
and chaotic Web 2.0 environment? How could we take the state machine approach when
all knowledge is considered, rather than discrete topics? If, as Siemens moots (2004),
“The pipe is more important than the content within the pipe” then it is the motivation,
general competency, and efficiency of the learner that we should be assessing, and not

the learning held within.

The problem | have selected for this study is to discover, design and implement ways to
record student motivation, competency, and effectiveness (dynamic values, as opposed
to static knowledge) in the disparate, distributed, connectivist learning environments of

the immediate future.

1.3 Approach

This study sits under a wider, long-term initiative Virtual Incubator, the purpose of which is
to track students from fourth form through gap year and tertiary into industry, discovering,
identifying and reinforcing pathways. Coded themes were noted when working with stu-
dents in conventional learning environments, and these were translated into student-user
attributes in a collective intelligence recommender. Some software components were
crafted especially, other COTS components were adapted to meet the requirements of
the study. The data analysis took an exploratory, empirical approach informed by estab-

lished thinking in the field and contemporary data mining techniques.



1.4 Outcome

Among the outcomes were:

A suite of prototype software components, tools that can be used to further study the re-
search question, “Can a set of attributes be discovered and reliably modeled to measure
a student-user 's motivation, competency and effectiveness in a connectionist environ-
ment, which could then be used to recommend suitable employment pathways, and to

predict future performance in the workplace?”

The software components comprise: the domain expert Console for capturing domain
expert knowledge; a feedback page, where domain experts can make comments; the
ARFF Generator for creating files from captured data in a format that can be used by the
Weka data mining software; the Weka (COTS) data mining software; the Profile Matcher
for comparing domain expert derived ideal profiles with student-user profiles; and the

Profile Explorer for plotting student-user avatars in profile space.

The task environment is an implementation of the WordPress web log script, with login,
audit and ratings plug-ins to enhance the basic functionality. The content is 85 short ar-

ticles in 17 categories which the student-user s select and rate.

Another outcome is the high value feedback of the domain experts collected as they en-
gaged with the concept and with the paper and software interfaces of the student-user

modeling system.

Datasets gathered from domain expert knowledge and student-user participation.



Chapter 2. BACKGROUND AND REVIEW OF LITERATURE

2.1 Related Work

The main body of related work is to be found at the International Artificial Intelligence in
Education Society. The Society publishes a journal, and current and back volumes are
available online at http://aied.inf.ed.ac.uk/. The earliest reference here to Bayesian stu-
dent modeling is in a paper by VanLehn and Martin (1997), “[the model] can report the
probability of mastery.” Another paper that may be seen as seminal was published by
Mitrovic and Ohlsson (1999), “We propose a novel approach to intelligent tutoring in
which feedback messages are associated with constraints on correct problem solution.
The knowledge state of the student is represented by the constraints that he or she does
and does not violate during problem solving.” This work continues today in the Intelligent
Computer Tutoring Group (ICTG) at University of Canterbury, and a recent paper by Ma-
thews and Mitrovic (2008) makes reference to results of “data mining student models”.
The main difference between the work of Mathews and Mitrovic and this study is that
ICTG are modeling student subject knowledge, and this study is modeling student motiva-

tion, competency, and efficiency. The methods, however, have similarities.

2.2 Literature

2.2.1 Historical background

In 1962 Buckminster Fuller's prediction of "universe-ranging student probers" (1962, p85)
was typical of his (then) outrageous predictions for the future of life on "spaceship earth”
(1963). It may have brought a wry smile to the faces of the planning committee of the Ed-

wardsville campus, to whom Fuller was making his speech, but today we have just that —



students who browse worldwide resources from their laptops. Fuller's famous address
was selected as the starting place for the study because it frames the problem statement.
Students today are indeed "universe-ranging”, and conventional classroom teaching is
giving way to a problem-based and lifelong-learning approach (Hipkins, 2006). The em-
phasis is less on knowledge, and more on performance, and the learning and communi-
cations skills necessary to stay abreast of a rapidly changing environment (Sheahan,

2005, p10).

Through the 1970s and into the 1980s computers and education were at least partially
linked with chemical experimentation, as much as with digital. Perhaps borne out of an
era seeded by Timothy Leary (Deoxy, 2008), the novels of William Gibson either helped
shape or documented the link between new patterns of data and the images of hallucino-
genic tripping (Gibson, 1984, p5, p7, p57, p288). Computers started to enter and contri-
bute to the culture. By 1980 Rudy Rucker had already introduced ideas of second life in
his novel White Light. Rucker’s “Flipside” (p97) led directly to where, in one of the candi-
date task environments, the usual order of node values and edge costs (Buckland, p195)
was to be reversed, effectively turning the graph inside out. While Rucker confined him-
self to surreal metaphors drawn from mathematics, in 1992 Neal Stephenson placed cy-
berpunk into a broader framework. In his novel Snow Crash Stephenson encompassed
topics ranging from anthropology (p64, p255) to computer science (p151) to philosophy
and religion (p108, p234). It could be said that where Rucker is focused and deep, Ste-
phenson is broad and shallow. Fascinating though the changing folkways of this era are,
they have no direct bearing on, and are outside the scope of the present study. They are
sketched here only to create a more complete timeline from Buckminster Fuller's keys-

tone address to present day research into virtual learning environments.

2.2.2 Education reform

In 1995 Seymour Papert wrote a review of Tyack and Cuban's Tinkering Towards Utopia:
A Century of Public School Reform. In formulating his arguments he references several

important works of his own, and that makes the article something of a hub for the thinking



of the time. Papert's view is that it was the computer in the home, and students' facility
with the new technology that was driving change in the classroom (Papert, 1995). This is
a key insight that led to the choice of task environment. The future of learning is envi-
saged by many (Siemens (2004), Downes (2007a), Kerr (2007)) to be not classroom
based, but a distributed activity, student-driven, and networked. Learning institutions hang
on grimly to learning management systems (instruments of power and control, virtual
classrooms), while students, their instructors and expert contacts carry on conversations
in other spaces. School, polytechnic and university Information Services managers are
finding it harder and harder to control what they may see as subversion of the institution's
network. Educational reform, as Papert noted more than ten years ago, is not being dri-

ven from above, but from below (1995).

Papert also provides a link from education into artificial intelligence. Papert is remem-
bered as a radical, friendly and effective educator, but primarily he was a mathematician.
He worked with Minsky on perceptrons, Minsky and Papert's book Perceptrons (1969) is
often cited as a crossroads in artificial intelligence development. A Minsky & Papert
(1971) report reveals fascinating insights into their research in the areas of reasoning by

analogy, sensation, perception and cognition.

2.2.3 Methodology

A 1999 article by methodologist Alistair Cockburn prompted the research question of this
study. The abstract opens with this sentence: "We methodologists and process designers
have been designing complex systems without characterizing the active components of
our systems, known to be highly non-linear and variable (people)" (Cockburn, 1999).
More reading showed Cockburn's statement to be, by his own admission, contestable.
Cockburn himself cites the work of Gerald Weinberg and Tom DeMarco. Almost certainly
unknown to Cockburn, papers on student modeling had been emanating from the Interna-
tional Artificial Intelligence in Education Society since 1992 (Katz, Lesgold, et al., 1992).
In England Roy Trubshawe, Richard Bartle and Nigel Roberts were building MUD and a

whole billion dollar gaming industry based on knowledge of the player (user modeling)



(Bartle, 2004, p5). Nonetheless, Cockburn's sentiment holds true: most consultants in the
valley at that time were not doing much user modeling. User modeling became much
more fashionable with the arrival of Web 2.0 as evidenced by the Socium Workshop of

UM 2007, the 11™ International Conference on User Modeling.

In 1998 Watts and Strogatz were published in Nature with what Buchanan describes as
"curious circular diagrams" (2002, p23). These diagrams were however to cause some-
thing of a stir, because they offered a mathematical explanation of the fairly well known
phenomenon called 'six degrees of separation'. The authors of the short non-technical
paper concluded with a modestly-stated, but far-reaching claim, "Although small-world
architecture has not received much attention, we suggest that it will probably turn out to
be widespread in biological, social and man-made systems, often with important dynami-

cal consequences"” (Watts & Strogatz, 1998).

Considering the extraordinary growth of the Internet and social networking, Buckminster
Fuller's "universe-ranging student probers" (1962, p85) are now just six clicks away from
any idea, or concept, or proof they seek. Modern network theory and practice creates and

explains the new learning environment.

Small-world theory has informed the earlier design by this author for a virtual learning en-
vironment that is like multi-level Snakes & Ladders. In Snakes & Ladders the player is a
victim to chance, but in the learning environment it is a poor response to a challenge that
will invoke a “snake”, or a good response that will invoke a “ladder”. These shortcuts are
like the “weak ties” of small-world theory (Watts & Strogatz, 1998) (Granovetter cited in
Buchanan, p51), and they can accelerate learning for capable student-players. That envi-
ronment, played out on a 9-level Mayan pyramid gameboard (see Figure 28 in Appendix
A.4), is unnecessarily complicated for this study. Instead an environment based on the
Central London bus map was considered. The No.14 Route crosses Central London di-
agonally, possibly creating a sufficiently similar effect. One strategy for gaining the objec-
tive of the Angel at Islington by the appointed time is for the player to attempt to connect

with a No.14 bus.



Watts and Strogatz (1998) described their experiment in which they “tuned” the graph
between regularity and disorder to “probe the intermediate region”, shown as the middle

graph in Figure 1. What emerges is a small-world network.

Regular Small-world

Increasing randomness

Figure 1 Small World Network (Watts & Strogatz, 1998)

On the Central London bus map it was planned to “tune” the TBB (time between buses)
on the No.14 Route (shown in black in Figure 2 below) to see if a similar effect could be
produced. If it could, then gaining a connection on a No.14 bus would be programmed

into the game play to be a potentially winning strategy.

el > Fdik = Memdmpren Cresosnt
Stk
[T o
Hun Euitan
——
B O e ety -#f =
i i Tt l
14|
Balker Srreat = and N G reat Portand W Wsrran &
Glaucaited Place Straat e and E'.r!-;
L= Pollod'y S
Boed Torp Mussu ,,_"} | |
Street Oheherd ik £

\ Circans Goadge

= ared Gow
oy \ Crafoad Sereet
— Wardour Bieet
=

Tottenkam Court
= Road I

Regent Strest Cambiidpe

1:-;’

Shafresbury
Averiue

Barke oy Squae [

H_/ e ?ﬁ k : et o] [ Saree

Green Park A abeiey o re Cadiamn Loredon

iz AN, e ] meene

Flzeadlly o .

ﬁ Hrde Park Sh NS —
'ill;é W

Jarraa's
Groan T Palace - II TlaE.fI[IJ
Park L LIS o
ach | Classpat
Saarth . i Emzankn
llx-.:: Aiften Buckinghars, St James’s [ .

1 Lebegiter

Figure 2 Central London bus routes



In 2000 there was a meteoric rise in the number of websites (an estimated 10 million in
2000 were predicted to be 100 million by 2002) (Nielsen, 2000a, p10) and the dotcoms
were discovering that usability could have a dramatic effect on the bottom line (Nielsen,
2000a, p9). Soon usability was extended to include ethnographic methods, and the whole
culture of a user group became of interest to the web developers. In short, web develop-
ers were discovering what Richard Bartle and his followers in the computer games busi-
ness already knew... the more you know about your users the longer your venture lives.
Two titles were acquired to learn ethnographic methods: Kathleen and Billie Dewalt's Par-
ticipant Observation provided a very practical and anecdotal guide to field studies, and
Bernard's Research Methods (discussed in more detail later) filled in the social science
theory. Taking the social science methodology direct from source, rather than filtered

through usability engineering manuals, was thought to be better research.

The International Artificial Intelligence in Education Society was launched in 1997, but
volumes of the journal go back to 1989. The early papers focused mainly on expert sys-
tems and in the titles alone can be traced the emergence of intelligent tutoring systems. In
2004 Jim Reye published a key paper (Reye, 2004) in which he explained the need, the
design and the implementation of belief networks in student modeling. In describing the
need he notes the complex interdependencies between pieces of knowledge which can-
not be seen as discrete. This same question arises in this study with respect to behaviour:
How much interdependency exists between motivation, competency, and effectiveness?
In his design Reye introduces probability as an expression of belief (an idea that is very
approachable); and in the implementation he uses conditional probabilities to create
"much longer chains and networks of prerequisite dependencies” (Reye, 2004). The scor-
ing range was changed after reading Reye’s paper, in order to align the attribute values
with the 0 to 1 real numbers convention of probability. Early participant observations have
been translated to the revised system. For example a student who continually sought op-
portunities to break up friendships would have had a minus score, but now has a score of
0. Reye also introduces the concept of a backbone which runs through the topic clusters.

This idea is ingenious, but it is beyond the scope of this study.
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The same year Juan-Diego Zapata-Rivera and Jim Greer, also members of the Interna-
tional Artificial Intelligence in Education Society (Jim Greer had edited a Special Issue on
Student Modelling way back in 1992) published a paper which introduced the idea of
open and inspectable Bayesian student models (Zapata-Rivera & Greer, 2004). These
ideas are now common — that the model will be made available to the learner via some
kind of GUI — but it was the evaluation of their software that proved the most useful sec-
tion of this paper. There seemed to be some problem with the scope of their experiment,
which was conducted like a usability testing session. The main criticism is that too many
variables were introduced (six can be identified immediately) to too many people (110
students plus 6 teachers) in too short a time (one and a half hours). If it was being run like
a usability test there was no need to have so many testers (Nielsen, 2000b), if it was be-
ing run as an experiment there were too few controls (Bernard, 2006, p111). To their cre-
dit, the authors are perfectly candid on these points, using words like "fast" and "crude",
and describing their results as the "preliminary observations" of an "exploratory study".
This paper was useful as a piece of anecdotal evidence of the difficulties of conducting a
meaningful experiment in an educational setting. The experiment attached to this study is
likely to involve just five domain experts, five student-players (Nielsen, 2000b), one tutor,

and one participant-observer.

Russell Bernard's Research Methods in Anthropology (2006) describes scientific experi-
ment design in clear terms. That Bernard is discussing the social sciences is irrelevant
here, because Bernard's is a very scientific approach, and what he teaches in this com-
prehensive, accessible book applies equally well to information or computer science ex-
periments. It is to the design of the experiment that Bernard makes his specific contribu-
tion, and this text provides guidance on matters such as treatment group, control group,
experimental conditions, random assignment, systematic bias, pre-test, post-test, con-

founds, and internal and external validity (Bernard, p113).
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2.2.4 Synthesis

In 2004 George Siemens mooted a connectivist theory of learning which has started
something of a new movement in e-learning (over 1000 people as at July have signed up
on his course "Connectivism and Connective Knowledge" starting in September 2008). In
describing connectivism Siemens uses the word nebulous: "Learning is a process that
occurs within nebulous environments of shifting core elements — not entirely under the
control of the individual." It was this characteristic which drew the most criticism among
the participants of CCKO08 (covered in more detail later in this document). There is this
idea that the existence of the connection is more important than the traffic running on it,
that the existence of the pathway is more important than who treads it, or where it leads.
His ideas are heralded as new, but in truth Donald Hebb mooted similar ideas a half cen-
tury ago: “He [Hebb] believed that students should be evaluated on their ability to think
and create rather than their ability to memorize and reprocess older ideas” (Brown &
Milner, 2003). This study at first proposal was titled, "Student-user Modeling in Virtual
Learning Environments", but, influenced by the growing following for connectivism, it was
adjusted to "student-user Modeling in Connectivist Learning Environments". The synthe-
sis of ideas introduced by George Siemens and Donald Hebb led to a graph or network
design for a new kind of learning management system, one that might satisfy the needs of
faculty (a course descriptor, enrolment, assessment) and the needs of generation Y stu-
dents (control, edutainment, choices). The design in its simplest form involves several
student-players in a strategy game, but it is the way they play the game, and the way they
meet the challenges that is measured, not the topic outcomes. This system does not
preclude measuring the knowledge, it can coexist with other metrics, but it is not the focus

of this study.

Writing not about human learning, but about intelligent agents, Witten and Frank gave a
useful definition: "Things learn when they change their behaviour in a way that makes
them perform better in the future" and, "This ties learning to performance rather than

knowledge" (2005, p8). This again reinforces the idea considered central to the present
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study, that it is not so much the knowledge we should be measuring in attempting to rank

our employment candidates, but behaviour.

In search of attributes that might accurately represent a student-user's motivation the text
that came to the fore was Richard Bartle's Designing Virtual Worlds (Bartle, 2004). A vir-
tual game world is not so different from a virtual learning environment. Bartle takes an
almost ethnographic approach, where other authors tend to focus on architecture, code,
Game Al, and graphics. This text answers a lot of questions about why a player might be
playing (or a student studying). Further, Bartle's findings are empirical, he generalises
and theorises after the event of his extensive experience with literally tens of thousands of
observations (2004, p146). His "Players-oriented Player Interest Graph" (Bartle, 2004,
pl67) has played a major part in the development of the student-user model and is re-

produced in Figure 3 below.

ACTING
Killers Achievers
PLAYERS WORLD
Socializers Explorers
INTERACTING

Figure 3 Player Interest Graph (Bartle, 2004)

Bartle’s findings have been mapped almost directly to the motivation attributes of the stu-

dent-user model as shown in Table 1 below:
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Table 1 Student-user model (motivation)

The S-U model (Motivation)

Socializers Friendship
Explorer-Socializers Immersion
Explorers Inquiry
Achievers Achievement

Killer-Achievers

Leadership

Stephen Covey's Seven Habits of Highly Effective People (Covey, 2004) enjoys wide rec-

ognition as a set of valuable rules for corporate survival. The seven habits adapt easily to

the context of an online learner. They mapped almost directly to the effectiveness

attributes of the student-user model as shown in Table 2 below:

Table 2 Student-user model (effectiveness)

The S-U model (Effectiveness)

Be Proactive Initiative
Begin with the End in Mind Direction
Put First Things First Planning
Think Win/Win Negotiation
Seek First to Understand... Empathy
Synergize Networks
Sharpen the Saw Balance

In sharp contrast to Bartle and to Covey's reduced sets of attributes Dominick Heckmann

sets out to model everything. The General User Modeling Ontology is exhaustive, supply-
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ing attributes for everything from "CognitiveLoad" to "pupils dilation" (Heckmann, 2005).
Heckmann's work is comprehensive (it was the research output of his doctoral thesis) and
deals to important issues like ubiquity and distribution, and has "vastly been tested"
(2005, p198), but, as Rucker says, “In a sense, the Total Library contains no information
at all” (2005, p136). It was considered that this study might align with the General User
Modeling Ontology (GUMO), using some subset of it, but discussions early on with ca-
reers advisors in local schools indicated a need for a simple model that could be grasped
in a moment. The information is in the filters. Heckmann's work needs to be seen as the
important contribution that it is to user modeling in distributed and disparate systems, but

its range and scale are not appropriate to this application.

In New Zealand anyway there is now this big move away from prescriptive curricula and
towards key competencies. In 2006 Rosemary Hipkins of the New Zealand Council for
Educational Research, Te Rinanga O Aotearoa M6 Te Rangahau | Te Matauranga,
wrote a background paper entitled The Nature of the Key Competencies. This led to the
third of the three parts of the student model which now comprises: motivations, compe-

tencies, and effectiveness as shown in Table 3 below.

Table 3 Student-user model (competency)

Key Competencies The S-U model (Competency)

Managing self Acting

Relating to others Interacting
Participating and contributing Contributing
Using language, symbols and texts Communicating
Thinking Thinking
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Scientific principles and methods are the subject of a beautiful book by Paul Cohen. Em-
pirical Methods for Artificial Intelligence is an elegantly constructed text that invites the
reader to: "look at data and encourage it to tell its story"; "design experiments to clarify
and corroborate the story"; and to "submit... to the blunt interrogation of hypothesis test-
ing" (Cohen, 1995). Students who come to computer science from an engineering back-
ground, may demonstrate too much pragmatism, and too little critical analysis. The engi-
neer's reflection consists of: could we have done it lighter, quicker, better? The scientist's
approach is one of gaining understanding and achieving generalisation (Cohen, p5). The
real value in Cohen’s text for this study is in this area. Specifically, it will inform the analy-
sis of interdependencies between motivation, competency, and efficiency in the student-

user. Cohen covers this in a section “General Patterns in Three-Way Contingency Tables”

(p279).

2.2.5 Design

In a 2005 podcast in the Oracle series, Oleg Liber, Director of E-learning at University of

Wolverhampton used the phrase, "Moving the locus of control" (Liber, 2005).

This addressed the problem of tutor blogs and wikis being unpopular with faculty, be-
cause they took away all control. If change was to be driven from below it would have to
come in small increments over time. This idea of “moving the locus of control” suggested
a controlled change, opportunities to experiment, and to retract gracefully from failed ex-
periments. This became a major design consideration: to design and build something
small, lightweight, adjustable, and immediately un-pluggable at no great cost if the project
ran into trouble. A walled garden connectivist environment was one possible solution: a
social network, but not the Internet; a learning management system, but not a clunky be-
hemoth like Moodle or Blackboard; a private sandpit where these ideas could be tested

without either faculty or students getting hurt.
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2.2.6 Towards distributed learning

Stephen Downes was on a New Zealand tour when he attended E-Fest 2006 in Welling-
ton, where he was a key speaker. Downes is quite openly anti-establishment in his re-
marks. He takes a radical approach in order to provoke thought and discussion. For the
purposes of this survey one statement attributed to Downes is selected: "We need to live
and teach and learn where the students live and teach and learn" (Downes, 2005). Shea-
han endorses Downes when he writes. “They [Generation Y] have no experience of a
workplace without networked computers and the internet” (2005, p10). Indicators can be

seen in the way universities are buying land in Second Life (Shepherd, 2007).

It is now widely recognised that technology is changing education, much as the private
motor car changed society. Marc Prensky in an article called Changing Paradigms wrote
of "the changing educational paradigm that the technology has enabled". Toby Segaran
(2007) has now published a book called Programming Collective Intelligence which re-
veals the secrets of recommender systems, opening the magic circle to any programmer
prepared to do the worked examples. Bull and Kay (2007) in a paper published in the In-
ternational Journal of Artificial Intelligence in Education speak of "Giving the learner con-
trol over who may access their model". Will we see students in the future being rated on
job-seek sites by their instructors, peers, and prospective employers with input from intel-

ligent agents that have observed them over an extended period of time?

2.3 Commercial and Academic Sources

2.3.1 Background

There is a growing body of user modeling knowledge with a wide range of application.
Much of this was not particularly applicable to educational applications, until this move
towards Web 2.0 learning environments started to really take hold about five years ago.
Learning Management Systems like Moodle simulated departments, schools and class-

rooms, and ratings, preferences, and recommendations were not features of such appli-
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cations. It is noted that in Moodle forums, subject to administrator settings, students can
now mark (rate) each other’s postings, and that this can contribute to a student’s assess-
ment mark. Since the move to Web 2.0, knowledge and experience gained on commer-
cial developments increasingly transfers directly to the education sector. Business devel-
opment units play such an important role in Universities these days that the boundaries
between academic and commercial development is less clearly defined. An example of
this is in the data mining work of lan Witten and Eibe Frank, and others, at University of
Waikato in the heart of New Zealand’'s farming countryside. The strong practical focus
lent to their academic work by immediate opportunities for application in the dairy indus-
try, and the fact that dairy industry problems often drive the academic work (2005, p3,
p37, pl61l), have created huge crossover. Listed here are some of the main academic

and commercial resources used during this study:

2.3.2 The International Artificial Intelligence in Education Society

“The goal of the International Artificial Intelligence in Education (AIED) Society is to ad-
vance knowledge and promote research and development in the field of Artificial Intelli-
gence in Education. AIED is an interdisciplinary community at the frontiers of the fields of
computer science, education and psychology. It promotes rigorous research and devel-
opment of interactive and adaptive learning environments for learners of all ages, across
all domains. The society brings together a community of members in the field through the

organization of Conferences, a Journal, and other activities of interest.” --AIED

http://aied.inf.ed.ac.uk/aiedsoc.html

2.3.3 The Intelligent Computer Tutoring Group, University of Canterbury

“Intelligent Computer Tutoring Group was established in 1998 for research in the area of
Artificial Intelligence in Education. The focus of the group is on Student Modeling. They
have implemented several constraint-based ITSs, which have been thoroughly evaluated.
They are currently developing ASPIRE and VIPER, authoring systems for developing
constraint-based ITSs. Some of the other current projects in the group concentrate on

supporting meta-cognitive skills and collaborative learning in the tutors.” --ICTG

http://www.cosc.canterbury.ac.nz/tanja.mitrovic/ictg.html
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2.3.4 Weka Machine Learning Project

“The overall goal of [the] project is to build a state-of-the-art facility for developing ma-

chine learning (ML) techniques and to apply them to real-world data mining problems.

[The] team has incorporated several standard ML techniques into a software "workbench
called Weka, for Waikato Environment for Knowledge Analysis. With it, a specialist in a
particular field is able to use ML to derive useful knowledge from databases that are far
too large to be analysed by hand. Weka's users are ML researchers and industrial scien-

tists, but it is also widely used for teaching.” --Weka

http://www.cs.waikato.ac.nz/~ml/index.html

2.3.5 The International Conference on User Modeling

The preface to the proceedings of the 11th International Conference, UM 2007 opens
with: “As the variety and complexity of interactive systems increase, understanding how a
system can dynamically capture relevant user needs and traits, and automatically adapt-
ing its interaction to this information, has become critical for devising effective advanced

services and interfaces.” —Editors Conati, McCoy and Paliouras.

http://www.iit.demokritos.gr/lum2007/

2.4 Summary

Predictions of educational reform made by Buckminster Fuller and Seymour Papert are
now a happening reality. Advances in artificial intelligence as described by Reye, Greer,
Segaran and others are providing practical tools for these new virtual learning environ-
ments. The effectiveness of classroom teaching is on the decline, and while some educa-
tionalists still struggle with the relevance of computers in education, learning has moved
into an entirely new space. As Hipkins shows, curricula are giving way to competencies.
As Siemens and Downes assert, confirmed by Witten and Frank, knowledge is taking a
back seat to communication, connectedness, behaviour and performance. The Interna-
tional Artificial Intelligence in Education Society has lent context and direction to this study

which rides this new wave of connectivism. Reading the material selected for this review,
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the challenge has been to find balance between the hype and the reality: it is good to be
enthusiastic for new ideas, at the same time it matters to provide real tools that work at a

practical level to support the change.

Since the adoption of Web 2.0 technologies in the education sector, cross pollination be-
tween commercial development knowledge and learning design knowledge is becoming
more common. Progress need not be held back by the complexity of classification, rat-
ings, preferences, and recommender systems because much of the code to implement
these systems is Open Source, and much of it is available as plug-in technology to main-
stream blogging and wiki scripts. What may take time is the acceptance by academic
managers that these social networking tools can be valid in educational contexts (Conole,
delaat et al., 2007). Meanwhile architects and developers working in the education sector

find they have an increasing amount to learn from their commercial counterparts.
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Chapter 3. THEORY

3.1 Education

Contemporary education reform could be said to have started with Seymour Papert at
MIT Media Lab, and the subsequent formation of the Future of Learning Group. The main
theory to come out of that work was constructionism, which informs most modern teach-
ing methods today. Building on earlier work by Piaget, Bruner, and Vygotsky, Papert de-
scribed constructionism as a “mnemonic” for “reconstruction”, and learning at its most
effective “when part of an activity the learner experiences as constructing a meaningful

product.” (Papert cited in Wikipedia).

Martin Dougiamas addressed pedagogy in e-learning when he conceived Moodle, the
popular and widely adopted Open Source LMS. Dougiamas comes from a social con-
structionist standpoint, and states these five points: “(1) All of us are potential teachers as
well as learners - in a true collaborative environment we are both. (2) We learn particular-
ly well from the act of creating or expressing something for others to see. (3) We learn a
lot by just observing the activity of our peers. (4) By understanding the contexts of others,
we can teach in a more transformational way (constructivism). (5) A learning environment
needs to be flexible and adaptable, so that it can quickly respond to the needs of the par-

ticipants within it” (Dougiamas, 2008).

Recently George Siemens and Stephen Downes have led a new wave of e-learning
theorists with a connectivist theory mooted by Siemens (2004), and covered in some de-

tail in the previous chapter.

The “Networked Individualism” (Wellman) of connectivist (Web 2.0) environments makes
assessment and evaluation much harder than in the controlled learning environments of
the past. Yet assessment and evaluation seems more important than ever, because a

student roaming freely in Web 2.0 spaces might be having a rich and varied learning ex-
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perience, or they might be oscillating in one small space re-iterating tired ideas and going
nowhere. In the future we will have to rely on click tracking, natural language processing

and collective intelligence to assess and evaluate a student’s learning.

3.2 Collective Intelligence

A collaborative filtering algorithm “works by filtering a large group of people and finding a
smaller set with tastes similar to yours” (Segaran, 2008, p8). Such collaborative filtering is
commonly deployed in recommender systems in commercial, entertainment and social
websites. It is techniques like this that can be adopted in future connectivist learning envi-
ronments to simulate classroom interaction. In conventional teaching environments a
teacher would lead a class discussion, and draw the students toward a conclusion. In the
past a Socratic teacher would lead the group to the conclusion she believed to be correct,
but in more modern constructionist times the teacher might happily accept unexpected
conclusions. In the connectivist environments of the future it may be much harder to know
what conclusion is “right”. The active discussion — wherever it leads — is what will be va-

lued.

To find similarities it is necessary to devise or select a similarity function. The simplest
and most intuitive way is Euclidean distance. To find the difference between two in-
stances in the “preference space” Segaran gives us this formula, “take the difference in
each axis, square them and add them together, then take the square root of the sum”

(2008, p10).

Other popular methods include the Jaccard coefficient, and Manhattan distance. A better
but less intuitive approach is Pearson correlation. The main advantage of this latter ap-
proach is that it performs well where the distribution is skewed. Because of that, it is a
good choice where it is suspected there has been “grade inflation” (Segaran, p13). Sega-
ran is referring to a user who rates all films or restaurants highly, thereby skewing the re-
sults, but this has a clear application in online learning environments where one examiner

might habitually grade higher than the mean.
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One problem of student-user modeling in connectivist learning environments is gathering

the data from disparate sources.

Click tracking is clearly one method, as this records choices made by a student-user and
can be used to categorise their interests. Such a system needs to be portable, and to be
attached to the student-user — a daemon that travels with them. A possible direction for
future research is to find a way to attach educational click tracking to OpenID. OpenID
Users may have more than one OpenlD, so the idea of an OpenID(Ed) seems feasible.
Three additional benefits listed by Smart could be applied to the problems of mobile
learners: (1) “The ability to automatically link your users' accounts on other web sites so
you can share information for mashups and remove the friction of making your users en-
ter the same information in multiple places.” (2) “The ability to be notified when users
change their info on other sites, so you can always have their latest info on your site.” (3)
“The ability to accept signed, trusted claims from other sites and services, such as age
verification, validated e-mail addresses, confirmed group memberships, and more”

(Smart, 2007).

Page scraping is another method of harvesting the necessary data to populate the stu-
dent-user model with attribute values. In the future students who self-publish on their
blogs and wikis may reveal their motivations, competencies and efficiencies through their
outgoing links. Beautiful Soup by Leonard Richardson is a Python library that, “parses
anything you give it” (Richardson, 2008). This is another line of future research: can the
student-user model be reliably populated from material scraped from student-authored

websites?

3.3 Machine Learning

Witten and Frank (2005, p42) identify four types of machine learning: classification learn-
ing, association learning, clustering, and numeric prediction. This study’s main focus was
on classification learning, and touched on clustering where student-user avatars were

plotted in the motivation space (see Figure 19 in Section 6.3.3). Gonick and Smith (2005,
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p35) identify two broad divisions of probability: Objectivist, and Bayesian. Zadeh (1965) is
recognized as the father of fuzzy set theory, as he sought to find a solution to the vague-

ness of real-world problems.

3.3.1 Neural nets and theory of probability

At a low ‘machine level’, machine learning mimics low ‘machine level’ human learning.
Neural networks and human neurons follow — approximately -- Hebb’s postulate that
learning is “based on the modification of synaptic connections between neurons” (Jagota,
1998). Put another way, pathways that are made and used in a neural net or in the hu-
man brain get reinforced, and are then more likely to be used again, and so on. It was
noted in Section 2.2.3 ‘Methodology’ that probability as an expression of belief creates
"much longer chains and networks of prerequisite dependencies” (Reye, 2004). This ad-
dresses a common problem in Intelligent Tutoring Systems, that the student answered
something correctly, but was it luck, or was it that they also know this, that and the other
prerequisite to that knowledge? In connectivist learning environments one might also

have to ask, by what path have they arrived at this point?

Human learning can be plagued by dogma. Strangely, machine learning suffers the same
when a hill-climbing algorithm attains a false summit or local maxima (Luger, p127) Just
as human learning needs radical thinkers to come along from time to time and shake
things up (George Boole, Georg Cantor, Fred Hoyle), so do hill-climbing algorithms need
perturbation in the form of artificially introduced random values or using the technique of

“random-restart hill climbing” (Russel & Norvig, 2003, p114)

In this application, input data is divided into two types: domain expert data; and user in-
stance data. The domain expert data represents domain expert knowledge and intuition
from experienced practitioners in the subject domain (in this case careers guidance). This
is used to train the network to recognize patterns in the data. The user instance data is
then passed through the network which attempts to recognize the patterns it learned dur-
ing training. In this way, with established pathways through the network opening up, or

not, in response to the input data, the instance is classified.
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Segaran (2007, p126) presents the details:

Pr(A|B)=Pr(B|A)xPr(A)/Pr(B)

In the context of this study this could read:

Pr (Career Path | Student-user) = Pr (Student-user | Career Path) x Pr (Career Path) / Pr (Student-user)

The number of possible permutations of domain data used for training is so great (in the
case of this study it would be 10 ~ 17, even if one constrained the input values to steps of
one decimal place) it becomes necessary to limit the training set to something practical,
and to select an algorithm that tends to perform well on instances it hasn’t seen before.
This is where probability is applied in machine learning, and why it is effective in some
domains and not others. As Luger states it: “the correctness of a concept is the probabili-
ty, over the entire population of instances, that it will correctly classify an instance”

(p.421).

3.3.2 Fuzzy sets and theory of possibility

The domain of careers guidance -- and the concept that certain attributes connected to
motivation, competency and efficiency will be an indicator of success when following a
chosen career path -- is sufficiently fuzzy to pose some special problems with regard to
the collection, pre-processing, processing and analysis of the data. For example, an in-
stance of a student-user who has a high degree of friendship, communicating and empa-
thy is likely to do well in front-line support, but the exact degree of friendship or communi-

cating or empathy does not seem important, just so long as the value is high.

In set theory a feature either belongs, or it does not. It is sometimes expressed as a bi-
nary value: 1 it belongs, 0 it does not, and it cannot belong twice to the same set. In mod-
eling reality it is often necessary to represent things that are not so black and white, but

many shades of grey.

Zadeh “proposes possibility theory as a measure of vagueness, just as probability theory

measures randomness” (cited in Luger, p353). What is being measured here is not ran-

25



domness, but is exactly vagueness; the vagueness of natural language, different interpre-
tations of an attribute like ‘friendship‘, and questions like: Just how much is this user moti-

vated by inquiry?

When measuring vagueness the binary values of 0 or 1 are replaced with real numbers
on a scale from 0 to 1. A number greater than 0, and less than 1 represents a degree of
membership. Another way to describe this would be to say that it is a possibility distribu-

tion derived from the real number values of a set of fuzzy variables (Luger, p354).

3.4 Methodology

3.4.1 Empirical methods

Cohen describes four kinds of empirical study, and makes the point that these should be
seen as the four phases of a research project: exploratory, assessment, manipulation and
observation (1995, p7). This study encompasses the exploratory and assessment phas-
es, and lays the foundations for a further study that will entail manipulation and observa-
tion, leading towards a robust proposal for a trial adoption of the student-user model in

the wild.

3.4.2 Exploratory study

Exploratory studies are, according to Cohen (p12), “the informal prelude to experiments”.
They produce “murky data” in a process which sees “vague questions... refined to precise
ones”. Distinctive features of exploratory studies are: they start with a research question
or “simple curiosity”; they produce large amounts of data in which the researcher looks for
“suggestive patterns”; ideally, they lead to confirmatory studies; but they may end with the
“realization that the question or phenomenon isn’t worth continued study” (Cohen, pp6-

12).
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Cohen’s text is endorsed by Russell, who, coming from the humanist discipline of anthro-
pology, describes the inductive methods of the “exploratory and discovery phase of any

[his emphasis] research project” (Russell, p493).

A method of this study in its early stages is what Strauss & Corbin (cited in Russell, p493)
call “in vivo coding”. Over a period of about a year, words used to describe students were
harvested from staffroom conversations, quality assurance documents, and assessment
schedules. Where these words could be mapped to words found in the authoritative texts
(Bartle, Covey, Hipkins, Heckmann) they were used to define what Russell would call the

“nominal variables” or “themes”, and what this study calls the student-user attributes.

Anthropologists use these coded themes to annotate their field notes. Again, early in the
study, paper records were made during conventional classroom sessions, as much to test
the validity of the attributes as to observe the behaviour of the students. An example of

the paper form is given in Appendix A.

Cohen (1999) has been used as the standard text for the preparation and analysis of the
data harvested by the system. Use of the Weka software enforces proper preparation and

encoding of the input data (Witten & Frank, p370).

3.4.3 Assessment study

The assessment study will take part at the end of this exploratory study, as it moves into
the evaluation stage. The purpose of the assessment study would be to test for the ef-
fects of over-fitting the training data, and to test for false assumptions in the design and

behaviour of the task environment.

Cross-validation techniques will be used: one method of this phase is to ask three of the
domain experts, who know the student-user subjects personally, to observe them as a
participant observer would in the field. The observations will then be compared to the data
gathered by the software to see if there is a correlation. Extending this method out to cov-

er a long period of time with a substantial sample could be seen as evidence that the
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software method is reliable. This technique is supported by Cohen, “the difference be-

tween the program’s answer and a human judge’s answer” (p12).

Assessing whether the model has predictive power cannot be shown conclusively in the
available time frame. However, it is planned to model retrospectively three subjects who
have been successful in their given classifications, using the participant observer method.
It is proposed to extend this study out over a three to five year period as part of the wider
parent project, Virtual Incubator. The predictive power of the system will then be demon-

strable, if it exists.

3.5 Summary

This project draws on several different disciplines to put together a cohesive study in one

space:

educational theory, including established theory like constructionism, and emerg-

ing, largely untested (in education) theory, like connectivism;

collective intelligence, which is the driving force of change in many spheres in-

cluding online commerce, education, and politics;

computer science, especially artificial intelligence, machine learning, data mining,

probability theory, and possibility theory;

scientific methods, including empirical, exploratory, assessment and ethnographic

methods.
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Chapter 4. ANALYSIS AND DESIGN

4.1 The Task Environment

In search of the “walled garden connectivist environment” (as described in the literature
review) early designs and throwaway prototypes were created for three candidate task

environments:
a nine-level Mayan pyramid,;
a gameboard based on the Central London bus map;
a staircase mechanism.

The nine-level Mayan pyramid game Shamanic Powers and the Central London bus map
game No.14 Bus were set aside for future projects. Both carried estimates over 52 weeks
to completion, and the risk of not meeting estimate was considered high because of un-
known factors. For examples of the kinds of problems they presented: the Mayan pyramid
required multimedia and narrative to be developed to make it engaging; and the London
Bus map presented 201 nodes each of which had to be populated with a discussion fo-

rum, activities and resources.

Figure 4 Shamanic Powers

Both these designs could behave like small-world networks: Shamanic Powers is like 3D
Snakes and Ladders (see Appendix A) with the main corridors creating the edges, and

secret staircases between levels possibly demonstrating six degrees of separation be-
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tween any two chambers; the London Bus routes exhibit very interesting behaviour, an
example would be the No.14 bus (the route that lent the game its name) which touches
just 8 nodes but connects with 62 edges creating amazing short cuts to geographically
distant nodes. If distance is measured in terms of cultural differences the No.14 connects

Knightsbridge to the Tottenham Court Road in just 7 nodes joined by low-cost edges.

St James's

Figure 5 No.14 Bus

Fascinating though the small-world features of these task environments are, they were
considered outside the scope of this study. The third candidate task environment was the

Staircase Mechanism and this too presented difficulties.

Story Outline Key ta Glyphs

1 Boolan Algebra

David Hilbert
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Figure 6 The Staircase Mechanism
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The Staircase Mechanism consists of five concentric rings of stepped diameter, each di-
vided into 32 segments or tablets. Each ring can be rotated individually such that there
are a total of 32 * 5 = 33,554,432 permutations. The tablets of the inner ring are inscribed
with hieroglyphs which key to mathematical foundations, philosophies, mathematicians
and philosophers. The tablets of the second ring are for science, the third for engineering,
the fourth for industries, and the outer ring for culture. The hieroglyphs are presented in a

table for the student-players to inspect.

The player starts in the Abyss, and the objective of the game is to reach the Elysian
Plains. The gameplay involves rotating the rings until a stairway out of the Abyss emerges
as credible connections between mathematics, science, engineering, industry and culture

are discovered.

For example, a staircase might be discovered that looked like this: philosophy, hylozoism;
science, James Lovelock; engineering, electron capture detector; industry, pollution me-

trics; culture, William Golding.

The design for this edugame was inspired by the Antikythera Mechanism (Freeth, Jones
et al, 2008). It can be constructed cheaply from hardboard, and better from acrylic. It
would make a worthwhile project for a school with the right facilities. Equally, it can be

created electronically in a program such as Flash, or Blender.

The great design advantage of the electronic version with respect to student modeling is
that the behavior of the five players (one assigned to each ring) can be observed by log-
ging clicks (Segaran, 2007, p74) as the players make choices and decisions, cooperate,

collaborate, or compete in search of solutions.

This design has only been developed to the stage of a very early prototype, sufficient to
demonstrate the principle, and to be a tool in the estimation of the total effort required to

design in detail, build, test and implement such a game.

A much simpler solution has now been selected for the gathering of student-user

attributes for the purposes of this project, as described below.
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Using as its basis the popular and well-proven blogging script WordPress, a task envi-
ronment has been designed which meets all the requirements of a walled garden connec-

tivist environment:

can be developed quickly to accommodate the short project timeline;

can be used to log student-user choices through click tracking and ratings;

creates a permanent record of student-user behaviour for later analysis; and

can be replicated for later experiments.

The user logs in, so that her choices are logged against her username. Twenty-five out of
eighty-five articles are chosen by the student-players, who then rate them, and leave
comments if they wish. The student-player’s pathway through the application is recorded

in the activity log.

This design for the task environment is a model of the wider connectivist environment,
and it is expected that the results collected will at least be indicative of the type of results

that would be collected in an unconstrained environment of the web.

4.2 The Student-user Model

The seventeen attributes of the student model have been identified and selected through
secondary research (as described in detail in the literature survey), accessing work done
by Bartle (player motivation), Hipkins (competencies), and Covey (effectiveness). The
attributes suggested by these researchers have been adapted to fit this context. Some
metadata attributes have been added at the head of the model, purely for self-

management and identification. The complete model, without metadata, is shown below:
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The design of the model and the choice of attributes were tested in discussion with col-
leagues at Aoraki Polytechnic, with educational researcher Ruth Carney, and with project
sponsor John Fisher. A research assistant, Sue Rowley, also used paper forms to di-
rectly observe students in classroom sessions, scoring them against the attributes for mo-
tivation, competency and efficiency. While the sessions were fresh the observations were
reviewed and were considered to be representative of the subjects. The purpose of the
observations was afterwards discussed with the students, and the names of individuals

were not preserved.

The student-user model defines the data model. Real number values between 0.00 and
1.00 have been chosen to align with the usual values used in probability calculations. The
McCulloch-Pitts exciter / inhibitor model of -1 or 1 (cited in Luger, p456) was considered
but dropped because the real number format was expected to work better with the per-

ceptron implementation in the Weka Workbench software.

4.3 The Data Model

In data mining operations different rules apply to those learned in operational database
management. Normal form is not the most helpful for data mining, and denormalisation is
standard practice. Typically two or more tables of an operational database are collapsed

into one, and made into “a single set of instances” (Witten & Frank, 2005, p46). Data
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cleaning and preparation is estimated to be as much as 60% of the effort in a data mining

project (Cabena in Witten & Frank, 2005, p60).

The database design was, therefore, kept very simple. In a production version it might be
necessary to include more metadata of the students being modeled and the environments
in which they were observed, but for the purposes of this exploration into the concept a
single table database was thought to be sufficient. This, in effect, simulated the result of

denormalising commercially acquired data.

It was decided to make use of the Weka software developed at University of Waikato. The
Weka Workbench is, “a collection of state-of-the-art machine learning algorithms and data
pre-processing tools” (Witten & Frank, 2005, p365). This software was to become inte-
gral to the design of the project. The value of this software, and the design rationale be-
hind its selection, is the speed with which a researcher can try different algorithms. Witten
and Frank stress the importance of trying different decision tree construction algorithms
and evaluation methods, so that a researcher can find the best solution for a given data

set.

Using Weka Workbench requires the use of the Attribute-Relation File Format (ARFF). In
order to understand the format a number of files were produced by hand before software
was designed to capture the domain expertise needed for the training phase of the ma-

chine learning.

The ARFF format serves two purposes: to enforce a standard format for the different
modules of the Weka software; and to enforce denormalisation of the data that makes up

each set of instances.

4.4 The User Interfaces

Three user interfaces have to be considered:

The task environment Ul
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The data mining / data analysis Ul

0 domain expert console

o Weka Workbench

The final output Ul

The three interfaces listed above have somewhat different design goals. The task envi-
ronment is an educational game and needs to be dressed up to be appealing to the stu-
dent-players. The data analysis Ul is for use by knowledge engineers and needs to
present clearly tabulated data and plots, with input boxes to tweak parameters. The final
output Ul should present graphical, easy-to-read plots that can be used by programme

managers, instructors, career guidance people and industry partners.

4.4.1 The task environment Ul

The main task environment Ul design tool was an activity diagram with swim lanes repre-
senting each class of user. Scenarios were enacted, and the design tested by passing
tokens as described by Fowler (2004, p124), and as shown in Figure 7.

Use Case: student-user Studies

Main Success Scenario:

Student-user engages in activities
Student-user accesses resources
Student-user rates activities and resources
System captures student-user choices
System captures student-user ratings

agrwONE
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Figure 7 Testing the design with tokens

4.4.2 The domain expert console Ul

Software named the domain expert Console was to be designed and built from scratch,
the goal was to provide a quick-to-learn tool for use by domain experts as they entered
student-user attribute values and matched them to classes of career path. The results
were to be stored in a simple one-table database as described above. This module of the
application would ideally reside on a web server to give access to a greater range of do-
main expertise, and would be protected from tampering by a simple login screen. A

sketch of the high-level design is shown in Figure 8.

FLASH
LOGIN + CONSOLE

Figure 8 Domain expert console design sketch
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Use Case: Capture Domain Expert Knowledge

Main Success Scenario:
Knowledge engineer sets up classes
Domain expert enters personal details
Domain expert selects class
Domain expert sets attribute values
Domain expert submits
System captures the DE personal details
System captures the selected class
System captures the attribute values
System saves to the database

The output end of this component has a Ul for the knowledge engineer (KE). The KE can
select a range of stored results for output as ARFF.

Use Case: Output as ARFF

Main Success Scenario:

Knowledge engineer selects range of records for output
System formulates SQL query

Knowledge engineer actions output

System queries database

System reads the database

System outputs ARFF

oA wWNE

4.4.3 The Weka Workbench

The data mining tool Weka has been selected as an integral part of this study, Weka is
software distributed freely by lan Witten and Eibe Frank as part of a package fronted by
their book Data Mining, Practical Machine Learning Tools and Techniques 2" Edition
(2005). Below in Figure 9 are two screenshots to indicate the style of interface presented
to the user: the first for preprocess tasks, the second for visualization. Weka offers a total

of 16 user interface screens for various common data mining tasks.
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Figure 9 Typical Weka screens

There was no design work to be done on the Weka software which is the one COTS

component of this project.

4.4.4 The final output Ul

While the Weka software generates all the displays a knowledge engineer needs, it was
thought necessary to produce some simpler and more accessible graphical output for the
end users. Those end users were identified as being the student-user, career advisors
and human resource officers (prospective employers). This decision was reached by
exposing five testers selected from human resources to typical Weka screens. Nielsen
(2000) shows that just five testers can find around 85% of usability problems. Combined
with iterative design, Nielsen asserts, these five testers can reveal all the usability
problems. This project ran only one iteration to demonstrate that end users would need
more accessible graphical output than that generated by the Weka software. The

scenario imagined was a career advice consultation, or a job interview.

The radar graph has become very popular in recent times for showing matches at a
glance, despite a rather poor review by Few (2006, p152). The main design tool for this

component was an iterative throwaway prototype built in Flash to quickly explore the idea.
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COMPETENCY MOTIVATION

EFFICIENCY

Figure 10 Final output radar graph

By overlaying green on red in a graph generated dynamically by the processed data a
powerful visual tool is created. Figure 10 shows the candidate in green, and the industry
profile (derived from domain expert acquisition) in red. The green is on top of the red, and
has 50% alpha (opacity) creating a dark green where the two profiles overlap. The red is
partially revealed where the student-user profile falls short of the industry ideal profile. In
this example it is clear that the candidate is slightly stronger in some areas than the

industry profile, but is noticeably weaker in the motivation sector.

4.5 Summary

Selection of a suitable task environment was identified as key to success. It was
considered important that it was a model of the wider connectivist environment, and had
the capability to support features that would produce results that were at least indicative
of the type of results that would be collected in an unconstrained environment on the

world wide web.
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While a number of attractive and interesting alternatives presented themselves, a prag-
matic choice was made to proceed with a simple WordPress blog script because it met all
the requirements of a walled garden connectivist environment. This task environment

could be:

developed quickly to accommodate the short project timeline;

used to log student-user choices through click tracking and ratings;

used to create a permanent record of student-user behaviour for later analysis;

replicated in later experiments.

The three parts of the student-user model were derived from secondary research:

Motivation attributes were derived from the work of Richard Bartle, a veteran vir-

tual worlds and computer games designer;

Competency attributes were derived from work by Rosemary Hipkins, a re-

searcher working on the new curriculum for New Zealand schools.

Efficiency attributes were derived from the teaching of Stephen Covey, best

known for his book The 7 Habits of Highly Effective People.

The data model was defined by the student-user model, and was represented in the

ARFF format required by the one COTS component of the project, the Weka Workbench.

Three separate user interfaces were identified:

The task environment Ul

The data mining / data analysis Ul

0 domain expert console

o Weka Workbench

40



The final output Ul

The design of these interfaces was given considerable emphasis because of the user-
centric nature of the project as a whole. The main design tools were UML swim-lanes ac-

tivity diagrams, and UML use case diagrams.
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Chapter 5. METHODS AND REALIZATION

5.1 The Task Environment

The task environment finally selected was the Open Source weblog WordPress. It was
chosen because it was wholly representative of Web 2.0 software of the type now being

adopted by educators worldwide, for its simplicity, and for its robust development track.

Three extensions (plug-ins) were installed that enhance the standard functionality of the
core script: Audit Trail by John Godley enables logging of individual user activity; Wassup
by Michele Marcucci enables visitor realtime statistics; and WP-PostRatings by Lester
Chan adds an AJAX rating system. Using Audit Trail student-user activity could be logged
for later analysis. Using Wassup student-user activity could be monitored as it happened,
informing future design direction. Using WP-PostRatings the student-users could rate

posts, and in that way their interests could be categorized for later analysis.

Although AuditTrail outputs an attractive multipage output from the log it was decided to
access the AuditTrail database table directly in order to format the output in a way that

was suitable for data mining operations.

5.2 The student-user Model

The student-user model was realised in the task environment as categories in the main
menu, as the categories in a rating system, and as attributes of user activity log entries.

There was no deviation from the design.

5.3 The Data Model

The data model was realised as a SQLite one-table database. There was no deviation

from the design. Recognising the nature of real observation data, and not wanting sparse
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instances to be rejected by the database, all fields except the instance_id field were set to

accept null values. The table structure is shown in Figure 11 below.

[7] |instance_id INTEGER No

[ VARCHAR Yas NULL
[7]  |realname VARCHAR Yes NULL
D expertise VARCHAR Yes NULL
[ |affiliation VARCHAR Yes NULL
[ |friendship FLOAT Yes NULL
[[1  |immersion FLOAT Yes NULL
= inquiry FLOAT Yes NULL
7] |achievement FLOAT Yas NuLL
[ |leadership FLOAT Yes NULL
[T]  |acting FLOAT Yes NULL
[7]  |interacting FLOAT Yes NULL
[] | contributing FLOAT Yes NULL
[7]  |cemmunicating FLOAT Yas NULL
"] |thinking FLOAT Yes NULL
D initiative FLOAT Yes NULL
[ |direction FLOAT Yes NULL
[ |planning FLOAT Yes NULL
D negotiation FLOAT Yes NULL
[[1  |empathy FLOAT Yes NULL
[[]  |networks FLOAT Yes NULL
[T |balance FLOAT Yes NULL
[7]  |selectedclass VARCHAR Yes NULL
i Check all / Uncheck all - For the selection : | - %]

Figure 11 Database table structure

5.4 The User Interfaces

5.4.1 The task environment Ul

A simple theme by Scott Allan Wallick was chosen from the WordPress theme directory in
order to facilitate instant productivity from sample student-users who would not have
much time working in the task environment. The standard blog interface modeled well the
Web 2.0 interfaces implied by this study in connectivist environments. While this interface
is a “walled garden”, it is entirely representative of the world wide environment of the wid-

er Internet.
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Figure 12 Task Environment User Interface

Normal use of the Task Environment User Interface a s shown in Figure 12 above: A
student-user with a pre-made user account logs in; they read some succinct on-screen
instructions and then proceed to choose from any of 17 categories of postings; once in-
side a category they choose one of five short articles; they read the article and then rate it
using the 5-star ratings system; in choosing what rating to give they use the rule 1 star to
mean “it sucks” through to 5 stars to mean “cool” or “awesome”; if they wish they read any
comments, and leave a short comment of their own; out of the 85 articles they navigate

to, read, and rate 25. A use case is shown in Figure 13 below.
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RATBOX

If asked, people who work in interactive television will admit that this
technology creates experimental conditions in the home. The machines that
control vour TV set will show you something, check to see how you react,
and then show you something different. That's not just convenient. Itis a
loop of simulus, response and measurement as carefully designed as those
boxes where rats hit buttons to get food and avoid electric shocks. — Burke

WL (1 votes, average: 3 out of 5)

a5
L—IEStarsl

Post a Comment
Logged in as Stevie. Log out?

MMessage

makes us play into their hands?

Figure 13 Task Environment use case

All the student-user data was recorded in the tables of the WordPress weblog database.
Details of their activity including category selections, article selection, ratings, and com-

ments were stored.

The application was tested by two educational researchers who gave positive feedback
on the concept, enjoyed using the tool, voiced concerns that the target age group (Year
11 students aged between 15 and 16) might find it boring, and offered suggestions for

minor improvements.

The student-user Modeling Task Environment is live online, and can be accessed at
http://lmsfarm.co.nz/obs. A login is needed to access the content and this can be ob-

tained by applying to the author by email at Imsfarm@gmail.com stating the intended use.
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5.4.2 The domain expert console Ul

The domain expert console was built following the design. The code (see the code listing
in Appendix B) was a mixture of object-oriented structures (as evidenced in the Sender

and Receiver objects) and more traditional functional programming techniques (as evi-

denced in the function basicValidator() nested inside the getValues() function).

The code was tested using code inspection and walkthroughs. Error conditions were si-
mulated, and the application was found to handle error states in ways that were recover-
able by the user. Only four text fields exposed the application to exploits, and basic vali-
dation was put in place to protect against common attacks. The main screen (shown in

Figure 14 below) was hidden behind a login screen featuring a four-digit code known only

to bona-fide users.

»—[DDMAIN EXPERT CONSOLE ]—

[Ruth Carney |

se  [Education Researc her |

n  [reach First ]

~ COMPETENCY

~ CLASSES ——mm™™————————————,

summer camps

exchange student

volunteer projects

cultural exchange

teaching English

~ MOTIVATION e,

{ SUBMIT } G

¢~ EFFECTIVENESS

~ DIRECTIONS —  ——

Normal use of the domain expert Console as shown in
expert enters their details top left, and they only have to do this once; immediately below

these text boxes they choose between Mode A and Mode B, Mode A leaves them to

Figure 14 The domain expert Console
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move the sliders, Mode B moves the sliders to random starting positions which they can
then adjust, as shown in Figure 15 below; there is a slider beside each of the 17 attributes
of the model; they now choose an activity class top right, and adjust each slider where 0
is to the left and 1 is to the right; while adjusting the sliders they are encouraged to im-
agine a candidate who would be successful at the selected activity; on completion of one
class they press SUBMIT and the information is saved to the database; they then repeat

the process for the other four activity classes.

~ EFFECTIVENESS \

0.75

0.64

Figure 15 Domain expert console use case

The domain expert data was recorded in a database separate to the Task Environment
WordPress database. This ‘observation’ database stored personal details, and the real
number values assigned to attributes attached to each of the five activity classes. From
the start of the study ethnographic field notes had been kept in a bound book, and any
feedback or comments made by the domain experts were noted down on the day page of

this book.

The application was tested by two educational researchers who gave positive feedback

on the concept, enjoyed using the tool, and offered suggestions for minor improvements.
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Figure 16 Researcher Ruth Carney engages with th@ecept

The usability testing was combined with the capture of the first seven sessions of domain
expert data. Ruth Carney, pictured working with the system in Figure 16 above, was an
educational researcher working for Teach First, and Chris Goodwin was an educationalist
working for Teach First. Both of these teachers are working with challenged students on

character development programmes.

The application successfully generated the following ARFF from their contribution, and

this completed the end-to-end testing cycle.

ARFF generator output

%Title: ARFF GENERATOR OUTPUT
%Author: Steve Lowe, 2008, Timaru
%Licence: Creative Commons Attribution
%Version: prototype 0.1

%All available instances selected

@relation student

@attribute friendship numeric
@attribute immersion numeric
@attribute inquiry numeric
@attribute achievement numeric
@attribute leadership numeric
@attribute acting numeric
@attribute interacting numeric
@attribute contributing numeric
@attribute communicating numeric
@attribute thinking numeric
@attribute initiative numeric
@attribute direction numeric
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@attribute planning numeric

@attribute negotiation numeric

@attribute empathy numeric

@attribute networks numeric

@attribute balance numeric

@attribute class { "summer camps", "exchange stild&rolunteer projects"”, "cultural exchange", "téang English" }

@data

0.80, 0.24, 0.15, 0.43, 0.54, 0.73, 0.87, 0.614,0739, 0.51, 0.75, 0.48, 0.45, 0.72, 0.61, O'AOMer camps”
0.32,0.72,0.73, 0.80, 0.74, 0.68, 0.94, 0.537,089, 0.76, 0.77, 0.64, 0.05, 0.87, 0.71, O'#dching English”
0.60, 0.76, 0.46, 0.90, 0.25, 0.55, 0.41, 0.99,@MA:6, 0.42, 0.36, 0.67, 0.69, 0.73, 0.98, O'vidunteer projects”
0.94, 0.93, 0.60, 0.53, 0.35, 0.84, 0.80, 0.3%,MWAHA7, 0.79, 0.87, 0.45, 0.45, 0.78, 0.67, O'd@&hange student”
0.65, 0.87, 0.61, 0.68, 0.56, 0.77, 0.69, 0.851,00385, 0.74, 0.50, 0.74, 0.61, 0.43, 0.71, O'@dtural exchange”
0.21, 0.55, 0.63, 0.82, 0.13, 0.75, 0.47, 0.73,@035, 0.60, 0.25, 0.08, 0.13, 0.54, 0.46, O'ddmmer camps”
0.68, 0.89, 0.75, 0.62, 0.43, 0.72, 0.73, 0.474,0%4, 0.65, 0.03, 0.49, 0.77, 0.77, 0.45, O‘&khange student”

The Weka software screens were used “out-of-the-box”. The interface is necessarily rich

with features, but it is well-designed, with clear layouts, and easy to use.

5.4.3 The final output Ul

The final output Ul did not deviate from the design. The final iteration of the prototype was
made a little more robust for the application, and posted live on the web with the other
components. It can read-in any two student-user ARFF profiles, compare them, and out-

put the radar graph shown in Figure 10 on page 37.

This component was subsequently replaced by a horizontal bar graph which was shown
by usability testing to be easier to read, and is now being trialled in place of the radar

graph.

5.5 The Experiment

There is no claim that this is a structured scientific experiment that tests a hypothesis.
This is an exploratory study as described in Empirical Methods for Artificial Intelligence.
Exploratory studies: “produce murky data”; “goals change”; “ideally... lead to confirmatory

studies” (Cohen, 1995, p6).
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5.5.1 Research question

The research question, as it was phrased in the proposal was: “Can a set of attributes be
discovered and reliably modeled to measure a student-user's motivation and effective-
ness in a connectionist environment, which could then be used to recommend suitable

employment pathways, and to predict future performance in the workplace?”

This question has been refined, and narrowed, and reduced in its scope during the inter-
vening months, and now reads: “Can a set of attributes be discovered and reliably mod-
eled to measure a student-user's motivation, competency and effectiveness in a connec-

tivist environment, which could then be used to recommend suitable gap year activities?”

The broader question remains, but will be applied to a later phase of this study.

5.5.2 Discovery

The discovery of seventeen student-user attributes was made through (a) secondary re-
search, and (b) theme encoding of participant observation field notes. The sources of
secondary research are given in the literature review, and the details of the student-user

attributes are given in Tables 1, 2 and 3 on pages 15 and 16.

5.5.3 Modeling in a connectivist (Web 2.0) environment

A WordPress blog was established with 85 short articles in 17 categories matched to the
student-user attributes being modeled. Student-users log in and rate 20 articles. User
activity logging writes to a table in the database. Each choice made by the student-user is
captured using a technique commonly known as click-tracking. The table can then be

queried to produce user data in the ARFF format required by the Weka software

5.5.4 Capturing domain expert knowledge

A web application was created in Macromedia Flash 8 to capture domain expert know-

ledge. Domain experts log in, enter some personal details, select one of 5 classes of ca-
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reer path activity, and then set the values of 17 attributes on a continuous scale of 0.00 to
1.00. This ‘ideal’ profile is then stored in a database. Datasets in the ARFF format re-
quired by the Weka data mining software can be generated by another component of the
application. Datasets can be compiled by contributing expert, by range, or by all available

instances.

5.5.5 Data analysis

The Weka Workbench data mining software developed by lan Witten, Eibe Frank and
their students at University of Waikato enables a researcher mining data to pre-process
the data, to apply a range of learning algorithms, to find patterns in the data, and to do
pattern matching. Statistical data is output by the software, making it a true researcher’s

workbench.

Data analysis was also carried out using simple formulas and features of Microsoft Excel.
Cohen (1995, p1) talks about “datascopes”, and Witten & Frank (2005, p.60) say, “There

is no substitute for getting to know your data.”

An Excel workbook was created with all available instances on one sheet, and then each
activity class reproduced on a sheet of its own. Formulas like Standard Deviation, Median
and Average were used, as were visualisation tools like ‘Conditional Formatting’, and ‘Da-
ta Bars’ The simple act of sorting the data different ways can reveal previously unseen

patterns.

5.5.6 Recommender system

In the final output a web application reads-in an ideal profile derived from domain expert
knowledge, and compares it with a student-user profile. This generates a radar graph that
presents interested parties (a student, a parent, a careers advisor, or a prospective em-

ployer) with an immediately accessible visual representation of the match.
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5.5.7 Tests for success

Tests for success will be more qualitative than quantitative at this stage: feedback from
the domain experts; feedback from the student-users; outcomes of attempts to analyse

the data; and levels of confidence expressed by the interested parties in the final output.

5.6 Summary

A task environment was established live online using the popular WordPress weblog
script. Additional functionality was achieved by installing freely available plug-ins. Eighty
five short articles were published in 17 categories that aligned with the attributes of the
student-user model. By asking the student-users to choose just 25 of the 85 articles to
rate it was possible to capture their selections, and so categorise their interests. The pre-
mise was that student-users who were driven by Friendship would tend to choose more
articles in the Friendship category, and students-users who were high achievers would
tend to choose the Achievement thread. This was intended to simulate the planned cap-
ture of student-user behaviours in the Shamanic Towers virtual learning environment
once it is built. The results were to be validated using paper-based participant observa-

tions of the same attributes.
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Chapter 6. RESULTS

6.1 Domain Expert Knowledge

The aim of this part of the study was to capture domain expert knowledge. This know-
ledge was to be used to build ideal profiles, profiles of imaginary people who would be

considered by the domain expert to be successful at one of five gap year activities.

Using the domain expert console as shown in Figure 13 and described in Section 5.4.2, a
domain expert would select, for example, Volunteer Projects. Using their knowledge and
experience of youth activities and the attributes needed for success they would weight the
attributes accordingly. All the attributes were set to some real number value between 0

and 1, and then the process was repeated for each of the activity classes.

By collating and combining the collective opinion of the domain experts ideal profiles were
created, one for each of the five activity classes. These were stored in a separate table in
the database. In all 12 domain experts contributed their knowledge, but in one case the

data were not stored because of a software version error.

6.1.1 Domain expert data

A total of 57 domain expert instances were recorded. An instance was a discrete dataset,
a row in the database. For example, shown in Figure 17 below are three instances of the

Cultural Exchange activity class.

A E C (m] E F G H | J K L
1
2 |8 R Chriz Goodwin Educationalizt Teach First 0.85 a7 081 062 058 077
3 38 ms  Tania wWilliams anthropaologist University of Gueenslan 062 Lik:0) 0.4z 0.ze [IR0] 057
4 I3 Mgz Suzan Rowley Sailing Instroctor RA 0.35 naz naz 0483 0.0 033
L I ) [} F o R S T u W W
=] 0.25 051 035 0.74 050 0.74 0.E1 043 e} 046 cultural exchange
gz 028 074 0.8e 048 014 024 047 0.25 083 0.80 cultural exchange
100 1.00 0.38 0.7 1.00 0.44 044 0.33 U&7 0.58 0.43 cultural eschange

Figure 17 Domain expert instances

53



While the data model allows for NULL values, with a view to as yet unknown real-world
applications in future implementations, each instance was complete, and the dataset was

complete.

With the data imported into Microsoft Excel a workbook was established. One workpage
recorded the complete dataset, and 5 subsequent workpages separated the data into

activity classes.

Standard Deviation was calculated for each numeric column. A low Standard Deveiation
was considered to be an indicator of consensus among the domain experts. Consensus
led to confidence in the values assigned to that attribute, with respect to building the

“ideal” profile.

0.65 0.56
0.63 0.10
0.95 0.00
0.75 0.70
0.84 0.11
0.95 0.85
0.93 0.63
0.76 0.29
0.85 0.68
0.82 0.42
0.97 0.98
0.12 0.32

Figure 18 Domain expert consensus

Figure 18 shows two columns for the Cultural Exchange activity class. Friendship has a
low Standard Deviation, or a high consensus that friendship was a necessary motivator
for success in a Cultural Exchange activity. Leadership however has a high Standard
Deviation, suggesting a low level of consensus among the domain experts around

leadership as a motivator in the same area of activity.
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6.1.2 Domain expert notes

Working with the domain experts gave the project more than just the numeric values for
the attributes. To set the values in the domain expert console they first had to engage
with the concept. Field notes were taken in the pre-session and the post-session

conversations and recorded in a book.

Feedback was solicited by asking one or more of three standard questions: Does it feel

real, modeling this way? Is anything missing? Is it useful to model a student in this way?

Examples of responses include: “It feels good,” and “It's fun,” (Goodwin and Carney);
“You’re not recording any physical attributes. | wouldn’t advise a tall blonde girl to go on
exchange to Thailand, or a weedy boy to go to Camp America” (Crawford); “I think there
could be a problem with the interpretation of the friendship attribute” and “You could end

up with all the values bunched up around the mean” (Thompson).

Ethical considerations were addressed at the Ben’s House session by asking: Do you feel
comfortable that students might be modeled in this way? Responses included: “Yes”
(Cloake and Hunt); “So long as the student-user is told they're being modeled, even if
they later forget” (Brand); and “It could be misused... it isn’t the act of modeling, it's who

gets hold of the data later” (Elsen).

6.2 Student-user Click Tracking

The aim of this part of the study was to capture student-user interests by click tracking.
This data would then be used to build a profile that would simulate the real intention,

which was to build a profile based on behaviour.

Using the features of the Task Environment as shown in Figures 12 and 13 a student-
user would choose, for example, Immersion. They would read an article in this category
and rate it, using the 5-star rating system. Leaving a comment was optional. Then they
would return to the main menu and select either the same category again, or another cat-

egory. They were required to rate 25 of the 85 posts. The ratings system was a decoy,

55



and although the ratings were written to the database, it was the choice of categories and

articles that were recorded.

By collating and combining the individual preferences of the Student-users profiles were

created. . These were stored in a separate table in the database.

6.2.1 Student-user data

After data cleaning 285 usable instances were retrieved from the sessions of 6 student-
users. The instance data sets were sparse. Where the student-users were required to
rate only 25 of the 85 articles, some categories were never visited and this recorded a
NULL value. This was as designed, and was thought to be representative of real-world

data that the project might expect in the future.

The click track results were given one transformation, the purpose of which was to amplify
any trends. The Iog10 of the simple click count was used. Cohen states; “logarithms of
data are sometimes used to ‘spread out’ a distribution that has many low values and few

high values” (Cohen, p16).

The paper-based participant observations were used as a tool to cross-validate the click-
track results. Six student-user s participated, and participant observations were made of
five of them by two observers. The two observers’ findings were remarkably close, and
the mean of the two was used to calculate a difference factor between the participant ob-
servations and the click-track instances. A low difference factor was taken to indicate a
profile that represented some kind of reality, and a high difference factor indicated a weak

or erroneous result.

Of the five for whom difference factors were calculated (the sixth had no participant ob-
servation to compare) those factors were: 3.85, 3.59, 2.37, 1.71, and 1.54. When the orig-
inal data was stripped of outliers the difference factors were improved: 3.59, 3.05, 1.77,

1.71, and 1.54.

56



Student Model Diff Mean SR SL

Friendship 0.30 0.15 0.15 0.1 0.2
Immersion 0.70 0.30 1.00 1.0 1.0
Inguiry 0.60 015 0.75 0.8 0.7
Achievement 0.78 0.12 0.90 0.8 1.0
Leadership 0.75 0.7 0.8
Acting 0.90 0.8 1.0
Interacting 0.45 013 0.25 04 0.3
Contributing 0.85 0.7 1.0
Communicating 0.90 0.8 1.0
Thinking 0.30 0.15 0.45 04 0.5
Initiative 0.75 0.8 0.7
Direction 0.78 0.22 1.00 1.0 1.0
Planning 1.00 1.0 1.0
Megotiation 0.78 0.02 0.80 0.8 0.8
Empathy 0.25 0.2 0.3
Metworks 0.70 0.7 0.7
Balance 0.60 0.30 0.20 04 0.2
difference factor 1.54

Figure 19 Validating click track retrievals

The confidence in the profile generated by the click track retrievals could then be ex-

pressed as the inverse of the difference factor.

6.2.2 Student-user notes

In addition to the paper-based participant observations used in the cross-validation, field

notes were taken and recorded in a book.

Feedback from the student-users was mature, and mixed. One had hoped for something
“more like a computer game”, another found “so much reading” tiresome. Others found
the articles “thought provoking”, “weird”, and “duh?” Observing the student-users as they
worked revealed very different levels of attention paid to the task. “Work intuitively, work
quickly,” the research assistants urged when a student-user hesitated over whether to
assign 3 or 4 stars to an article where 1 star “sucked” and 5 stars meant “cool” or “awe-

some”.
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Ethical issues were addressed by asking the student-users one or more of the following
questions: How does it feel to be measured against these attributes? What would you
think if you were being measured against these attributes by software, and you hadn't
been told? Do you feel your privacy is being invaded in any way? Responses to the ques-
tions were largely non-committal. Some student-users appeared not to really understand
the questions. One replied, “You're always being profiled, on nearly every site you go on”.

The research assistant asked, “How does that feel?” and the student replied, “dunno”.

The feedback and the answers to the ethics questions were thought to be in keeping with

what might be expected from this age group (15-16).
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Chapter 7. DSCUSSION AND EVALUATION

Valuable lessons were learned from the practical data gathering part of the study, and
these will inform the next phase as the features described here are integrated into the

Shamanic Powers virtual learning environment.

7.1 Participants

7.1.1 Selection of the domain experts

The participants were selected by their availability and their willingness to participate in
the study. This ruled out formal statistical analysis of the results because there was no
randomised design, and so no “statistical guarantee” (Gonick & Smith, p97). However, a
distinct advantage of this selection process was that access was gained to interested and
informed participants who gave useful feedback. Amongst those selected were education

researchers, youth workers, and gap year students.

7.1.2 Working with the domain experts

At the start of a session with a domain expert the general concept was introduced with the
aid of the paper observation sheet (shown in Appendix A). The secondary research that
led to the selection of attributes was discussed, as was the 0 — 1 scale. Only then was the

domain expert introduced to the software interface.

Usability testing practice was followed, namely non-interference, shoulder surfing and
thinking aloud (Nielsen, 1993, p195). Notes were kept in a book. It was noted that where
some participants went quickly through the tasks setting the sliders with intuitive swiftness
others deliberated every move. Two small changes came out of the UT: the frame rate
was increased to make the sliders faster acting, and the onRelease event handler was

supplemented with an onDragOut event handler. These changes made the sliders easier
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to use. Only one domain expert commented on the two place precision being recorded by
the sliders compared to the one place precision of the paper form (Thompson). One do-
main expert said he would have liked some documentation on the attributes, how they
were arrived at, and how they should be used (Thompson). A change is proposed here,
and a small contextual help button is to be placed next to each attribute in the next ver-

sion.

In one case a Flash Player version problem meant that the data from the session was not
stored. Backward compatibility was addressed after that incident, and the application was
re-compiled for Flash Player 6 which is widely distributed. In all, twelve domain experts

captured fifty-seven instances.

7.1.3 Working with the domain expert data

The main question was: Would there be any consensus among the domain experts?

Consensus would lead to confidence in the ideal profiles generated by the data.

From the start it was apparent that in the project timeline there would be little chance of
amassing enough data to be certain, and the best that could be hoped for were positive

indicators.

Each instance had one nominal value (the selected class) and seventeen real numeric
values (assigned to each attribute). The dataset was divided into five roughly equal sets
for each of the five classes. Although formal statistical analysis had been ruled out, some
statistical methods were still used informally. The Standard Deviation (SD) was calculated
for the twelve or so values for each attribute. A low SD was taken to mean consensus,

and a high SD was taken to mean a lack of consensus.

The following attributes in their classes evidenced strong consensus:

Cultural Exchange
o Initiative

o Thinking
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o Interacting

o Friendship
Exchange Student

o Contributing

o Interacting

o Friendship
Summer Camps

o Contributing

o0 Leadership

o Friendship
Teaching English

o Communicating

o Contributing

o Interacting

o Acting
Volunteer Projects

o Communicating

o Contributing

o Interacting

o Friendship

The attributes that are not listed above are the attributes identified as needing work in the

next iteration of this study.

A watch was kept for signs of emergent associations that might lead to the formation of
associative rules. The Weka software can be used to find associations in data sets. Par-
ticipant observation is a good method, also. For example, in conversation with domain
experts, while engaged with the concept of student-user modeling, a researcher could
casually ask questions like: Do you think inquiry gets in the way of achievement? Do you

think people who give emphasis to leadership would also give emphasis to empathy?
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The replies to these questions could then be checked against the data in the database. Of
the 12 domain experts who were asked if they thought leaders tended to have or needed
to have empathy, two replied no, saying too much empathy could weaken a leader, but
ten replied yes, empathy was necessary for good leadership. A simple query of the data-

base produced some evidence to support this candidate rule.

From a sample of 108 instances

" # 0 $

produced 43 hits, and

%
' # %$

produced 32 hits.

The query was refined to see if this opinion was held by a few, or fairly well distributed
across the population of domain experts

SELECT DISTINCT realname

FROM ’instance’

WHERE leadership > 0.60

AND empathy > 0.60;

produced a list of ten names (from a population of 12). That was taken as an indication

that the opinion that ‘leadership and empathy went hand-in-hand’ was reasonably widely

supported.

Of course, the data set was too small for any of this to be conclusive, but notes were
made of certain possible associative rules that were worthy of further investigation once a

larger dataset becomes available.

Strategies for improving the results include ensuring more consistent interpretation by
providing more background information to the domain experts, and using a larger sample

of around 100 randomly-assigned participants to allow the use of formal statistical me-
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thods, and to reduce the margin of error. The help of the Ministry of Education or their

research arm Core Ed will be needed if this is to be realised.

7.1.4 Selection of the student-users

The student-users were selected by their availability and their willingness to participate in
the study. Again, this ruled out any formal statistical analysis of the results. They were in
a narrow range of Year-11 students at a Diocesan School for Girls. They were considered
highly representative of a class of student who, two years from now, will be choosing be-
tween a gap year and taking up offered places at University. There is evidence that these
students are now seriously considering their pathways as they choose subjects for the

coming year. Five students participated.

7.1.5 Working with the student-users

In contrast to the domain experts, the student-users were fed no information in advance
of engaging with the software. The student-users were encouraged to log in and get on
with choosing and rating articles in an intuitive way, without deliberation, attempting 20 of

the 85 instances in around 15 minutes.

The WordPress plug-in “Audit Trail” performed the click tracking of the Student-users. A
table wp_audit_trail is added by the plug-in to the WordPress database. The table was
queried for user_id and a column called “data’, which is the data that reveals a student-
user’s path through the application. Logins, logouts, and returns to home were removed,
leaving a pretty clear archeological trail of a student-user’s choices as they navigated the

virtual learning environment of the blog.

The student-users were asked to rate each article, but this was a decoy. It was their
pathway through the application that was recorded. The ratings data are stored, should

they be wanted later in the study.
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7.1.6 Working with the student-user data

While the domain expert data evidenced a fair amount of structure, the student-user data
was less well defined, which had been anticipated. A much larger sample will be needed,

and even then no patterns may emerge because every student-user is an individual.

There was enough data however to look for associations which may prove important.
Where the data collected was sparse it is of interest to know whether rules of association

can be discovered that would allow some Al to fill in the gaps in as yet unseen data.

For example:

Where inquiry is high does achievement tend to be low? Possibly it does because

the inquirer gets side-tracked, taking their focus away from the task in hand.

Where immersion is high does balance tend to be low? Possibly it does because
when developers are deeply engrossed in a project they often resent the time

taken to eat, sleep, shower, or take exercise.

Are leadership and empathy compatible? Leaders often have to make decisions
based on harsh reality, rather than how they feel for the people affected by those

decisions.

Some of the instance data does indeed seem to support these theories, as shown in Ta-

ble 4 below:

Table 4 Putative Rules of Association
Student-user Friendship Balance
—— 0.90 0.30
— 1.00 0.30
—— 0.30 0.60
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Strategies for improving the results include porting the click tracking features to the Sha-
manic Powers environment where a far greater range of choices made in more compel-
ling and immersive situations will record behaviours, not just interests. A much larger
sample can then be gathered with around 100 randomly-assigned participants engaging
with the software for an estimated 8 to 10 hours. The help of the Ministry of Education or
their research arm Core Ed will be needed if the random selection is to be realised, be-

cause recruitment will have to be distributed across a complete representation of schools.

7.2 Data Analysis

Classification in the Weka Workbench software presented many options, and exploring
them all would have been a study in its own right. For the purposes of this study two were
selected: the Multilayer Perceptron because, since reading Minsky and Papert’'s book
Perceptrons (1969), the technique had held appeal; and Naive Bayes because of the tie

to early and continuing work in the field by Reye (2004).

Two discrete datasets were created: the domain expert instances described in section
6.1, and called ‘the training data’; and an entirely separate dataset created by the re-
search assistants only from the experience of working with the domain experts, and called
‘the test data’. Each dataset was made up from around 58 instances which on the face of

it had no association. However, some possible associations were observed.

It was noted that a high value for immersion was sometimes associated with a low value
for balance (9 out of 110 instances were noted where the value for immersion was greater
than 0.75 and the value for balance was less than 0.25). This brought to mind the story of
the obsessive behaviour of the engineers Wallach, Rasala, Alsing and West at Data Gen-
eral, whose total immersion and lack of balance resulted in the extraordinary development
of the Eagle (Eclipse MV/8000) computer (Kidder, 2000). Associations may also exist be-
tween inquiry and achievement, and between thinking and achievement. These are inter-
esting patterns in the data, needing further investigation, but outside the scope of this

phase of the study.
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7.2.1 Weka: Multilayer Perceptron

The Multilayer Perceptron produced the best results. Multiple runs were performed, tin-

kering with the parameters, referring to Witten & Frank’s text (2005), and noting the re-

sults. Key to success is not so much the way the machine learning performs with the

training set as how well, once trained, it performs on the test set.

|£| Neural Network
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exchange student

wolunteer projects

cultural exchange

empathy (57 ’l; = A‘.}\“‘
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Contrals

| tart | Epnch 0
Num OF Epachs 500
| Accept | Errar per Epoch =0

teaching English|

Learning Rate = 0.3

Momentum = 0.2

Figure 20 Weka: MultilayerPerceptron

The summaries shown below are representative of the body of similar results attained. A

fuller listing is given in Appendix B.

=== Evaluation on training set ===

=== Summary ===

Time taken to build model: 43.27 seconds

Correctly Classified Instances 56 96.5517 %
Incorrectly Classified Instances 2 3.4483 %
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Kappa statistic 0.9569

Mean absolute error 0.0291
Root mean squared error 0.1019
Relative absolute error 9.1094 %
Root relative squared error 25.4806 %
Total Number of Instances 58

=== Evaluation on test set ===
=== Summary ===

Time taken to build model: 231.87 seconds

Correctly Classified Instances 35 67.3077 %
Incorrectly Classified Instances 17 32.6923 %
Kappa statistic 0.5915

Mean absolute error 0.1851

Root mean squared error 0.3372

Relative absolute error 57.8326 %

Root relative squared error 84.2153 %

Total Number of Instances 52

7.2.2 Weka: Naive Bayes

The results from the Naive Bayes machine learning scheme were reasonable, but not as
good as the Multilayer Perceptron. This may have been because of the size of the sam-
ple, the nature of the data, or because of a lack of experience with this scheme. It would
be worth reviewing at some later date, but for now the Naive Bayes scheme has been set

aside in favour of the Perceptron.

The two summaries shown below, one for the training data run, and one for the test data
run, are representative of a number of runs done with this scheme.

=== Evaluation on training set ===

=== Summary ===

Time taken to build model: 0.03 seconds

Correctly Classified Instances 43 74.1379 %
Incorrectly Classified Instances 15 25.8621 %
Kappa statistic 0.6763

Mean absolute error 0.1277

Root mean squared error 0.2671

Relative absolute error 39.9351 %

Root relative squared error 66.8112 %

Total Number of Instances 58
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=== Evaluation on test set ===
=== Summary ===

Time taken to build model: 0.02 seconds

Correctly Classified Instances 31 59.6154 %
Incorrectly Classified Instances 21 40.3846 %
Kappa statistic 0.4975

Mean absolute error 0.1846

Root mean squared error 0.3703

Relative absolute error 57.6693 %

Root relative squared error 92.496 %

Total Number of Instances 52

7.3 Displaying the data

For the purposes of this early exploratory study only, the mean of the observed values
were used to create the ideal profiles for each of the five classes of gap year activity. As
discussed in Section 6.1.3 only on certain attributes was strong consensus evidenced.
Later, as this study advances, the ideal profiles can be replaced by improved versions.
With this in mind a column was added to the obs.profile_ideal table to store a version

number.

These ideal profiles were then available to be compared with the student-user profiles.
This space where two selected profiles could be compared by an end user (a careers
teacher, a youth worker, a prospective employer, or a programme manager) was really

the “business end” of the application.

7.3.1 Profile Matcher

Navigating to the Profile Matcher component on the website available at:
http://www.lmsfarm.co.nz/obs/domainexpertprofiler.php and using the dropdown boxes to
select a class ideal profile and a student profile (real name Caesar shifted for privacy) it is
possible to acquire a horizontal bar chart match. This is an intuitive and effective way to

make a quick appraisal of the suitability of a given applicant to the activity.
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An interviewer with a list of applicants to see, and pressed for time, can see immediately
see where an applicant’s profile is weak, as shown in Figures 21 and 22 below. Questions

can be directed to this area to check if identified weaknesses are of real concern.

Friendship Selected ideal profile: Summer Camps

) Selected student profile: Avan Ybjr
Immersion

Ideal profile

Inguiry Candidate profile

Achievement

Leadership

Acting O

Figure 21 Profile Matcher (detail)

The profiles can be loaded quickly one after another so that an applicant can be found
who best matches an activity, or an activity can be found to match a promising applicant’s

attribute set.

In another envisaged use a group of seventh formers planning to take a gap year can
work with their profiles and the ideal profiles at a projection screen, using the information
presented to focus on their best options. The group who worked with this project at the
Ben’'s House session were very supportive, very caring, and very frank in their appraisals

of each other.
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STEVE LOWE :: RESEARCH :: STUDENT-USER MODELING

[HOME] - [DOMAIN EXPERT CONSOLE] - [FEEDBACK] - [ARFF GENERATOR] - [PROFILE MATCHER] - [PROFILE SPACE EXPLORER ]

Profile matcher

Motivation Friendship Selected ideal profile: Summer Camps

. Selected student profile: Avan Ybjr
Immersion

Ideal profile

Inquiry Candidate profile

Achievement
Leadership
Competency Acting
Interacting
Contributing
Communicating
Thinking
Efficiency Initiative
Direction
Planning
Negotiation
Empathy
MNetworks

Balance

Figure 22 Profile Matcher

In another possible scenario a prospective employer could sift through graduate profiles,
matching them to his or her industry’s ideal profiles, and creating a short list of people

they wanted to interview or invite to open days.

7.3.2 Profile Explorer

One final component completes the suite. The Profile Space Explorer, shown in Figure 23
below, has not received much development attention at this time, but a demonstrator
version has been included live on the site. Five Student-players are represented by
miniature coloured avatars in an x, y coordinate space. The end user can use buttons to
select what the axes represent, and in the demonstrator version these are confined to the

five motivation attributes: friendship, immersion, inquiry, achievement and leadership.
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Figure 23 Profile Space Explorer

A scenario is envisaged where a careers advisor, employment agent, or prospective
employmer might be looking for two candidates who have similar or different attributes.
This end user can experiment by setting the axes until she finds the nearest match to the
one she is seeking. By setting both axes to the same attribute the avatars are arranged in

a straight diagonal line with the highest score bottom right.

The coloured avatars are intentionally anonymous, so that the end user selects by
attribute, rather than by name. In the production version some look up arrangement would
be implemented such that when the end user has selected say, pink and blue based on

attributes only, she can then find out which applicants are represented.

71



7.4 Project management

7.4.1 Tools

The main project management tool was a Gantt chart, given in Appendix C. Alan Cooper
writes: “Expect what you inspect. If you repeatedly point at the calendar, your project will
be on time...” (Scott McGregor cited in Cooper, p85). The Gantt format is particularly
good for this, the timelines for each phase of the project are arranged beneath a monthly
timeline, and milestones (in the software this project used) are indicated by red diamonds
that clearly flag up approaching deadlines. The entire project timeline was printed on one
A4 landscape sheet, and this was enlarged to A3 in a photocopier and put on the wall of
the cubicle that was the main workspace for this project. It was inspected most days

during the 9-month lifecycle of the project, and the project did come in on time.

It was noted that at the start of any project it is extremely difficult to estimate just how long
things will take, and even experienced developers tend to dangerous optimism at this
early stage. This project made an effort, therefore, to apply a formula mooted by Brooks
more than thirty years ago: 1/3 planning, 1/6 coding, 1/4 component testing, 1/4 system
testing (Brooks, 1995, p20). While this formula was not applied exactly, the spirit of it was
taken on board with a generous allowance for planning, research, and design, a
comparitevely short time for coding, and again a generous allowance at the back end for

data collation, analysis and reporting.

Another important tool was McConnell’s list of Classic Mistakes (see Appendix C). The list
has served this practice well the last ten years, and items that applied particularly to this
project included: “Unrealistic expectations”, “Lack of effective project sponsorship”,
“Wishful thinking”, “Abandonment of planning under pressure”, and “Research-oriented
development”. Items on the list that were knowlingly avoided included: “Silver-bullet

syndrome”, “Planning to catch up later”, and “Feature creep” (1996, p49).

Design tools were mainly two components of the UML: the swim-lanes activity diagram,

the use case diagram, and the use case written format. It would be fair to say that big
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projects need big design tools, but that for smaller projects like this one too many tools
are an unecessary and unwanted overhead, and the use of a few simple but tried and
trusted tools serve the project needs better. A white board in the workspace, 6 x 4 index
cards, and a large format spiral bound book are more use to a small project than any

amount of software tools.

7.4.2 Cost, quality, time and scope

Kent Beck and Martin Fowler wrote a useful little book entitled Planning Extreme
Programming and it has proved a useful guide to the management of small projects. This
project did not adopt any of the practices of XP beyond the “four variables” (Beck &
Fowler, pp27-31). The message the text sends is that the effect of chaning one of these

four variables is “delayed and nonlinear” (p27).

Cost on this project was fixed, and was estimated at around 30,375 NZD. This was made
up of tuition fees and lost earnings. The cost of software, books, travel and expenses was

negligible or was absorbed by other budgets.

Quality was fixed, it had to be the best that could be delivered in the circumstances and
the available time. It had to be good enough to meet the expected standard of the
institution. Given more time more testing could have been done, but sufficient walk-
through testing was done and McConnell warns about “Requirements Gold-plating”

(1996, p46).

Time was fixed to 9 months from the start on March 28th 2008. The schedule was kept
ahead from early on because of the coincidence of Christmas with the end-of-project
deadline. Only long weekend breaks were scheduled and a two-week buffer was allowed

for sickness which did not occur.

Scope, therefore, was the only variable that allowed for any adjustment. It had been
planned to build a more interesting and complex task environment, but when the design
process revealed the extent of the work that would be necessary to achieve it, a more

modest solution was adopted. This solution, the WordPress web log hosting 85 short
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articles and a ratings system, proved to be a pracical substitute. It produced some slightly
disappointing results from the Student-users, but the results may have been disappointing
anyway. However the adjustment proved itself to be justified because the project will

finish on time, and the results are perfectly adequate to meet the requirements.

7.4.3 Methodology and process

Lightweight methodologies are becoming increasingly popular, but they cannot be
replaced with no methodology. Iterative processing must not lapse into code and fix. This
project has no client paying for an end product, so it can progress safely with an iterative
prototyping lifecycle. At some stage it will be important to throw away the prototype so

that any flaky exploratory code is not inherited by the production builds (Cooper, p56).

Two processes were taken from the CMMI (The Capability Maturity Model Integration) as
highly applicable to this project: Project Monitoring and Control; Risk Management. While
these processes were not followed in a formal way, the elements of the diagrams were

used as checklists at each milestone. Both diagrams are given in Appendix C.

A risk management checklist was drawn up at the beginning for the project proposal. This
list was visited and updated fortnightly. No major changes were made, but all the risks
were thought to decline as the project progressed. Data loss was taken care of with

nightly backups being made on and off line.
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Chapter 8. GONCLUSIONS

This project achieved the following: the discovery of a set of attributes for the student-user
model; a suite of prototype software components live online for the gathering of data from
domain experts and student-users; positive indicators that the concept and the model
were valid; the acquisition of high-value feedback from the domain expert group; a data-
set of domain expert knowledge; a dataset of real student-user observations; a test data-

set; and the continuing support of the main sponsor.

The project went a long way to answering the research question, and yes, a set of stu-
dent-user attributes can be effectively and reasonably reliably captured and modeled to
create a potentially accurate profile that could later be used in career guidance or selec-
tion for opportunities in higher education. Further, the project identified the next step in
this line of research, which is to find if the model can be attached to the OpenlD authenti-

cation.

CCKQO08, the first massively online open course (MOOC) described in Section 1.2 is now
over. Mike Bogle, a participant, in summing up his experiences on the course wrote:
“While institutions continue to rely on massive, monolithic systems that inhibit user free-
doms and personal ownership, free and publicly available tools like wikis, blogs, social
networking sites, instant messaging clients, video sharing sites, web conferencing tools
and virtual environments facilitate immediate access to peers in extraordinarily flexible
and customiseable ways. It is little wonder then that shadow systems of learning and inte-

racting have begun to develop outside of recognised institutional channels.” (2008).

As Seymour Papert (1995) observed more than a decade ago, educational reform is be-
ing driven from below. Another way of looking at it is that educational reform is all around

us.

CCKO08 focused very much on what Connectivism is. The movement is still some distance

from working out how. Clearly a lot of learning is already happening in these Web 2.0
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spaces, but there is considerable distance to go before institutions will be able to credit

students for their distributed achievements.

Following on the heels of CCKO08 there needs to be an army of tool makers, engineers
who will bridge the canyon between the idealist leaders and faculty. For that reason it is

believed this study is timely, and that the work started here should continue.

Pat Parslow, another participant of CCK08 summed up by saying: “One of the interesting
points is about how engaged you can feel when dealing with an avatar (graphical or tex-
tual) which has obviously been designed as an ephemeral presence purely for a particular

purpose. If there is no back history available, can you feel a sense of trust?” (2008).

For this reason it is believed this study has the right focus. User profiling, or student-user
modeling, and the long term storage and development of that model has to be on a path-

way that leads to a solution to the problem Parslow puts forward.

In line with the new Connectivist thinking, and the move, in New Zealand anyway, to-
wards less prescriptive curricula it is believed that this study has the right focus when it
sets out to model not knowledge, but the more general attributes of motivation, compe-

tency and efficiency.

This study had its limitations, and they were time, access to domain experts, and access
to students. The datasets acquired from the practical part of the study were small, though
they were sufficient to give some positive indications. The patterns were not as clear as
had been hoped, but again there were positive indicators that suggested the ideas were
worth pursuing. When the outcomes from this study are brought to a broader informed
audience it may be that these are not the right attributes to make up the model, but any
attributes would do at this stage, just to show that techniques of click tracking, classifica-
tion, clustering and recommendation normally associated with commercial sites can be

deployed in an educational context.

A key area of future research will be to combine the work done here with existing work in

the area of OpenID. User modeling in connectivist learning environments needs to be
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married to identity authentication. Only when institutions can have sure fire proof that a
student is who she says she is, and her model stacks up, will they consider the possibility
of awarding credits for achievements gained beyond the boundary of the Learning Man-

agement System.
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APPENDICES

Appendix A. DESIGN DOCUMENTS

A.1 Architecture

VIEW
{game board)

CONTROLLER

CAPORIWNPO

‘( CONTROLLER

DATABASE

Figure 24 Concept sketch

The architecture was envisaged as Model-View-Controller (MVC): the data model was
defined in the MySQL database; the view was in the pages of the WordPress blog or, in
the case of the domain expert console and the Final Output, Flash “movies”; and the
controllers were PHP scripts, either built-in to WordPress, as plug-ins to WordPress, or as

discrete files connecting the Flash views with other components.
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A.2 UML Sketches

Use case diagrams and activity diagrams were the preferred design tools, and the means
of communication with sponsors and other interested parties. Fowler describes different
ways in which the UML may be used: as forward-engineered blueprints; as language-
independent designs; and as “sketches” (2004, p6). This project has used the UML to
standardize the many design sketches that go with iterative prototyping. Two such
sketches, one use case diagram and one swim-lanes activity diagram, have been se-

lected to reproduce here as examples of the design process.
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Figure 25 Use case diagram overlayed on the architeire
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A.3 Design testing
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Figure 27 Paper model

A paper form was used, as shown in Figure 18 above, in participant observations in
conventional classroom environments. The main purpose was to test the design of the

model before investing time in building the software. The activity diagram was also tested

by “passing tokens” as described in the main text on page 33.
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A.4 Mayan Pyramid Virtual Learning Environment

9-Level Mayan Pyramid
Showing 5 Levels Only
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Figure 28 Mayan Pyramid VLE

In Figure 28 above just 5 of the 9 Levels are shown for clarity. The official “Ceremonial”

staircase is the proper way up, but the savvy player will soon learn to discover and use to

best effect the secret staircases and chutes. These create wormholes in the environment,

like the “weak links” of Small World Theory.

88



A.5 Comparative Study: “Otago Choice”

One classifier that was brought to the attention of the Virtual Incubator developer team

was “Otago Choice” on the University of Otago site. The problem this interactive agent

attempts to solve is: How does a prospective student choose from the 100-odd majors

offered by the University? A brief study was put together to see how the agent behaved,

and if it went any distance towards achieving its purpose.

Five testers were asked to choose their top 7 preferences from an alphabetical list of

about 100 majors. They were timed doing this activity. Then the same testers were asked

to engage with the agent and follow the on-screen instructions. Again they were timed

through to completion of the task. The outcomes were then compared. Feedback was

solicited by asking one or more of three questions: How many correct matches did you

get; What did you think; Were there any surprises?

Table 5 Otago Choice

Tester 1

Time on task 1: 3 minutes Time on task 2: 7 minutes Matches: 2/7

Chemistry Maori Traditional Arts Feedback: “Maori Tradi-
Classics European Studies tional Arts, where didhat
Theatre Studies Theatre Studies come from?”

Physics Performing Arts Studies

Music Communication Studies

Film & Media Studies Film & Media Studies

Law Japanese

Tester 2

Time on task 1: 5 minutes

Time on task 2: 12 misute

Matches: 1/7

Music

Medical Laboratory Science
Land Planning & Developmen
Neuroscience

Maori Traditional Arts
Maori Studies
Performing Arts Studies
Theatre Studies

Feedback: “You feel it's

pressurizing you into mak
ing decisions where neithg
option is what you want.”

Physics Pacific Islands Studies
Spanish Geography

Theatre Studies Physical Education Pr. Studies
Tester 3

Time on task 1: 5 minutes

Time on task 2: 9 minutes

Matches: 1/7

Computer Science
Statistics

Mathematics
Information Science
Linguistics

Economics & Statistics

Dentistry

Computer Science
Geology

Software Engineering
Pharmacy

Medicine

Feedback: “It's like the
school subjects problem.
You're having to choose
using OR, but you want to
use AND...”
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Economics | Electronics |

A1%

Tester 4

Time on task 1: 10 minutes Time on task 2: 16 na@aut Matches: 2/7

Biblical Studies Geography Feedback: “Generous giv-
Christian Thought & History | Energy Studies ing it 2 out of 7, but | sup-
Information Science Environmental Management pose | see where it may b
Statistics Economics & Statistics coming from. Medical
Teaching Pacific Islands Studies Radiation Therapy?”
Accounting Community & Family Studies

Ecology Medical Radiation Therapy

Tester 5

Time on task 1: 6 minutes Time on task 2: 11 misute Matches: 3/7
Biochemistry Electronics Feedback: “Although there
Botany Software Engineering are no direct matches |
Chemistry Molecular Basis of Health & Disease gave it 3/7 for trying. Is it g
Computational Modelling Molecular Biotechnology classifier, or a recom-
Computer Science Medical Laboratory Science mender system? Is it dri-
Consumer Food Science Plant Biotechnology ven by marketing?”
Design for Technology Geographic Information Systems

The Virtual Incubator developers tried to contact the Otago developers, but failed to
speak to the right people. It was assumed that this was a decision tree accessing a
database of keywords, and that was in essence how it worked. There was some concern
at the low hit rate, between 1 and 3 out of 7, with a mean of 1.28. Taking 1/ (7 x 5) as
the margin of error, and so accounting for the small sample, it was thought it should have

performed better.

There was some discussion around whether it was a classifier or a recommender system.

Marketing usually drive tertiary websites, especially at the front end, it was noted.

The team concluded that it would be more honest to throw things up at random in a box:
Have you considered studying: { Oral Health | Environmental Management | Mathematics

| Zoology | Statistics | ... } than to present a pseudo scientific recommender system.

It was agreed however that the interface was engaging, and that with more work on the

algorithms, it had the potential to be a useful tool.

It was noted that the system classifies student interests in much the way this study had
classified student interests in the blog to create a profile. “Otago Choice” does it by asking

direct questions, this study does it by following an archaeological trail.
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One tester suggested that, because the choice was often between two things you didn’t

want, the application might be better named, “Otago Dilemma”.
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Appendix B. CODELISTINGS

B.1 Modifications to the standard WordPress distribution
A copy of WordPress 2.6.2 was installed off Fantast ico in the cPanel Version
11.23.6 on Bluehost. It was then modified in the fo  llowing ways:
1. theme blogtxt to give a clean uncluttered appearance;
2. next and previous navigation disabled to prevent linear navigation;
3. plugin Audit Trail version 1.0.10 by John Godley adds activity logs;
4. plugin Wassup version 1.6.2 by Michele Marcucci adds live stats;
5. plugin Members Only version 0.6.7 by Andrew Hamilton adds a login; and
6. plugin WP-PostRatings by Lester Chan adds an AJAX rating system.
All these plugins can be found at the WordPress Plugin Directory

http://wordpress.org/extend/plugins/

Blocking a linear pathway through the materials by disabling the next and previous

navigation.
"#$
% 1&!I" (1)
( ( 1% " $I&
Q)]

Disabling these normally handy navigation widgets prevented the student-user testers

from simply progressing quickly through the application in linear fashion. The intention
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was that they should return to the main cloud menu and make a fresh choice of topic

each time.

B.2 Domain Expert Console

Version history:

v 0.1-001 Basic layout, basic functionality.

v 0.1-002 Revised layout.

v 0.1-003 Mode A and Mode B operation.

v 0.1-004 Raised frame rate and added button drag out in response to UT feedback.
v 0.1-005 Risk management copy.

v 0.1-006 Sender and Reciever objects to interact with database.

v 0.1-007 User feedback messages from database.

v 0.1-008 Minor changes, risk management copy.

v 0.1-009 Access code.

v 0.1-010 Compatibility with older version 6 Flash player.

Main program code of the domain expert console:

¥+ +-/+,.0.123,2+45/ +553

k2 36&7889& +:
*%k% 3 : : 2 '
] < 8=8=8

*%

,.0;5/4>,02?3. 1204273.
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Note: there are some other minor scripts attached to screen widgets, but they are not sig-
nificant, and so are not listed here.
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B.3 Data Model

Data dictionary

Name Type Range Null Example
instance_id integer 1-n no Auto-incrementing PK
title varchar A-Z, a-z yes Mr, Mrs, Miss, Dr, Prof,
name varchar A-Z, a-z yes Joe Bloggs
expertise varchar A-Z, a-z yes Education Research
affiliation varchar A-Z, a-z yes Al Institute
friendship real 0.00-1.00 yes 0.25
immersion real 0.00-1.00 yes 0.25
inquiry real 0.00-1.00 yes 0.25
achievement real 0.00-1.00 yes 0.25
leadership real 0.00-1.00 yes 0.25
acting real 0.00-1.00 yes 0.25
interacting real 0.00-1.00 yes 0.25
contributing real 0.00-1.00 yes 0.25
communicating real 0.00-1.00 yes 0.25
thinking real 0.00-1.00 yes 0.25
initiative real 0.00-1.00 yes 0.25
direction real 0.00-1.00 yes 0.25
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planning real 0.00-1.00 yes 0.25
negotiation real 0.00-1.00 yes 0.25
empathy real 0.00-1.00 yes 0.25
networks real 0.00-1.00 yes 0.25
balance real 0.00-1.00 yes 0.25
class varchar A-Z, a-z yes Cultural exchange

SQL Create table

0.2+.+2?23.U: @ : 'UU U
U U 4/+/5+/,33 &
U U120;020 7AA)/,33 &
: U 120;020 7AA)/,33 &
U 120;020 7AA)/,33 &
U 120;020 7AA)/,33 &
U 352+/,33 &
U 352+/,33&
<U 352+/,33 &
: U 352+/,33 &
U 352+/,33 &
U 352+/,33&
U 352+/,33 &
U 352+/,33&
U 352+/,33 &
U 352+/,33 &
U 352+/,33 &
U 352+/,33&
U 352+/,33&
U 352+/,33 &
<U 352+/,33&
6 U 352+/,33&
U 352+/,33&
U 120;020 7AA)/,33 &
04G20QR.Q U U)
) .[>4]. GQ4 2G

:H:::@@A
Q)

cccCcccCcCcccccccccccccc
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B.4 Multilayer Perceptron Example Run Information

This run information is typical of hundreds of dianiruns with the Multilayer Perceptron function
in the Weka Workbench software.

=== Run information ===

Scheme: weka.classifiers.functions.Multilaemceptron -L 0.3 -M 0.2 -N 500 -V 0 -S 0 -E 20

-Ha-G-R

Relation:  student

Instances: 58

Attributes: 18
friendship
immersion
inquiry
achievement
leadership
acting
interacting
contributing
communicating
thinking
initiative
direction
planning
negotiation
empathy
networks
balance
class

Test mode: evaluate on training data

=== Classifier model (full training set) ===

Sigmoid Node 0
Inputs  Weights
Threshold -2.079969416362993
Node 5 -3.569442065217726
Node 6 -5.862381531584699
Node 7 -3.7439698673801405
Node 8 -3.6167347516272375
Node 9 2.921948710142535
Node 10 -0.589658884437815
Node 11 1.59389049324614
Node 12 5.962016815051112
Node 13 -0.6423748062279377
Node 14 0.5211615102397789
Node 15 1.4169951374842162

Sigmoid Node 1
Inputs  Weights
Threshold -2.1821450344838413
Node 5 1.8603037969793368
Node 6 2.8513583486990988
Node 7 -0.42980367997433117
Node 8 1.6098306171765828
Node 9 1.9533682826394858
Node 10 -2.540305358129767
Node 11 -1.6005487598604131
Node 12 -4.496206964271573
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Node 13 -2.451381965761999

Node 14 -7.512858262436713

Node 15 2.7253927260131285
Sigmoid Node 2

Inputs  Weights

Threshold 0.013225964882236523

Node 5 -0.6916372284239796

Node 6 -1.3021027981800417

Node 7 -5.050491614728438

Node 8 -2.0326787908217168

Node 9 -0.2030053409463413

Node 10 -3.989020084943603

Node 11 -3.528931366509837

Node 12 -5.172632292705558

Node 13 3.8663133013713185

Node 14 6.53429578588882

Node 15 -0.7719547639763928
Sigmoid Node 3

Inputs  Weights

Threshold -1.4344937995213185

Node 5 -3.6191419198041874

Node 6 3.661377455706436

Node 7 2.287413960464702

Node 8 -2.1192627702596156

Node 9 -2.580611795204092

Node 10 5.058253537223521

Node 11 -1.5269379861497778

Node 12 -2.100887187291725

Node 13 -3.9726690875530113

Node 14 0.4619929610394814

Node 15 -3.7103183385022698
Sigmoid Node 4

Inputs  Weights

Threshold -1.9441468637525772

Node 5 3.307138319739995

Node 6 -1.8357053202090516

Node 7 0.43195819990209894

Node 8 5.233598929847495

Node 9 -2.8731558821172873

Node 10 -3.401182828427109

Node 11 1.2345921429777102

Node 12 1.7882444213284787

Node 13 -2.644795644578682

Node 14 -4.441427043287139

Node 15 -4.2840368341708155
Sigmoid Node 5

Inputs  Weights

Threshold -0.10187589946760756

Attrib friendship -1.521544192113927

Attrib immersion  1.4863923643093226

Attrib inquiry  -1.5741230136291644

Attrib achievement  1.9940725891512752

Attrib leadership  0.8118040558578776

Attrib acting -0.5605487234140335

Attrib interacting 0.7329664324828858

Attrib contributing -2.010446755500154

Attrib communicating 0.9223698446325796

Attrib thinking 0.718167809856148

Attrib initiative  -3.094397265921791

Attrib direction -0.8407727577364139
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Attrib planning 1.2119817331127678
Attrib negotiation 0.4505681432703622
Attrib empathy -0.1684379304978878
Attrib networks -0.637476799579496
Attrib balance 0.1049242941257763
Sigmoid Node 6
Inputs  Weights
Threshold 1.082068936090829
Attrib friendship 0.8813370395864425
Attrib immersion  0.01859359574219047
Attrib inquiry  3.4300296875870013
Attrib achievement -2.7513511690652224
Attrib leadership -2.511833427686157
Attrib acting 0.3756131817242808
Attrib interacting -0.3639848389195339
Attrib contributing -1.6339788547973204
Attrib communicating 0.38523109943942285
Attrib thinking 0.42336048769558116
Attrib initiative  -1.216684522024626
Attrib direction -1.0092876392199184
Attrib planning -0.740644357118099
Attrib negotiation -0.3188217218149561
Attrib empathy -2.4188277806363314
Attrib networks  3.577090742432717
Attrib balance 2.007585685703591
Sigmoid Node 7
Inputs  Weights
Threshold -0.7464835197291146
Attrib friendship -1.2058692698499114
Attrib immersion 0.1752808478807953
Attrib inquiry  2.3339573127887254
Attrib achievement -0.32063910875045687
Attrib leadership -0.2416523394245224
Attrib acting -2.464993116464874
Attrib interacting 0.5021806918436622
Attrib contributing -2.0863158101102677
Attrib communicating 0.29876211141482323
Attrib thinking 3.665980380935616
Attrib initiative  1.4535733722168793
Attrib direction 0.45817779855818563
Attrib planning 1.6884856777652892
Attrib negotiation 0.1723587979117317
Attrib empathy -0.29843644629644045
Attrib networks -0.4257306780129384
Attrib balance 2.474223238715002
Sigmoid Node 8
Inputs  Weights
Threshold -1.8459066277891774
Attrib friendship -2.2384068879498584
Attrib immersion -0.3725834670101015
Attrib inquiry  -0.5354634524254401
Attrib achievement 1.4927910954084416
Attrib leadership  0.8142460527915465
Attrib acting -2.746453727934858
Attrib interacting 1.4937250196704075
Attrib contributing -1.5459656186694752
Attrib communicating 0.9862612327369666
Attrib thinking 1.827490517802845
Attrib initiative  -2.942980002824089
Attrib direction -0.285797781075784
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Attrib planning 2.0789315543471463
Attrib negotiation 0.42572698394325104
Attrib empathy 1.0144555147431111
Attrib networks -2.060957404630169
Attrib balance 1.4030831395753824
Sigmoid Node 9
Inputs  Weights
Threshold 0.8104744607239401
Attrib friendship 1.6582749876441187
Attrib immersion  -0.9088774699631248
Attrib inquiry -1.3505306791419203
Attrib achievement -0.5592425546658403
Attrib leadership -0.20977134086279053
Attrib acting 0.5613312419054
Attrib interacting 0.786942924320745
Attrib contributing -1.9363359539430551
Attrib communicating -1.8321992484156222
Attrib thinking -1.14752667889534
Attrib initiative  0.03168122644221038
Attrib direction -2.9294279171785282
Attrib planning -2.3009631768617242
Attrib negotiation -1.5821243162969414
Attrib empathy 0.8917004047351309
Attrib networks  0.07054301310753344
Attrib balance -0.49254892841810183
Sigmoid Node 10
Inputs  Weights
Threshold -0.1925625171053705
Attrib friendship 0.39386066197681807
Attrib immersion -1.770879453238297
Attrib inquiry  1.7675026135757763
Attrib achievement -0.9469945642509834
Attrib leadership -0.9839198839164621
Attrib acting -0.47577486406028197
Attrib interacting -2.8431961127856433
Attrib contributing -0.9625600568535586
Attrib communicating -1.6780579876475994
Attrib thinking 2.8174549279859824
Attrib initiative  3.8010947051486292
Attrib direction -0.13902688937293764
Attrib planning -1.0015551105439684
Attrib negotiation 0.031378420318336236
Attrib empathy -1.8906164366670974
Attrib networks  1.6065818251959145
Attrib balance 2.027407465621558
Sigmoid Node 11
Inputs  Weights
Threshold -1.4331088934436358
Attrib friendship 0.20515359486438872
Attrib immersion 0.18159928170299153
Attrib inquiry  -0.8196727058049315
Attrib achievement 0.67030873891188
Attrib leadership  2.20560781953821
Attrib acting -1.3824199912721606
Attrib interacting 1.1909577534307636
Attrib contributing -1.2001698135653285
Attrib communicating 0.4771588321098375
Attrib thinking -0.8732015706472404
Attrib initiative  1.1983807980490488
Attrib direction -0.1793923884831223
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Attrib planning 0.3294153762675748
Attrib negotiation 0.9621211099596431
Attrib empathy 1.3850469522540885
Attrib networks -2.2092308691051787
Attrib balance 0.6736469605847953
Sigmoid Node 12
Inputs  Weights
Threshold -1.2423112551218713
Attrib friendship -0.8731662411352542
Attrib immersion -1.18814161878756
Attrib inquiry  -2.699320109079648
Attrib achievement 2.353849156244142
Attrib leadership 3.6097428540632595
Attrib acting -2.13492502670018
Attrib interacting 0.02968666253056071
Attrib contributing -0.6258517530897366
Attrib communicating -0.8275111194968605
Attrib thinking -2.4203293752486923
Attrib initiative  2.577330158032887
Attrib direction 0.6496587323439121
Attrib planning  0.278844483804615
Attrib negotiation -0.5008289796747616
Attrib empathy 3.925114733561784
Attrib networks  -5.135846424262044
Attrib balance -1.236943239611421
Sigmoid Node 13
Inputs  Weights
Threshold -2.8190144275744164
Attrib friendship 0.55068318396348
Attrib immersion -0.0023389681889163833
Attrib inquiry  -1.9358676672515593
Attrib achievement -0.5650263460366762
Attrib leadership 1.611873484183459
Attrib acting 2.0347352167287953
Attrib interacting -0.8043792342870385
Attrib contributing 3.194405715615632
Attrib communicating 0.31142382475604913
Attrib thinking -0.32442825858532537
Attrib initiative  -0.528164736365615
Attrib direction 1.192317032126176
Attrib planning  0.42877727536420435
Attrib negotiation 0.8680331518652722
Attrib empathy 0.20593492861576856
Attrib networks  -0.20963381094702896
Attrib balance -2.623929626403815
Sigmoid Node 14
Inputs  Weights
Threshold -1.1716914141624137
Attrib friendship  0.7094898260633159
Attrib immersion  -1.9255126238008227
Attrib inquiry  1.20736677234471
Attrib achievement -3.387683742149754
Attrib leadership  -1.421042153985935
Attrib acting 0.8835563617400791
Attrib interacting -1.7752111208045582
Attrib contributing 6.524626118062256
Attrib communicating 2.107713135032309
Attrib thinking -0.19823539704770216
Attrib initiative  2.646554989453487
Attrib direction 0.1443172821974456
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Attrib planning -1.227184298957171
Attrib negotiation -0.11220661891384265
Attrib empathy -0.8779352849827359
Attrib networks  -0.052209825557229174
Attrib balance 0.018691935791363735
Sigmoid Node 15
Inputs  Weights
Threshold 1.3069867161103577
Attrib friendship -0.11931528347291434
Attrib immersion  0.8514702832870857
Attrib inquiry  -0.011340748298700078
Attrib achievement 0.6056025757511158
Attrib leadership -0.34305967225718836
Attrib acting -0.3104053710464275
Attrib interacting 0.46717149030165483
Attrib contributing -3.5920280240135405
Attrib communicating -2.579406832206216
Attrib thinking -2.0433345909554563
Attrib initiative -2.0764829723051133
Attrib direction -1.4695182682024668
Attrib planning -2.768157393554259
Attrib negotiation 0.6864835109502473
Attrib empathy 1.032195542800153
Attrib networks  0.7320272642797673
Attrib balance -1.7854021997999514
Class summer camps
Input
Node 0
Class exchange student
Input
Node 1
Class volunteer projects
Input
Node 2
Class cultural exchange
Input
Node 3
Class teaching English
Input
Node 4

Time taken to build model: 43.27 seconds

=== Evaluation on training set ===

=== Summary ===

Correctly Classified Instances 56 96.5517 %
Incorrectly Classified Instances 2 3.4483 %
Kappa statistic 0.9569

Mean absolute error 0.0291

Root mean squared error 0.1019

Relative absolute error 9.1094 %

Root relative squared error 25.4806 %

Total Number of Instances 58

=== Detailed Accuracy By Class ===

TP Rate FP Rate Precision Recall F-MeasGtass
1 0 1 1 1 sumroa@mps
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0 1 0.833  0.908xchange student

0 1 1 1 volunteer projects

0 1 1 1 cultural exchange
0.043 0.846 1 0.91féaching English

=== Confusion Matrix ===

abcde <-classified as

13 0 0 0 O] a=summer camps
010 0 0 2| b= exchange student
0 011 O O| c = volunteer projects
0 0 011 O] d = cultural exchange
0O 0 0 011| e=teaching English
Notes:

The Weka implementation of the Multilayer Perceptuses backpropogation.

Observations:

1.

2.

At no time did raising the number of epochs imprtheresults.
Lowering the learning rate tended to lower the medasolute error.

Changing the random seed did not noticeably imptbgeesults, but it did change which
classes classified incorrectly. This deserves &uritivestigation.

Doubling the sample improved the results from 56(806/109 correct classifications
dropping the mean absolute error to 0.0211.

Running on the test dataset after training withgdgve produced a 100% result, and run-
ning on the observation set produced a 94.8% result

It will be interesting when we can train in a muafger training set.

It is only when we can do this, and then show #isvork a large unseen dataset that
we'll really see how it is performing.

A realistic test for overfitting can’t be done drfter [6] and [7].

trainingTime | 50p0

validationSetSize |0 |The nurnber of epochs

validationThreshald |20

learningRate | 0.2|

momentum (0.1 |The amount the weights are updated

nominalToBinaryFilker | True -

Figure 29 Multilayer Perceptron parameters
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Appendix C. PROJECTMANAGEMENT

C.1Project Plan
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Figure 30 Gantt Chart
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C.2 McConnell's Classic Mistakes

“Classic Mistakes”

Reproduced from McConnell (1995, p49)
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C.3 CMMI Project Monitoring and Control

Reproduced from Persse (2006, p205)
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C.4 CMMI Risk Management

Reproduced from Persse (2006, p210)
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