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A fundamental goal of educational research is identifying students’ current stage of
skill mastery (complete/partial/none). In recent years a number of cognitive diagnosis
models have become a popular means of estimating student skill knowledge. However,
these models become difficult to estimate as the number of students, items, and skills
grows. There exist alternatives such as sum-scores and the capability matrix. While
initial theoretical work on sum-scores has been done, the behavior of sum-scores and
the capability matrix is not well understood with respect to each other or to estimates
from cognitive diagnosis models. In this paper we compare the performance of the
three estimates of student skill knowledge under a variety of clustering methods using
simulated data with varying levels of missing values.

1 Introduction

A fundamental goal of educational research is identifying students’ current stage of
skill mastery (complete/partial/none). In addition, finding groups of students with similar
skill set profiles is important to provide feedback for classroom instruction. In recent years
a number of cognitive diagnosis models [3,8] have become a popular means of estimating
student skill knowledge. However, these models become difficult and time-consuming
to estimate as the number of students, items, and skills increases [8]. Two alternative
estimates, sum-scores [3,6] and the capability matrix [1], can be used to estimate student
skill knowledge in (near to) real time. Estimates are subsequently clustered to identify
similar skill set profiles.

While initial theoretical work on sum-scores has been done [3], the behavior and per-
formance of sum-scores and the capability matrix is not well understood in comparison
with each other or with estimates from cognitive diagnosis models. The performance of
the methods when missing values occur is also of interest. Moreover, which clustering
method to employ is an open question. In this work we take a step back and compare
the performance of three estimates of student skill knowledge under a variety of clustering
methods. In Section 2, we describe the three different estimates of student skill knowledge.
In Section 3, we give a brief introduction to the clustering methods used. In Section 4,
we show results from a simulation study incorporating varying amounts of missing data.
Finally, in Section 5, we offer conclusions and thoughts on future work.

2 Estimates of Student Skill Knowledge

While there may be several possible methods to estimate student skill knowledge, this
paper will consider one traditional Bayesian estimation procedure and two simpler statis-
tics. First, we introduce notation that will be common among the methods. We begin by
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assembling the skill dependencies of each item into a Q-matrix [2,12]. The Q-matrix, also
referred to as a transfer model or skill coding, is a J X K matrix where g = 1 if item j
requires skill k and 0 if it does not, J is the total number of items, and K is the total number
of skills. The Q-matrix is usually an expert-elicited assignment matrix. This paper assumes
the Q-matrix is known and correct.

There are (at least) two ways in which Q-matrices can differ. First, each item could
require only a single skill or multiple skills. A Q-matrix can then be comprised of all
single skill items, single and multiple skill items, or all multiple skill items. Second, the
(Q-matrix may have a balanced or unbalanced design. In a balanced design, all single skill
items occur the same number of times, and each combination of skills occurs the same
number of times. For example, if K = 3 and J = 30 one possible balanced design would
be: five single skill items for each skill, four double skill items for each pair of skills, and
three triple skill items. A design could be unbalanced in two ways. Either all skills or
combinations of skills are present but do not occur the same number of times or there are
missing skills or combinations of skills.

qi1,1 4912 --- 91K yir Y12 oo YV1J

q51 452 ... 4JK YN1 YN2 .- YNJ

We then assemble student responses in a N X J response matrix ¥ where y;; indicates
both if student i attempted item j and whether or not they answered item j correctly and
N is the total number of students. If student i did not answer item j then y;; = NA. The
indicator I, »y4 = O expresses this missing value. If student i attempted item j (1, .ya = 1),
then y;; = 1 if they answered correctly, or O if they answered incorrectly.

2.1 DINA Model Estimates

The first method of estimating student skill knowledge uses a common conjunctive
cognitive diagnosis model. The deterministic inputs, noisy “and” gate model (DINA; [8])
models student responses as

ey
P(Yij =11 ny,s;,8) = (1—s)"ig,™ (1)
where @i = IStudent i has skill » 1ndicates if student i possesses skill k, 7;; = [T, o
indicates if student 7 has all skills needed for item j, s; = P(Y;; = 0| n;; = 1) is the slip
parameter, and g; = P(Y;; = 1 | ;; = 0) is the guess parameter. If a student is missing any
of the required skills, the probability that they will answer an item correctly drops due to
the conjunctive assumption.

We estimate the student skill knowledge parameters of the DINA model, the a;, using
Markov Chain Monte Carlo methods with the program WinBUGS (Bayesian Inference
Using Gibbs Sampling, [9]). In the model, the a;; are 0/1 indicating whether or not student
i has mastered skill k. Our estimates will be &;, € [0, 1]. We can think of the &; as the
probability that student i has mastered skill .
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2.2 Sum-scores

The second estimate we consider is the sum-score method of [3,6]. Here W; = (W;,
Wi, ..., Wik) is a vector of sum-scores where the k" component is defined as

J
Wi = Z)’ijqj'k, 2)
=

where y;; and g are the corresponding entries from the response matrix ¥ and Q-matrix.
Thus, the components of W; are simply the number of items student i answered correctly
for each skill k. When an item requires more than one skill it will contribute to more than
one component of W;. The range of W may be different for each & if the skills are required
by a different number of problems.

2.3 Capability Matrix

Finally, we consider the capability matrix defined in [1]. The capability matrix B is an
N x K matrix where By is the proportion of correctly answered items involving skill & that
student i attempted. Thus,

J
B, = ijl Ly xna - Yij - qjk, 3)

J
Zj:l Iy,’j#»NA : qﬂ<

where y;; and g are the corresponding entries from the response matrix ¥ and Q-matrix.
The capability matrix expands on sum-scores by accounting for the number of items re-
quiring skill £ that student i answered. In this manner the statistic scales for the number of
items in which the skill appears as well as for missing data. If a student has not seen all
of the items requiring a particular skill, we still derive an estimate based on the available
information. If student i completes no items involving skill k, then B; = NA. In this case,
we impute an uninformative value (e.g., 0.5, mean, median) to map students to the hyper-
cube. Exploring the performance of these imputation choices is ongoing. For this paper we
assume that the data are complete or that missing B-values are appropriately imputed.

We can note that both the DINA model estimates and the B-matrix values map students
into a K-dimensional hypercube (for each dimension, zero indicates total lack of skill mas-
tery, one is complete skill mastery, and values in between are less certain). The 2X corners
of the hypercube correspond to natural skill set profiles C; = {C;;, Cp, ..., Cix}, Cix € {0, 1}.

Additionally, we can note theoretical connections between the sum-scores and B-matrix
values. If there are no missing response values y;;, then

Wik = JiBi, 4)

where J; is the number of items that require skill k. When all students have answered
all questions and there is a balanced Q-matrix design (i.e., J; = J, = ... = Jx), the two
estimates will mapto the same (scaled) feature space. In this case, we expect the two
estimates to perform similarly. However, when there is either missing data or an unbalanced
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Q-matrix design, the space to which the estimates map will be different. In this case, we
cannot guarantee that performance will be similar.

3 Clustering Methods

To identify groups of students with similar skill set profiles, we cluster the student
skill knowledge estimates. In this paper we will compare the performance of three com-
mon clustering methods: hierarchical agglomerative clustering, K-means, and model-based
clustering. In the sections below we briefly introduce each of these methods.

3.1 Hierarchical Agglomerative Clustering

Hierarchical agglomerative clustering (HAC; [10]) links groups in order of closeness to
form a tree structure from which a clustering solution can be extracted. Euclidean distance
is most commonly used to measure the distance between groups. The method also requires
the user to specify how to measure the distance between groups. We will use “complete”
linkage where the distance between any two groups is defined as the largest distance be-
tween two observations, one from each group. In HAC, all observations begin as their own
group. The two closest groups are merged and all inter-group distances are recalculated.
We continue merging groups and recalculating distances until a single group with all ob-
servations is formed. Once the tree structure is formed, we can extract the desired number
of clusters G by cutting the tree at a height corresponding to G branches.

3.2 K-means

K-Means [5] is a popular iterative descent algorithm for data X = {x,, x,..., x }, x, € RX.
It uses squared Euclidean distance as a dissimilarity measure and tries to minimize within-
cluster distance and maximize between-cluster distance. For a given number of clusters G,
K-Means searches for cluster centers m, and assignments A that minimize the criterion

G
. 2
mn >, 3 b

g=1 AG)=¢

The algorithm alternates between optimizing the cluster centers for the current assign-
ment (by the current cluster means) and optimizing the cluster assignment for a given set
of cluster centers (by assigning to the closest current center) until convergence (i.e. clus-
ter assignments do not change). It tends to find compact, spherical clusters and requires a
priori both the number of clusters G and a starting set of cluster centers. The final clus-
ter assignment can be sensitive to the choice of centers; a common method for initializing
K-Means is to randomly choose G observations.

3.3 Model-based Clustering

Model-based clustering [4, 11] is a parametric statistical approach that assumes: the
data X = {x,,x,,...X,}, X, € RX are an independently and identically distributed sample

from an unknown population density p(x); each population group g is represented by a

4












Carnegie Learning's Algebra |

File Tutor GoTo Wiew Help

10 - Linear Add to both sides .. B Prupert}-'
1-Using My Sybtract from both sides .. LInd
multiply both sides ...

Divide hoth sides ...
Solver A Transformation -« Simplification -

Loak fhed

Solve forx

J(x+2) =15

Jx+6 = 15
Scenario ‘Worksheet
A student survey found that seven out of ten students preferred Brand of who prefer
A cola over Brand B cola. Quantity Name brand A cola
1. If the school has five hundred fifty students, how many preferred Unit students students
Brand A cola? Expression X 0.7x

tion 1
2. If the school has 2500 students, how many preferred Brand A cola? Question 550 385
Question 2 2,500 1,750

3. If we assume these results are the same for the entire area, and
the total number of students is fifty thousand, how many would prefer Questian3 50,000 35,000
Brand A? Question 4 2,000 1,400

4. If we found that, in a certain population of students, 1400 preferred
Brand A, approximately how many total students are likely to be in
this population?

To write an expression, define a variable for the population of
students and use this variable to write a rule for the number of
students who prefer Brand A cola.

Figure 1. Three lessons from Cognitive Tutor Algebra. Top: The Equation-Solver. Middle: Story
Problem with Worksheet. Bottom: Function Graphing.
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To determine how often each student was off-task, in each lesson, each student’s actions
were labeled using Baker’s [3] detector of off-task behavior. The detector was developed
using data from 429 students’ classroom use of three lessons from an intelligent tutor on
middle school mathematics. Applying this detector makes it tractable to study off-task
behavior across a wide variety of tutor lessons. By contrast, other well-known methods
are intractable — for instance, conducting quantitative field observations on a similar
number of tutor lesssons and students would involve sending out two or more research
assistants to classrooms for an entire year.

The detector, under cross-validation, achieved a correlation of 0.55 to field observations
of off-task behavior — hence, it can be considered reasonably reliable for these purposes.
The detector is also able to distinguish off-task behavior from on-task conversation, by
looking at the student actions that occur immediately before and after a seemingly idle
pause. We show the model that predicts off-task behavior within the detector in Table 1.
The detector makes a prediction as to whether each action is off-task, and then aggregates
across actions to indicate what proportion of student actions was off-task (or,
alternatively, what proportion of student time was off-task). Full details on this detector
are available in [3]. Two features (F3 and F6) involved features that were not available
for this data set (string and generally-known). However, F3 and F6 together accounted
for only 4.4% of the cross-validated correlation accounted for by this model [3] — hence,
this model can still be expected to be accurate even in the absence of these features.

Table 1. The model of off-task behavior (OT) used in this paper, from [3]. In all cases, paraml is
multiplied by param2, and then multiplied by value. Then the six features are added together. If the
sum is greater than 0.5, the action is considered to be off-task. Features that were not applicable to
the current data set are indicated in gray. ‘“Pknowretro”, a feature found in many behavior
detectors, refers to the probability the student knew the skill if the action was the first opportunity to
practice the current skill on the current problem step, and is -1 otherwise.

param 1 param 2 value Interpretation

OT: Very fast actions immediately
F1 | timelast3SD timelast5SD -0.08 | before or after very slow actions

OT: Extremely fast actions or
F2 | timeSD timeSD 0.013 | extremely slow actions

OT: Less likely on well-known string-
input steps

OT: More likely when inputting a

F3 | string pknowretro -0.36 | string after error

F4 | notfirstattempt | recent8help -0.38 | Not OT: Asking for a lot of help

OT: Two errors or help-requests in a

row
Not OT: Errors or help requests on
F5 | notright pknowretro -0.16 | skills the student has already mastered
OT: Indicated by many errors on skills
generally- students generally know prior to
F6 | pctwrong known 0.04 | starting this lesson

14
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Table 2. The 79 features of the Cognitive Tutor Lesson Variation Space (CTLVSI1.1) used in study.
Features captured using data mining methods (as opposed to hand-coding) marked with *.

Difficulty, Complexity of Material, and Time-Consumingness

1*. Avg. % error

2. Lesson consists solely of review of material encountered in
previous lessons

3%*. Avg. probability that student will learn a skill at each
opportunity to practice skill [cf. 12]

4*. Avg. initial probability that student will know a skill when
starting tutor [cf. 12]

5. Avg. # of “distractor” values per problem

6. % of problems where “distractor” values given

7. Max number of mathematical operators needed to give correct
answer on any step in lesson

8. Maximum number of mathematical operators mentioned in
hint on any step in lesson

9. Intermediate calculations must be done outside of software
(mentally or on paper) for some problem steps (ever occurs)

10. % of hints that discuss intermediate calculations that must
be done outside of software

11%*. Total number of skills in lesson

12*. Avg. time per problem step

13. % of problem statements that incorporate multiple
representations (ex: diagram and text)

14. % of problem statements that use same numeric value for
two constructs

15. Avg. number of distinct/separable questions or problem-
solving tasks per problem

16. Maximum number of distinct/separable questions or
problem-solving tasks in any problem

17. Avg. # of numbers manipulated per step

18*. Avg. # of times each skill repeated per problem

19*. Number of problems in lesson

20*. Avg. time spent in lesson

21. Avg. number of problem steps per problem

22. Minimum number of answers or interface actions required
to complete problem

Quality of Help Features

23*. Avg. amount that reading on-demand hints improves
performance on future opportunities to use skill [cf. 10]

24*. Avg. Flesch-Kincaid Grade Reading Level [16] of hints

25. % of hints using inductive support, going from example to
abstract concept/principle

26. % of hints that explicitly explain concepts or principles
underlying current problem-solving step

27. % of hints that explicitly refer to abstract principles

28. On average, # of hints must student request before concrete
features of problems are discussed

29. Avg. number of hint messages per hint sequence that orient
student to math sub-goal

30. % of hints that explicitly refer to scenario content (instead
of solely math constructs)

31. % of hint sequences that use terminology specific to this
software

32. % of hint messages which refer solely to interface features

33. % hint messages that teacher can’t understand

34. % of hint messages with complex noun phrases

35. % of skills where the only hint message explicitly tells
student what to do

Usability

36. First problem step in first problem of lesson is either clearly
indicated, or follows established convention (such as top-left cell
in worksheet)

37. % of steps where student must change a value in a cell that
was previously treated as correct (example: self-detection of
errors)

38. After student completes step, system indicates where in
interface next action should occur

39. % of steps where it is necessary to request hint to figure out
what to do next

40. Not immediately apparent what icons in toolbar mean

41. Screen cluttered with interface widgets; difficult to
determine where to enter answers

42. Problem-solving task is not immediately clear

43. Format of answer changes between problem steps without
clear indication

44. If student has skipped step, and asks for hint, hints refer to
skipped step without explicitly highlighting in interface (ever
seen)

45. If student has skipped step, and asks for hint, skipped step is
explicitly highlighted in interface (ever seen)

Relevance and Interestingness

46. % of problems which appear to use real data

47. % of problem statements with story content

48. % of problem statements with scenarios relevant to potential
student careers

49. % of problem statements with scenarios relevant to
students’ current daily life

50. % of problem statements which involve fantasy (example:
being a rock star)

51. % of problem statements which involve concrete details
unfamiliar students (example: dog sleds)

52. % of problem statements which involve concrete
people/places/things

53. % of problem statements with text not directly related to
problem-solving task

54. Avg. number of person proper names in problem statements

15
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Aspects of “buggy’’ messages notifying student why action was incorrect

55. % of buggy messages that indicate concept student 56. % of buggy messages that indicate how student’s action
demonstrated misconception in was result of procedural error
57. % of buggy messages that refer solely to interface action 58. Buggy messages given by icon, which can be hovered over

to receive buggy message

Design Choices Which Make It Easier to Game the System

59. % of multiple-choice steps 60. Avg. number of choices in multiple-choice
61. % of hint sequences with final hint that explicitly tells student 62. Hint gives directional feedback (example: “try a larger
what the answer is, but not what/how to enter it in the tutor number”) (ever seen)
software

63. Avg. number of feasible answers for each problem step

Meta-Cognition and Complex Conceptual Thinking
(or features that make them easy to avoid)

64. Student is prompted to give self-explanations 65. Hints ever give explicit metacognitive advice
66. % of problem statements that use common word to indicate 67. % of problem statements that indicate math operation with
mathematical operation to use (example: “increase”) uncommon terminology (‘“pounds below normal” for
subtraction)

68. % of problem statements that explicitly tell student which
math operation to use (“add”)

Software Bugs/Implementation Flaws (generally rare)

69. % of problems where grammatical error is found in problem 70. Reference in problem statement to interface component that

statement does not exist (ever occurs)
71. Student can advance to new problem despite still visible 72. Hint recommends student do something which is incorrect
errors or non-optimal (ever occurs)
73. % of problem steps where hints are unavailable
Miscellaneous
74. Hint requests that student perform some action 75*. Avg. length of text in popup widgets
76. Value of answer is very large (over four significant digits) 77. % of problem statements which include question or
(ever seen) imperative
78. Student selects action from menu, tutor software performs 79. Lesson is an equation-solver lesson

action (as opposed to typing in answers, or direct manipulation)

Each tutor lesson’s attributes was represented using the Cognitive Tutor Lesson Variation
Space version 1.1 (CTLVS1.1) [7], an enumeration of how Cognitive Tutor lessons can
differ from one another. The CTLVSI1.1 was developed by a diverse design team,
including cognitive psychologists, educational designers, a mathematics teacher, and
EDM researchers. The CTLVS1.1, shown in Table 2, consists of 79 features for how
cognitive tutors differ from each other. The CTLVS1.1 was labeled with reference to the
24 lessons studied in this paper by a combination of educational data mining and hand-
coding by the educational designer and mathematics teacher.

3 Analysis Methods and Results

The goal of our analyses was to determine how well each difference in lesson features
predicts how much students will go off-task in a specific lesson. To this end, we
combined the labels of the CTLVSI1.1 features for each of the 22 lessons in Cognitive
Tutor Algebra, and the assessments of how often each of the 58 students in the data set
were off-task in each of the 22 lessons.

Our first step in conducting the analysis was to determine if the 79 features of the
CTLVSI.1 grouped into a smaller set of factors. We empirically grouped the 79 features
of the CTLVSI.1 into 6 factors, using the implementation of Principal Component
Analysis (PCA) given in SPSS. These same 6 factors were previously successful in
discovering a factor that was statistically significantly associated with gaming the system

[7].

16
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We analyzed whether the correlation between any of these 6 factors and the frequency of
off-task behavior was significant. However, none of the factors was statistically
significantly associated with off-task behavior — the closest factor to significance had
F(1,21)=0.37, p=0.55.

Taking the 79 features individually, only two were found to be statistically significantly
associated with the choice to go off-task. Using an (overly conservative) Bonferroni
adjustment [20] to control for the number of statistical tests conducted, only one feature
was still found to be statistically significant. This feature was whether the lesson was an
equation-solver lesson (as opposed to other types of lessons, such as story problems). An
equation-solver lesson is shown at the top of Figure 1. Students were statistically
significantly less likely to go off-task within equation-solver lessons, * =0.55, F(1,
21)=27.29, p<0.001, Bonferroni adjusted p<0.001.

To put this relationship into better context, we can look at the proportion of time students
spent off-task in equation-solver lessons as compared to other lessons. On average,
students spent 4.4% of their time off-task within the equation-solver lessons, much lower
than is generally seen in intelligent tutor classrooms [5,6] or, for that matter, in traditional
classrooms [cf.17, 18]. By contrast, students spent 14.1% of their time off-task within the
other lessons, a proportion of time-on-task which is much more in line with previous
observations. The difference in time spent per type of lesson is, as would be expected,
statistically significant, t(22)=4.48, p<0.001.

The other feature found to be statistically significantly associated with off-task behavior,
prior to the Bonferroni adjustment, was the proportion of hints that are solely bottom-out
hints (more bottom-out-only-hints, less off-task behavior). However, a model including
both of these two features was not statistically significantly better than the model that
only considered whether the lesson was an equation-solver lesson, F(1, 21)=0.73, p=0.40.

4 Discussion and Conclusions

The results found here suggest that differences between lessons explain a large proportion
of the variance in how much off-task behavior occurs, just as with gaming the system.
However, the nature of the models found is quite different. Whereas the model that best
explains how much gaming occurs was a complex set of fine-grained features [7], the
model that best explains off-task behavior consists of a single, very coarse-grained
difference. This leaves us with a problem of interpretation. Why were students off-task so
much less within these equation-solver lessons?

One hypothesis is that there is some combination of features distinct to equation-solver
lessons that produce less off-task behavior, but only when the full combination is
encountered. For example, it is possible that the combination of features found in the
equation-solver lessons (such as less complex hints, in combination with direct
interaction with the equations, in problems that are generally shorter), combine to
produce a state of very positive continued engagement (e.g. flow [13]) that precludes off-
task behavior. It may be that this positive engagement is promoted by a specific
combination of features only found in these lessons, explaining why off-task behavior

17



Educational Data Mining 2009

was not associated with any of the finer-grained features in the CTLVSI1.1, once the
coarser feature of whether the lesson used the equation-solver was included. Relatedly, it
might be that the task of equation-solving is somehow more engaging, in and of itself,
than other mathematical problem-solving tasks, leading students to engage in a lower
degree of off-task behavior.

A second hypothesis is that teacher behavior causes the lower off-task behavior within
the equation-solver lessons. A conversation with a colleague with school teaching
experience indicated that teachers in the United States are often particularly worried
about students’ performance on equation-solving on state standardized exams (personal
communication, L.A. Sudol). This concern may lead teachers to monitor a student more
closely, if the student is working through an equation-solver lesson. This hypothesis
could be tested through observing teachers’ behavior with quantitative field observations
[cf. 5], as students use either equation-solver lessons or other lessons. It is worth noting
that this hypothesis may also help explain the lower incidence of gaming the system in
equation-solving lessons [e.g. 7].

Determining which of these hypotheses best explains the lower incidence of off-task
behavior in equation-solver lessons has the potential to help us understand this behavior
better. In turn, this knowledge has the potential to aid us in developing learning software
that students engage with to a greater degree. In doing so, it is essential to avoid
decreasing off-task behavior in ways that could increase the prevalence of other
behaviors associated with poorer learning, such as gaming the system. It is also essential
to avoid reducing off-task behavior in ways that would make instruction generally less
effective — a potential danger in many visions of educational games in the classroom.

More broadly, we believe that the methods used in this paper point to new opportunities
for the field of educational data mining. The creation of taxonomies such as the
CTLVSI.1 will enable an increasing number of data mining analyses about how
differences in educational software concretely influence student behavior. In turn, these
analyses can inform a deeper scientific understanding of the interactions between
students and educational software.
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Abstract: It has been recognized that in order to drive Intelligent Tutoring
Systems (ITSs) into mainstream use by the teaching community, it is essential to
support teachers through the entire ITS process: Design, Development,
Deployment, Reflection and Adaptation. Although research has been done on
supporting teachers through design to deployment of ITSs, there is surprisingly
little discussion about support for teachers’ Reflection - the ability to draw
conclusions from ITS usage, and Adaptation - adapting the content to better
meet the needs of students. We describe our work on developing analysis tools
and methodologies that support reflection and adaptation by teachers. The work
was done in the context of helping teachers understand student’s behavior in
Adaptive Tutorials by post-analysis of the system’s data-logs. We used a hybrid
solution — part of the data-mining effort is teacher driven and part is automated.
We tested our approach by comparing the results of expert analysis of two
Adaptive Tutorials with and without an automated Refinement Suggestion Tool,
and found it to be a useful teacher’s aid. By using this tool, teachers act as
‘action researchers’, confirming or disproving their hypotheses about the best
way to use ITS technology.

1 Introduction

Intelligent Tutoring Systems (ITSs) can dramatically increase learners’ comprehension
by adapting the learning activity to the learners’ needs, based on an intelligent assessment
of their level of knowledge. This is the “Dream of ITS” (cf. “The Dream of AI”) — that
one day a system will be “smart” enough to teach better than human teachers. Whether
this dream is to become a reality is arguable, even as ITS technologies are being
intensively researched by the scientific community. In recent years, it has been
recognized that whether or not the dream is realized, we must make ITSs as widely
available as traditional web based educational systems. However, this is not a
straightforward task, partially due to the sheer amount of content existing in traditional
web based systems, compared with the relatively small amount of specialized content
existing in ITSs[4], and also due to the complex nature of ITS’s and their relative
inaccessibility to teachers. In order to address this issue, teachers require better support
through the entire ITS process: Design, Development, Deployment, Reflection and
Adaptation.

To-date, research on supporting teachers in the ITS process has been focused on aiding
teachers to author intelligent content, mainly through the advent of ITS authoring
tools[10], but it is now clear that the ITS design paradigm needs to be updated. A new
design paradigm offers teachers a different place in the ITS process; while the core
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authoring is in the hands of well-prepared design teams, teachers can extend the system
and fine tune it to meet their specific needs[4].

This shift in the teacher’s role is also acknowledged in the work of Diana Laurillard who
proposed the Conversational Framework for the effective use of educational
technology[6]. The Conversational Framework (CF) can be considered both a learning
theory and a practical framework for designing educational environments. It models the
interaction between teachers and learners as a stepwise “conversation” across four
dimensions: discussion, adaptation, interaction and reflection. In [7], Laurillard describes
the role of the teacher as an “action researcher”, “collaborating to produce their own
development of knowledge about teaching with technology”. However, she also argues
that support for reflection and adaptation is severely lacking with regards to eLearning
content. This is because teachers rarely have the ability to reflect on (analyze and
conclude) and adapt (change or edit) software based instructional material. The argument
is even stronger for intelligent content offered by specialized systems such as ITSs.

This paper presents work that aims to support teachers through the process of the
reflection and adaptation of Adaptive Tutorials (AT’s) running on the Adaptive
eLearning Platform (AeLP)[2]. An important challenge we faced in analyzing the
Adaptive Tutorials in the AeLP was how to develop data-mining tools for the purpose of
aiding teachers, without becoming too domain-specific or overwhelming them with a
large number of association rules or classifiers which are difficult to understand. In
particular, we aim to ensure the tool is easy to use and do not want to cognitively
overload the teachers[14]. Moreover, students’ interaction in the AeLP can vary
dramatically between different AT’s. Our contribution is through developing a
refinement and adaptation strategy that can scale across different domains. We achieve
this though a hybrid approach — user-driven and data-driven. The user-driven approach
manifests itself in the development of an interactive analysis and discovery tool called the
Adaptive Tutorial Analyzer (ATA). Teachers use the ATA for the purpose of analyzing
students’ performance in Adaptive Tutorials. The data-driven approach manifests itself in
the development of a Refinement Suggestion Panel that draws teachers’ attentions to
patterns in the data that requires their attention. In this paper we show how both of these
strategies complement each other.

2 Related work

Analyzing student behavior in an ITS is a complex problem, and the task of making sense
of the data in ITS’s logs is within the domain of educational data-mining[13]. Generally
speaking, educational data mining is a data-driven field motivated to augment human-
programmed knowledge, e.g. to ease the modeling of the correct way a problem should
be solved ([8]), or to accurately predict a student’s performance based on analysis of
previous years’ logs ([9]). However, some researchers previously highlighted the fact that
patterns found in educational systems’ data-sets are only useful if interpreted in the
pedagogical context of the educational activity. In the work of [5] the researchers used an
iterative process of discovery and interpretation with the goal of making sense of patterns
discovered by data-mining algorithms they used.
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We followed similar reasoning: patterns in the data-logs of Adaptive Tutorials are
senseless without a teacher’s pedagogical and domain specific insights. However, unlike
[5] who rely solemnly on analysis of click-streams, the AeLLP logs the entire system’s
internal state per each student’s ‘check’ event (student pressing the ‘check’ button). As
such, the data-logs are extremely multidimensional, up-to hundreds of attribute-values
per student action. Furthermore, the system’s snapshot depends on the specifics of the
Virtual Apparatus (VA) that was used for the Adaptive Tutorial (see [2] for a description
of how Adaptive Tutorials are constructed from Virtual Apparatuses), and as such we
need tools that are domain independent but that can be utilized for the purpose of domain
specific inquiry.

Another comprehensive study on analyzing ITS’s data-logs was carried by [11] where
data-mining algorithms were used in order to analyze the logs of a Constraint-Based ITS
called SQL-Tutor. The researchers used a variety of tools such as WEKA and SQL in
order to carry out multiple analysis tasks that resulted in some refinement suggestion to
their system. One difference in our work is that the AeLP is a platform on which 10
different adaptive tutorials, each equivalent to SQL-Tutor in its scope and depth, are
currently running. Our approach is thus to enable teachers to conduct analysis tasks,
rather than specialist data-mining researchers. Furthermore, while the AeLLP does use
constructs analogues to Constraints (called trap-states), for the authoring of adaptive
activities, it also uses solution traces, that are closer to Model Tracing based ITS’s. This
suggests that a richer knowledge representation is required for automated analysis.

Work on employing mining and visualization in order to analyze students’ trails in a web-
based educational system is also discussed in [12]. The data-set is again a navigation
pattern or a “click-stream” and the researchers’ approach was to interpret the student’s
navigation as a graph — considering each hypertext page as a node and transition between
pages as edges. The tool is meant to be used as an aid for teachers to better understand
student navigation. While similar to our concept to the AT-Analyzer, our efforts differ
again in that the trails, or traces we are concerned with are not simply HTML pages
requested, but traces through an entire solution state-space within an Adaptive Tutorial
(see [3] for detailed explanation).

3 The Adaptive eLearning Platform

The Adaptive elLearning Platform (AeLP) is a web-based implementation of Virtual
Apparatus Framework for eLearning content development[2]. The AeLP is used for
authoring Adaptive Tutorials, deploying them to students or into LMSs, monitoring
student progress and analyzing student behavior. The AeLP has been fielded since 2006
at the University of New South Wales, where Adaptive Tutorials developed using the
AeLP have been incorporated into the syllabi of 10 major courses (ranging between 50 to
600 students per semester), and are accessed by over 2000 students per semester.

From a pedagogical point of view, AT’s are similar in nature to teaching laboratory
activities and are analogous to the concept of Tutorial Simulations as described in [6].
AT’s exhibit three levels of adaptivity: students experience adaptive feedback with
remediation targeted to their intrinsic misconceptions, while their activities are also
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sequenced adaptively based on performance. The third level of adaptivity is content
adaptation through analysis and reflection. Teachers are provided with analysis tools that
enable reflection and adaptation of their content. By analyzing students’ behavior,
teachers can refine and adapt their content, to better meet the needs of their students, e.g.:
changing questions, adding new adaptive feedback or changing the sequence of activities.
The work described in this paper concerns development of tools and processes to better
facilitate this level of adaptation.

4 User-Driven and Data-Driven Analysis Strategy

We presented our work on the AT-Analyzer in [3]. The analysis of adaptive tutorials is
always performed with the purpose of refining and improving them for the next time they
run. Teachers perform analysis on past AT-Sessions (instances of running an AT on a
group of students), while the changes are saved to the next AT session. In that sense we
support the Conversational Framework notion of teachers acting as “action researchers”,
interested in affirming or disproving their hypotheses regarding their content and its
effect on learners[7]. Based on their analysis, teachers then need to be able to revise and
change - to adapt - their content.

4.1 The Interaction-Snapshot Data Log

For each student interaction event, the AeLLP stores a student-identifiable, time-stamped
snapshot of the entire system’s inspectable state-space. This state-space contains generic
AeLP properties (e.g. session.attemptNumber, or inputPanel.selectedChoice) and the
entire internal state the VA is in (e.g. VA.propertyA and VA.propertyB). The combined set
of attribute-values is the student’s Interaction-Snapshot-Vector. In addition to the
interaction snapshot, the data also contains a trap-state ID. This ID is a unique identifier
of the trap-state that was fired when processing the student’s interaction. This trap-state
can either be “correct” thus allowing the student to progress in their activity, or it could
be an error-state, which contains some feedback to be shown to the student. In this way,
the log database contains not only what the students were doing, but also the system’s
decision over their interactions.

4.2 An Example Adaptive Tutorial

As an example, consider an Adaptive Tutorial that was developed for a 1st year course in
Solid Mechanics: the Bridge Inspection Simulator [Figure 1]. This AT features a bridge
simulation, in which students can ‘“drive” a car on a 3 section bridge. Students can
position the car in different locations on the bridge sections, and take load and shear
stress measurements on the bridge’s poles and cables using virtual sensors. Here is an
illustrative example question in this Adaptive Tutorial: “A second car C2 of mass m2 is
positioned on section C (right hand side cantilever) of the bridge at x=250m. Position
your car C1 of mass ml on section A (left hand side cantilever) such that the tension on
both sections’ cables is the same. Enter the tension in Newtons in the input panel.” The
correct trap-state is defined as: carl.x = 60 AND userlnput = 60. The teacher then
defines an error trap-state that targets a familiar misconception. For example if a student
positions the car at carl.x = 50, the teacher knows that they answered under the false
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