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ABSTRACT
Adapting to learner characteristics is essential when selecting ex-
ercises for learners. �is paper investigates how humans adapt
next exercise selection to learner personality and invested mental
e�ort to enable a future Intelligent Tutoring System to use these
adaptations. Participants were presented with validated stories of
a learner‘s personality at polarised levels, a validated story con-
veying the mental e�ort invested in carrying out a given task and
an indication of a previous performance (just passing) at a simple
arithmetic exercise. Participants were also shown a selection of
validated exercises of varying di�culty levels and asked to select
the exercise which they thought the learner should do next. We
found that overall more di�cult exercises were selected for learners
who used li�le e�ort than for learners who used more e�ort. We
found that although an exercise of slightly harder di�culty remains
the most popular choice in the high and low self-esteem conditions,
for low self-esteem, participants picked an exercise of lower or the
same di�culty more o�en than in the high condition.

CCS CONCEPTS
•Human-centered computing→Usermodels; •Applied com-
puting→ Computer-assisted instruction;

KEYWORDS
Exercise Selection, Adaptation, Personality, Mental e�ort, Perfor-
mance, Cognitive E�ciency

1 INTRODUCTION
Capturing the e�ective behaviours of human tutors to create opti-
mal learning tools has been a major motivation for work in Intelli-
gent Tutoring Systems. Human tutors can e�ectively sense when a
learner is challenged and provide individualized tutoring through
careful considerations of the factors that a�ect the learning process
of the learner. Tutoring is tailored to individual characteristics of
the learner in order to improve learner performance. It is believed
that an intelligent tutoring system can combine speci�c character-
istics of a learner just like a human tutor and adapt teaching and
learning to these characteristics for be�er learning outcomes. One
major learner characteristic which is closely related to a learner is

the learner‘s personality which is o�en overlooked in intelligent
tutoring. Research in adaptive learning has considered aspects of
the learners such as learner performance, learner mental e�ort,
learning support and several other learner characteristics [10, 24].
In order for an Intelligent Tutoring System (ITS) to select the next
exercise for learners, the selection process should be e�ective such
that the relevant characteristics of the learner should be taken into
consideration [2, 9, 10]. Very few works have used personality as a
learner characteristic for adaptive task selection.

We believe that learner personality is worthy of investigation
for adaptive exercise selection, as previous research has shown
it to be important [7] in other areas of learning. In addition we
will investigate cognitive e�ciency (which is a balance between
learner e�ort and performance, see below). In this paper, we will
use a particular level of learner performance (just passing) and vary
learner e�ort.

In this paper, we describe the construction and validation of a set
of exercises with varying di�culties (Section 3), the validation of
stories that express a learner‘s self-esteem (Section 4) and the con-
struction of statements which describe the mental e�ort invested
by learners (Section 5). We then use these in a user-as-wizard study
which investigates the e�ect of learner personality and mental ef-
fort on task selection by participants playing the role of a teacher.
�e results will be used to inform the creation of an algorithm
to allow a future intelligent tutoring system to consider learner
personality and cognitive e�ciency when selecting exercises for
learners to complete.

2 RELATEDWORK
�ere is considerable research on adapting learning content to
di�erent learner characteristics [9, 33]. In the area of task selec-
tion, the focus has been on the design of intelligent tutors that
select learning tasks for the learner based on the learner’s past
performance, available learning support and recently, cognitive
load (e.g. [1, 3, 4, 18, 30, 31]). [32] explores how the activities and
principles in expert performance research can be used to design
instructional formats based on cognitive load theory for skills mas-
tery. In this work, they showed that learning tasks can be selected
on the basis of an assessment of a learner’s level of expertise.
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Table 1: Exercises Table. All exercises used 2 baskets.Six exercises were used of each type.

Type No. of Balls Ball Distribution Basket total Example exercise Validated Di�culty

1 3 1 – 2 <10 4 9 5 1

2 4 1 – 3 <10 3 1 5 9 2
3 4 2 – 2 <10 6 5 3 4 2

4 4 2 – 2 ≥10 7 5 4 6 3
5 5 1 – 4 <10 1 1 9 2 5 3

6 5 2 – 3 <10 6 2 3 4 3 4

7 5 2 – 3 ≥10 2 8 6 9 3 5

Personality refers to an individual’s whole psychological struc-
ture and this includes his or her temperament, character, intelli-
gence, sentiments, a�itudes, interests, beliefs, ambitions and ideals.
A person’s personality is shown by his/her disposition [16]. �ere
have been several studies on adaptation to personality [7]. Self-
esteem is de�ned as how favourably a person regards oneself [27].
For a learner to achieve be�er learning outcomes in a speci�c do-
main, they must believe in their abilities and this belief in the fact
that they can produce a favourable outcome will in turn serve as
motivation to learn. Self-esteem is seen as an important component
of personality [20]. Self-esteem is one of the most widely studied
personality concepts in psychology such that in 2001, 20,203 articles
had self-esteem as a keyword which made self-esteem the most
researched personality concept in comparison with concepts like
neuroticism with 20,026 articles and locus of control with 13,428 arti-
cles [17]. Signi�cant associations can be found between self-esteem
and all personality traits such as openness, conscientiousness, ex-
traversion, agreeableness and neuroticism [12]. For our study, it
was decided that self-esteem was a good personality characteristic
to investigate �rst.

Cognitive e�ciency, the combination of invested mental e�ort
and performance [5, 26], is also an important aspect of a learner’s
learning and learning outcomes in the context of assessment, so may
need to be taken into account for exercise selection. Additionally,
e�ective exercise selection may need to take learners’ mental well-
being into account, to keep them motivated. As research has shown
that personality can predict and justify 32 to 56 percentages scores’
variant of mental well-being [29, 34], this may provide another
reason for taking personality into account.

Good estimation of di�culty level of exercises will allow good
exercise sequencing [23] as well as be�er adaptation to the cogni-
tive level of the learners. Previous research has investigated the
estimation of di�culty level of exercises using di�erent approaches.
�iz di�culty levels have been evaluated by [19] using similarity
measures. While the study investigates the estimation of di�culty
of exercises in the learning domain, several other works on the
estimation of the di�culty of exercises have been done in various
domains using di�erent estimation methods. A graph based strat-
egy for di�culty level estimation for chemistry was used by [35].
Foteini et al presented a neuro-fuzzy approach for the estimation
of exercises on search algorithms [13, 14]. In this method, speci�c

characteristics of the exercises are taken as inputs to provide the
di�culty of the exercises as output. Also in a report, the level of
the di�culty of the exam was based on the item analysis approach
where the di�culty of an item was understood as the proportion of
persons who correctly answered a test item. �is has to do with an
inverse relationship such that the higher the proportion of those
that answered the test item correctly, the lower the di�culty of
the test item [11]. In this paper, we will not investigate how to
automatically detect exercise di�culty, but validate exercise dif-
�culty through human studies to allow us to use these validated
di�culties in our main study.

3 EXERCISE DIFFICULTY VALIDATION
To investigate the e�ect of mental e�ort and personality on the dif-
�culty of exercises, we �rst needed a set of exercises with validated
di�culty levels for participants to select from. In this paper, we
have used a simple addition exercise which asks learners to place
di�erently weighted balls into a set number of baskets so that they
weighed the same. For example, a learner might be given three
balls: 2 , 3 and 5 and asked to place them into two baskets.
�is is a very easy exercise as the heaviest ball is also the sum of
the remaining two. Exercises can be made more challenging in
many ways. For example, requiring more than one ball in both
baskets: 2 3 in one basket and 4 1 in the other; increasing
the basket total so that more balls are needed: 5 4 7 9
in one and 3 8 2 4 6 in the other; and by increasing
the number of baskets. With this in mind, we wanted to create a
systematic way of increasing di�culty using these methods. To
achieve this, we designed a validation study described in the next
section.

3.1 Study Design
Participants were recruited via Amazon’s Mechanical Turk [22],
a crowdsourcing tool. Participants required an acceptance rate of
90% to ensure good quality of responses and had to pass a Cloze
test for English �uency to ensure they had enough literacy skills to
understand the language used for the study. 155 participants took
part in the study (74 females and 81 males).

Six pairs of two exercises with di�erent estimated di�culty levels
were shown to the participants. �ese exercises were generated
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Exercise A

Basket 1 Balls Basket 2
(empty)

< add

remove >

3
3
4
3
1

add >

< remove

(empty)

Exercise B

Basket 1 Balls Basket 2
(empty)

< add

remove >

8
8
4
1
3

add >

< remove

(empty)

Set 1 of 6

These excercises are designed for children at an early stage of their education.

Using the scale below, please indicate the difference in difficulty (for a child) between exercises A and B.

A is much harder
than B

A is harder
than B

A is slightly harder
than B

A & B are the 
same difficulty

B is slightly harder
than A

B is harder
than A

B is much harder
than A

Figure 1: Interface for Di�culty Validation Study

Table 2: Results of Di�culty Validation

Study Exercise Types Num. Participants Mean Std. Dev ztest
1 1 & 2 25 0.74 0.944 0.000
2 2 & 3 25 -0.13 0.808 0.978
3 3 & 4 25 0.20 0.993 0.006
4 4 & 5 25 -0.29 1.006 0.999
5 4 & 6 25 0.43 1.226 0.000
6 6 & 7 25 0.50 1.184 0.000

using the rules described in Table 1. As previously discussed, we
varied the complexity of the exercises by adjusting the number of
balls required to be placed in each basket to solve the exercise, and
by increasing the basket total.

We had six variants of the study in a between-subjects design,
each investigating the di�erence in di�culty between two types
of exercises. Each variant had twelve exercises (six of each type)
for participants to solve, shown in pairs (one exercise of each type),
where one exercise was expected to be easier than the other. Partic-
ipants then rated which exercise they thought was easier on a scale
as shown in Figure 1. Within each pair, the order was randomized
so that the exercise we expected to be easier could appear on the
le� or right.

3.2 Results
To calculate a relative di�culty score between two exercises of
di�erent types, we transformed the scale shown in Figure 1 into
numbers. If the exercise with the harder expected di�culty was
deemed slightly harder this was scored as 1, harder as 2 and much
harder as 3 (and corresponding negative scores for the reverse). If
the exercises were deemed of the same di�culty a score of 0 was
used. �e score was averaged over the six comparisons of the two
exercise types each participant did.

From our results in Table 2, the Z-test of the grand mean scores
compared to 0 shows that exercise types 1 and 2 had a signi�cant
di�erence and therefore type 2 is more di�cult than type 1. Exercise
types 2 and 3 showed no signi�cant di�erence. Exercise type 3 was
then tested with exercise type 4 which gave a signi�cant result
showing that type 4 was more di�cult than type 3 (or 2). Testing
exercise type 4 against type 5 yielded no signi�cant di�erence
indicating that types 4 and 5 were of the same di�culty. We then
tested exercise type 4 with type 6 and this returned a signi�cant
di�erence in di�culty with type 6 being more di�cult than type 4
(or 5). Finally, exercise type 6 was tested with type 7 and the result
showed a high signi�cant di�erence proving that type 7 was more
di�cult than type 6. Consequently, we have been able to derive 5
levels of di�culty of exercises (see Table 2).

4 SELF-ESTEEM STORY VALIDATION
�is section describes the creation and validation of stories which
express learner self-esteem at polarized levels (high and low), fol-
lowing a similar approach to [6]

4.1 Story Development
To construct the stories, we used the well-established State Self-
Esteem scale [15]. �e SSES consists of 20 items that measure
momentary �uctuations in self-esteem. For each story, we changed
a selection of the questionnaire items into third person, inverting
them where necessary. In trying to make the story real, we linked
it with a character, a student called Nancy. �e resulting stories are
shown in Table 4.

4.2 Story Validation
40 participants saw one of the two stories in a between-subjects
design (following a similar approach to [6]). Participants were
crowd-sourced on Amazon’s Mechanical Turk [22]. �ey were
adults based in the US, had to pass an English �uency test and have
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Table 3: Mental E�ort Statements Mapped to E�ort Rating

E�ort rating by participants (%)
Description 1 (none) 2 3 4 5 6 7 8 9 10 (max) Average Rating
no e�ort 95% 5% 1.10
minimal e�ort 24% 52% 14% 10% 2.10
little e�ort 24% 71% 5% 2.95
token e�ort 35% 10% 10% 15% 20% 5% 5% 4.25
some e�ort 5% 14% 52% 24% 5% 4.38
average e�ort 10% 71% 10% 10% 5.19
moderate e�ort 14% 48% 24% 10% 5% 5.52
quite a lot of e�ort 5% 10% 14% 33% 33% 5% 6.90
considerable e�ort 10% 24% 38% 14% 14% 7.00
substantial e�ort 10% 25% 30% 25% 10% 7.00
much e�ort 5% 14% 52% 24% 5% 0% 7.00
very much e�ort 10% 10% 48% 29% 5% 8.10
ultimate e�ort 10% 5% 0% 10% 76% 9.38
maximum e�ort 5% 5% 10% 81% 9.57
all possible e�ort 5% 5% 10% 80% 9.65

an approval rating of 90%. To validate that the stories conveyed
self-esteem at the desired level, participants were asked to rate the
self-esteem of Nancy using the Rosenberg self-esteem questionnaire
[28], which uses di�erent terms to measure the same concept.

A between subjects T-test was performed on the self-esteem
score between the high and low self-esteem stories, which was
signi�cant at T (38) = 13.93, p < 0.001. �e mean self-esteem score
for high was 24.6 ± 3.68 SD and the mean for low was 8.0 ± 3.87
SD. �e Rosenberg scale ranges from 0-30. Scores between 15 and
25 are within the normal range, while scores below 15 suggests low
self-esteem [28]. �e level of self-esteem for the low story is lower
than the normal range. �e level of self-esteem for the high story
is at the top end of the normal range.

Given the large di�erence in the self-esteem levels between the
two stories, we believe the stories are suitable for future studies to
express high and low learner self-esteem.

Table 4: Stories depicting High and Low Self Esteem

SE Level Story

High Nancy is a learner who is con�dent about her abil-
ities. She is satis�ed about the way she looks and
feels good about herself. She thinks she is as smart
as others and believes that others admire and re-
spect her. She feels that she has a good understand-
ing of things.

Low Nancy is a learner who worries about the impres-
sion she makes and whether she is regarded as a
success or a failure. She feels like she is not doing
well and she believes she cannot understand the
things she reads. Nancy thinks she is una�ractive
and is displeased with herself. She feels inferior to
others.

5 MENTAL EFFORT STATEMENT
VALIDATION

5.1 Statement Generation
Many statements can be used to describe the amount of mental
e�ort that has been invested by a learner in carrying out a task.
Unfortunately, we have not found a list that clearly de�nes varying
levels of mental e�ort. To have a clear de�nition of invested mental
e�ort, we wanted to map mental e�ort statements to numbers indi-
cating the e�ort used, so that we could use a selection of statements
in our studies. In a brain-storming session, three lecturers and a
research student came up with 15 invested mental e�ort statements
(see statements in Table 3).

5.2 Statement Validation
26 participants (sta� and students of the University) completed
the survey using an on-line survey tool (Survey Monkey) in about
5 minutes. �e data from 21 participants were used (16 males, 4
females, 1 undisclosed). �e other 5 participants were excluded due
to the low quality of their responses (providing the same response
for almost all statements, or not mapping ‘no e�ort’ to 1 as was
indicated on the scale).

Participants read the mental e�ort statements and mapped them
to numbers from 1 to 10 with 1 representing no e�ort and 10 repre-
senting maximum e�ort. �e order of the mental e�ort statements
was randomized for each participant.

Table 3 shows the percentage of participants who mapped a
statement to a particular number. Some statements (e.g. ‘token
e�ort’) showed li�le agreement between participants, whilst others
showed be�er agreement. We decided to use �ve statements (shown
in bold) for the main study.
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Voluntary Study

Section 3 of 3

Now that you have completed some exercises, read the story about Nancy below and recommend an exercise for her to do next. 

Meet Nancy

Nancy is a learner who worries about the impression she makes and whether she is regarded as a success or a failure. She feels like she is not doing well and 
believes she cannot understand the things she reads. Nancy thinks she is unattractive and is displeased with herself. She feels inferior to others.

Nancy completed a set of mathematics exercises of difficulty level 2. Each exercise required the addition of 4 balls representing 1 digit numbers. The totals in the 
baskets are 1 digit numbers.(For example: ④, ①, ②, and ⑦).

Ten exercises were given to Nancy and she just passed. Nancy put all possible effort into solving the exercises.

Assuming you were Nancy’s Mathematics teacher, which next exercise would you give to Nancy from the list of exercises below?

Select the exercise that you would give to Nancy by clicking on the button on the right of your chosen exercise.

Exercise Example Difficulty Select

Addition of 3 balls representing 1 digit numbers. The totals in the baskets are 1 digit
numbers. 
For example: 9, 2 and 7.  
These are an easier type of exercise than the ones she did before.

Difficulty Level 1

Addition of 4 balls representing 1 digit numbers. The totals in the baskets are 1 digit
numbers. 
For example: 3, 1, 5 and 9 
These are the same type of exercise that she did before.

Difficulty Level 2

Addition of 4 balls representing 1 digit numbers. The totals in the baskets are 2 digit
numbers. 
For example: 7, 5, 4 and 6 
These exercises are more difficult than those she did before.

Difficulty Level 3

Addition of 5 balls representing 1 digit numbers. The totals in the baskets are 1 digit
numbers. 
For example: 6, 2, 3, 4 and 3 
These exercises are considerably more difficult than those she did before.

Difficulty Level 4

Addition of 5 balls representing 1 digit numbers. The totals in the baskets are 2 digit
numbers. 
For example: 2, 8, 6, 9 and 3 
These exercises are the most difficult of all exercises.

Difficulty Level 5

Figure 2: Screenshot of the exercise selection stage of the study
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6 IMPACT OF PERSONALITY AND MENTAL
EFFORT ON EXERCISE SELECTION

Using the set of exercises of validated di�culty levels and validated
mental e�ort statements, we investigate what impact personality
and mental e�ort have in selecting the next exercise for learners.
In this study, we focus on learners who have ‘just passed’ as per-
formance.

6.1 Methodology
We used the User-as-Wizard [21] methodology for our study where
the role of the system is played by participants in selecting exercises
for a learner to do next. �is study builds on previous research
investigating the impact of personality and performance in selecting
the next exercise for learners [25] by including invested mental
e�ort and using validated di�culty levels of exercises. Following
the methodology used by [8], we use crowd-sourcing �rst to inspire
the algorithm, and will validate results with teachers later, followed
by investigating the actual impact on learners.

6.2 Participants
201 participants successfully completed the study (107 males, 94
females, 0 undisclosed; 26 aged 18 - 25, 114 aged 26 - 40, 59 aged
41 - 65, 1 aged 65 and 1 undisclosed; 27 were students, 9 were
teachers and 165 other). �e study was administered through crowd-
sourcing on Amazon‘s Mechanical Turk (MTurk) [22]. To be eligible
to be part of the study, participants had to pass an English Cloze test.
Participants were also required to successfully complete 5 short
exercises (of di�culty levels 1 to 5) similar to the ones that they
could select for the learners to do next. In addition, participants
had to have a 90% acceptance rate meaning that 90% of the work
they do on MTurk is accepted by other requesters as being of good
quality.

6.3 Materials
Validated stories conveyed the self-esteem of a �ctional learner
‘Nancy’ (see Table 4). A sentence was added to indicate her past
performance, and one of the validated mental e�ort statements
was shown from the bold items in Table 3. �e statements were
selected to ensure a good spread of di�culties, and had good inter-
rater agreement. However, we decided to exclude “no e�ort” and
“maximum e�ort” as they were used in the explanation of the scale
that participants saw in the validation experiment, and we excluded
“average e�ort” as this could be a�ected by the learning domain.
In addition, a set of exercises with validated di�culty levels (see
Table 1) were presented to participants to select the one Nancy
should do next.

6.4 Procedure
Participants began by completing �ve short exercises just like the
ones that the learners would do so they gained an understanding
of the di�erent di�culty levels. �e order of exercises presented
to participants was from easiest to most di�cult. In a between-
subjects design, participants were then asked to select the exercise
Nancy should do next given her self-esteem, past performance and
invested mental e�ort, as shown in Figure 2. Participants were

informed that it was their opinion that counted and as such there
were no right or wrong answers.

6.5 Variables
�e dependent variable for this study is the di�culty level of the
exercise selected for Nancy to do next. Participants could choose
between 5 di�culty levels (level 1 to 5). �ey were told that Nancy
had done 10 exercises of di�culty level 2 before, and that she just
passed. So, participants could select exercises of the same di�culty
(level 2), or an easier di�culty (level 1) or of varying degrees of
more di�culty (levels 3-5).

�e independent variables used for this study are: learner self-
esteem, high and low and their invested mental e�ort in solving
the exercises (minimal e�ort, li�le e�ort, moderate e�ort, much e�ort
and all possible e�ort).

6.6 Hypotheses
• H1: Overall, participants will select a more challenging

exercise for High SE learners than for Low SE learners.
• H2: Overall, participants will select a more challenging

exercise for learners with a lower mental e�ort than high
mental e�ort

• H3: Participants will select a di�erent di�culty level for
the exercise depending on the combination of SE level and
mental e�ort.

6.7 Results
Table 5 shows the results for each condition. We ran a 2-way
ANOVA of the independent variables self-esteem × e�ort for dif-
�culty. �is was signi�cant for both e�ort (F (4, 200) = 4.12, p <
0.004) and self-esteem (F (1, 200) = 14.04, p < 0.001), however, the
interaction of e�ort × self-esteem was not signi�cant.

Figure 3 shows the results overall for e�ort and self esteem.
Looking at e�ort alone, it can be seen that a di�culty of 3 (slightly
harder than before) is the most popular choice for all levels of e�ort.
However, when e�ort is minimal or li�le, a higher percentage
of participants recommend a higher level of di�culty than this
(the majority choose a di�culty of 4 or 5). H2 is thus con�rmed,
participants did choose an exercise of higher di�culty for learners
who required li�le e�ort to complete the exercise.

For self-esteem, Figure 3 shows that although an exercise of
slightly harder di�culty (level 3) remains the most popular choice
in both conditions, for low self-esteem, participants pick an exercise
of lower or the same di�culty more o�en than in the high condition.
�us there is support for hypothesis H1.

With respect to hypothesis H3, we have evidence that both Self-
Esteem and mental e�ort ma�ered to participants when selecting
exercises overall, but as there is no interaction e�ect, we do not
have strong enough evidence to factor in both mental e�ort and
self-esteem at the same time, meaning this is not well supported.

7 CONCLUSION AND FUTUREWORK
From this study we conclude that learner personality and mental
e�ort are important considerations for exercise selection. We now
have a set of exercises with validated di�culty levels, validated
mental e�ort levels and validated personality trait stories. From
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Table 5: Exercise Selection Study Results

Selected di�culty level (% of participants)
1 2 3 4 5

E�ort High SE Low SE High SE Low SE High SE Low SE High SE Low SE High SE Low SE
minimal e�ort 0 5 0 25 40 35 25 25 35 10
li�le e�ort 5 10 5 25 43 30 29 15 19 20
moderate e�ort 5 10 10 30 60 50 20 10 5 0
much e�ort 0 20 10 15 80 40 10 15 0 10
all possible e�ort 0 20 15 20 60 50 20 5 5 5
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Effort

Difficulty of selected exercise for effort

1 2 3 4 5
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%
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Self Esteem Level

Difficulty of selected exercise for self-esteem

1 2 3 4 5
selected exercise difficulty selected exercise difficulty

Figure 3: Chosen exercise di�culty for e�ort (le�) and self-esteem (right).

our current �ndings, we now have an indication of how exercises
can be selected to achieve be�er learning outcomes. We know that
overall, according to our participants, more challenging exercises
should be selected for those learners who completed the task with
less e�ort. A further study is needed to investigate the actual e�ect
on learners of doing so.

We also know that if learner self-esteem is low, participants
selected an exercise of the same or easier di�culty more o�en.
However, as there was no clear interaction e�ects discovered, fur-
ther investigations are required to determine how best to proceed
with a strategy for adaptation to both characteristics at the same
time. A future study could investigate whether learners with low
self-esteem who have ‘just passed’ really would prefer easier exer-
cises than those with high self-esteem in a controlled se�ing.

In this paper, we only considered one learner performance (just
passed). Obviously, learner performance will a�ect the di�culty
of subsequent exercise selection, however it may be that mental
e�ort and personality will trigger di�erent adaptation strategies
for exercise selection at these performance levels. Future studies
based on the methodology outlined in this paper will investigate
this. Furthermore, we can investigate the e�ect of other personality
traits using existing Personality trait stories to allow an ITS to adapt
to other facets of learner personality. Based on previous research [7],
we expect learner conscientiousness and neuroticism from the �ve-
factor model to be relevant traits.

Due to the need for large amounts of data, this paper utilized
crowd-sourcing to recruit participants. Any resulting adaptations
require the input of experts in the learning domain for further re-
�nement and to verify that the adaptations are appropriate. We can
then incorporate these �ndings into an algorithm for an intelligent
tutoring system to make use of these adaptations.
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