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Abstract

This work attempts to have the Zone of Proximal Development and Empirical Success (ZPDES)
algorithm receive information for grouping students by estimating students’ learning speed and
proposing the model with approximately optimal parameters for students of that competence level.
This was attempted by several different means including performing a diagnostic test before applying
the algorithm itself, estimating the learning speed during the execution of activities and utilizing
the optimal parameters for the most similar student profile. The obtained results show that this
methodology allows for a better balance between the amount of skills learned and the number of time
steps required to learn them than using the average parameters for every student, although the created
model would need several adaptations in order to be used with real students.
Keywords: Student; Tutoring; Learning; Intelligent tutoring systems

1. Introduction

Intelligent Tutoring Systems (ITS) are tutoring sys-
tems based on Artificial Intelligence programming
techniques, providing some degree of individualized
instruction [2]. Student model learning has been
a popular area within ITS, its main goal is to ac-
curately predict how the student will answer to a
series of questions. Being able to achieve that goal
would greatly increase the progress toward making
ITS a powerful tool for teaching in general, allowing
for more effective teaching systems to exist in sev-
eral different mediums, from school education to ad-
vanced training in highly specialized environments.

Several ITS-based systems already exist and are
used for different types of learning experiences in
grade school environments [7] and otherwise, such
as the SHERLOCK system [8], used to train Air
Force technicians in diagnosing electrical systems is-
sues on F-15 jets, providing different levels of assis-
tance depending on the performance of each trainee.

1.1. Problem

All algorithms currently used in ITS either assume
that all students are the same or that all students
are different, the difference being that algorithms
that treat students equally do not model individual
student parameter, while algorithms that treat stu-
dents differently attempt to explicitly model them,
usually via estimation based on their performance
during an exercise, or by giving these parameters
to the students prior to solving exercises. While it
is clear that all students are not equal, the systems

that treat them differently do not take advantage of
the degree of similarity between students. It would
be interesting to analyze the results of a system
which is able to take advantage of the similarity
between students by estimating the attribute val-
ues of certain key characteristics and proposing an
algorithm with optimal or approximately optimal
parameters for students of that competence level.

1.2. Hypothesis
The hypothesis being attempted will be the possi-
bility of grouping students together based on certain
criteria in such a way that the students are able to
use models with optimized parameters for similarly
competent students to their advantage. Whenever a
new student uses the system, his or her performance
in certain exercises will allow the system to decide
what group of students is estimated to have the
most similar students in terms of learning capabili-
ties. Challenges of this approach include accurately
placing students on their correct group and making
sure that the model parameters for each group of
students are optimal.

1.3. Objectives/Expected contributions
The following are the expected contributions and
objectives of this work:

• To implement a version of the ZPDES algo-
rithm supported by parameter estimation al-
gorithms which allow the discovery of group-
ing criteria based on parameters of both the
algorithms and the students. This new al-
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gorithm is called the Group-Optimal Zone of
Proximal Development and Empirical Success
(GOZPDES) algorithm

• To make the above system capable of grouping
students based on their similarities under cer-
tain criteria, optimizing the learning sequence
for each group

• To test the new implementation with the vir-
tual students via simulation, and perform sta-
tistical analysis of the obtained results

2. Background
2.1. Hidden Markov Model (HMM)
A HMM is a type of Markov model in which the sys-
tem respects the Markov property and the states are
not directly observable. However, the output, which
is state-dependent and based on emission probabil-
ities, is observable [5]. A HMM is able to model
this situation in such a manner that it is possible
to make assumptions on what state the model is on
at any given time based on the output, allowing es-
timations on future output and states to be made
and consist of a tuple with the following parameters
(for a thorough explanation see [1]):

• A set of states S

• A set of actions A

• Transition probabilities Pa(s, s′) = P (st+1 =
s′|st = s, at = a), representing the probability
of transitioning from state s to s′ at time t+ 1
knowing that the action performed at time t
was a

• A reward indicator Ra(s, s′), which states what
is the reward for passing from state s to s′ by
performing action a

• A discount factor γ, which may be used to dis-
count the value of future rewards

2.2. Expectation Maximization (EM)
The EM algorithm attempts to iteratively calcu-
late the maximum likelihood of a set of parame-
ters. It is split into two steps: The E step, which
finds the distribution for the unobserved variables
which, in the ITS domain, often refers to the stu-
dent’s knowledge state of skills and, when applica-
ble, sub-skills. This distribution is found through
the current estimate of the parameters, as wells as
the values of the observed variables. The M step
consists on re-estimating the parameters to be those
with maximum likelihood, assuming that the dis-
tribution found in the E step is correct [10] [9].
There are several variants of this algorithm depend-
ing on the domain. When working with HMMs, the
Baum-Welch algorithm can be used to estimate the

model’s transition, emission and initial probabili-
ties [11]. This algorithm will be used to estimate
student parameters when required.

2.3. Bayesian Knowledge Tracing (BKT)
BKT [4] has been a popular approach to the prob-
lem presented by ITS in the student model. The
original work consists on having students trying to
learn a set of skills by asking them to solve exercises
which require the use of those skills in a practice
environment. The system also attempts to infer if
the student has learned any one skill by using a
HMM [12] with two states for each one: the learned
state, where the student knows the skill, and the
unlearned state, where he doesn’t. It is assumed
that once a student learns a certain skill it cannot
be forgotten.

The model possesses four parameters:

• P (L0) - the probability that the student pos-
sesses a particular skill prior to the first oppor-
tunity to apply it

• P (G) - the probability that the student will
answer correctly to the question if the skill is
in the unlearned state

• P (S) - the probability that the student will
answer incorrectly if the skill is in the learned
state

• P (T ) - the probability that the skill being
learned transitions from the unlearned to the
learned state after an opportunity to apply it.

Corbett and Anderson attempt to calculate how
likely it is that a student understands a particular
subject matter using the following formula:

P (Ln) = P (Ln−1|evd) + (1−P (Ln−1|evd))×P (T )
(1)

Where evd is the evidence, or the information
that can be derived from previous results.

2.4. ZPDES
The ZPDES algorithm [3] is a tutoring model al-
gorithm which requires little information from the
student and cognitive models by attempting to esti-
mate student competence online via a reward func-
tion. The subjects being taught are organized in
Knowledge Component (KC)s, and the objective of
this algorithm is to make sure that the students
learn every KC. The reward is computed using
Equation (2), calculating the difference in amount
of correct answers of the last d/2 samples and the
previous d/2 samples.

r =

t∑
k=t−d/2

Ck

d/2
−

t−d/2∑
k=t−d

Ck

d− d/2
(2)
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Since there are typically too many activities to be
explored it is expected to have a previously defined
Zone of Proximal Development (ZPD), which con-
nects different activities via dependence relation-
ships.

3. Algorithm
3.1. Clustering and Classification

Regarding the issues related to the grouping aspect,
a variant of the EM algorithm will be used to at-
tempt to extract features which may be used as cri-
teria for the system. Other techniques for criteria
selection will be manual and take into consideration
the exercises proposed. For example, if the system
is made to offer the same initial exercises for every
student, it is possible to use the value of r from the
ZPDES algorithm after a fixed amount of exercises
(Equation (2)).

The classification task in this work consists in
deciding what group each new student belongs to.
The learning speed is used as the criterion used to
distinguish among different student groups, mean-
ing that the most important part in this step is
to accurately estimate this value, which is pro-
grammed as an attribute of each student. The sys-
tem cannot directly obtain this attribute, as this
would be impossible to do when interacting with
real students, so the Baum-Welch algorithm will be
used instead.

3.2. Student comparison

One of the main challenges of this work is in un-
derstanding how the comparison of students can
be made. This is a difficult problem because when
working on a simulation the implementation of stu-
dents needs to have a learning component which
is similar to how real students learn, but at the
same time remain relatively simple, as a compli-
cated combination of variables would make the com-
parison process difficult. Simultaneously, the goal
of this work is to create a system that ensures that
students learn a set of skills. Therefore, comparison
methods which focus directly on student correctness
are not proper for this environment, as ideally all
students will finish the GOZPDES algorithm hav-
ing learned every skill.

Results obtained from performed tests focusing
on changing the difficulty of skills, as well as the
number of exercises and students show that student
comparison based on their rate of correct answers in
exercises is decreasingly accurate as the number of
students increases, meaning that directly compar-
ing the students to each other based on how they
answer certain exercises would come with several
issues. An alternative to this would be perform-
ing the comparison based on one or more student
attributes, but since it is not possible to directly
obtain such a value from real students directly then

whatever chosen attribute or attributes are chosen
need to be estimated and since the only difference
that can be seen between students with unknown in-
ternal variables is the correctness of their answers,
these must be used as information to perform the
estimations.

3.3. Profile students/Student profiles

The clustering problem of this work is resolved
through the use of profile students. A profile
student is no more than a student that has a
GOZPDES with optimal parameters associated to
it, meaning that the given GOZPDES is optimal for
all students with a similar baselearn value. As such,
the classification problem can be resolved by assign-
ing students to their most similar student profile in
terms of baselearn. This attribute is known by us
beforehand since profile students would not be re-
placed by real students for this system’s eventual
transition into a real learning environment. How-
ever, the same cannot be said about the other types
of students, as transitioning this system into the
real world would mean that the baselearn value of
these students cannot simply be obtained by calling
a method. This work operates under the philosophy
that it must be adaptable into a real world environ-
ment, meaning that in this case certain attributes
must be estimated instead of simply obtained.

4. Implementation
4.1. Architectural overview

The original Python program with the ZPDES and
algorithm is available on https://github.com/

flowersteam/kidlearn_lib [3], with the solution
of this work being developed in Java based on the
previously existing functionalities. The reasons for
changing the programming language used is to allow
a reconstruction of the code, both as a learning pro-
cess and as a way to modify the underlying struc-
ture of the classes in order to allow a new architec-
ture with simpler, easier to understand classes and
methods, as well as allowing the use of already ex-
isting Java libraries. In particular the Baum-Welch
algorithm - the used implementation of this algo-
rithm was obtained from the jahmm library [6].

4.2. Class rundown

Students of different capabilities are implemented
through two attributes called baselearn and
baseinit, with baselearn influencing the probability
that the student has of learning skills and baseinit
influencing the probability of the student already
knowing each skill before solving an exercise con-
taining said skill.

Students are modeled differently from the typical
BKT formula - there is a possible transition from
not knowing to knowing the skill, but it is not made
in the same way as originally done in Corbett and
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Anderson’s work. Given a skill sk and a student st,
the probability that the student has of learning the
skill after each exercise, assuming that the student
didn’t know the skill before, is given by Equation
(3):

P (Tst) = baselearnst × x+ P (Tsk)× y (3)

Where baselearnst is the student’s baselearn at-
tribute, P (Tsk) is skill sk’s P (T ) value, and x
and y are two factors that influence the weight of
baselearnst and P (Tsk), with x+y = 1. As a result
from tests created with the objective of determin-
ing the x and y values to be used while making
sure that both the student’s learning speed and the
skill’s learning difficulty are taken into considera-
tion, the used values are x = 0.55 and y = 0.45.

A similar equation was used to determine the stu-
dent’s probability of knowing the skill before at-
tempting to apply it in any exercise (Equation (4)):

P (L0st) = baseinitst × z + P (Lsk)× t (4)

In this case the values used for z and t are 0.1
and 0.9 respectively, focusing on how well known
the skill’s domain is in general.

4.3. Parameter optimization
Each group of students will have a set of parame-
ters which determine how the GOZPDES algorithm
will function for each group. Within each group the
parameters are chosen as the optimal values that
minimize the average number of time steps for that
group’s student profile while maintaining the proba-
bility of learning all skills above a certain threshold.
Since the parameters are optimal for the profile,
then as long as the classification step is done cor-
rectly all students will have approximately optimal
parameters.

Student profiles were created for baselearn val-
ues from 0.1 to 0.9 in increments of 0.1, for a to-
tal of 9 profiles. Ultimately, the optimal parame-
ters for each profile (the nomenclature used for stu-
dent profiles is Px, where x is that profile student’s
baselearn attribute) are shown in Table 1, along
with the time taken by each profile if using the op-
timal parameters of P0.1 or P0.4.

In addition to the student profiles taking longer
when not using optimal parameters in Table 1, P0.6,
P0.7, P0.8 and P0.9 did not reach the 97% threshold
when using the optimal parameters for P0.1. An-
alyzing this table’s results in terms of the differ-
ence in the average number of time steps, it seems
that the closer the profile’s optimal parameters were
to the optimal P0.1 parameters the less difference
there is in regards to time. This means that even-
tual small errors in the estimation of baselearn and

classification of students based on this parameter
are not very harmful for the student’s performance.
Additionally, the time required for the students un-
der the optimal parameters for P0.4 shows that for
Students P0.3, P0.5 and P0.6 there is little difference
between their optimal parameters and the ”default”
parameters. Given this similarity between optimal
values for students with approximate baselearn, an
eventual error in selecting the optimal parameters
would likely be of little consequence, as the optimal
parameters for an almost equivalent student profile
are very similar.

4.4. Optimal parameters identification
The following GOZPDES parameters directly in-
fluence the number of time steps and probability of
knowing every skill that the students have at the
end of the ZPD:

• The β and η values, determining the confidence
in a new reward value for wa ← βwa + ηr

• The γ parameter, which determines the explo-
ration rate when calculating the probability of
selecting an activity to perform.

• The ω and θ values determining when the ZPD
can skip ahead and add a new activity when
successfully answering hard activities. These
parameters were removed for the final imple-
mentation of the GOZPDES algorithm as they
were not improving the system’s results in any
way.

• The d parameter, which determines the num-
ber of most recent answers used to calculate
the reward value from an activity, as well as
the minimum amount of times that an activ-
ity needs to be proposed before the ZPD can
expand from it.

• The removal threshold - the success rate that
an activity needs to have before it can leave the
ZPD.

• The expansion threshold - the success rate that
an activity needs to have before its dependent
activities may join the ZPD.

All of these parameters, with the exception of
the expansion threshold, were tested and manually
optimized for all student profiles.

For reference, the first test performed with this
new model, to be used as a baseline, contained the
following parameter values:

• β = 0.6

• η = 0.4

• γ = 0.5
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Table 1: Optimal parameters and average number of time steps for a series of student profiles along with
a comparison to using the optimal parameters for P0.1 and P0.4. Results with a * afterwards did not
reach the required 97% threshold.

Parameter P0.1 P0.2 P0.3 P0.4 P0.5 P0.6 P0.7 P0.8 P0.9

Rmv thrshld 0.6 0.6 0.6 0.55 0.55 0.55 0.55 0.55 0.55
β 0.9 0.9 0.9 0.8 0.7 0.65 0.6 0.5 0.45
d 8 8 6 6 6 6 4 4 4
γ 0.2 0.1 0.2 0.25 0.35 0.4 0.45 0.45 0.5
Optimal time 271.9 202.9 160.7 133.5 116.9 105.0 89.5 81.9 76.0
P0.1 time N/A 204.6 166.7 142.3 125.9 114.3* 105.4* 98.5* 92.9*
P0.4 time 264.9* 195.5* 157.6* N/A 117.3 105.7 96.0 88.8 83.4

Table 2: Average probability of knowing every skill
and number of time steps after going through the
sequence of activities for students S1,S2,S3 and S4
(with baselearn values of 0.1, 0.8, 0.65 and 0.2 re-
spectively)

S1 time S2 time S3 time S4 time
402.5 115.3 134.5 290.0
S1 %skills S2 %skills S3 %skills S4 %skills
97.8 99.7 99.5 98.2

• θ = 0.85

• ω = 0.8

• d = 4

• removal threshold = 0.8

The results can be seen in Table 2.
Given the high probability of knowing all skills

being displayed in Table 2, adjustment to the pa-
rameters should seek to decrease the number of re-
quired time steps, without compromising the prob-
ability of knowing all skills too much.

5. Results
5.1. Student competence estimation
As it was previously mentioned, the probability of
student st learning a skill sk after performing an
activity (or exercise) A which includes it is given
by Equation (5):

P (T ) = (0.55×baselearnst +0.45×P (Tsk))×wskA

(5)
Which can be solved for baselearn as shown by

Equation 6:

baselearn =
P (T )− 0.45P (Tsk)wskA

0.55wskA
(6)

Thanks to the Baum-Welch algorithm, it is pos-
sible to estimate the value of P (T ), which can then
be used to recalculate the student’s baselearn. Hav-
ing determined the optimal parameters and possess-
ing a way to estimate the students’ learning speed

through re-estimation of the baselearn, it is now
time to see if it is possible to have the virtual stu-
dents take advantage of these techniques. The next
test performs the baselearn estimation on students
with different values of the attribute, assign them
the optimal ZPDES parameters of the student pro-
file most similar to them and run the ZPDES algo-
rithm for the students using these parameters. The
results are shown in Table 3. It is worth mentioning
that the average number of steps and probability of
knowing all skills for the random students is sorted
by which profile they were assigned as most similar,
meaning that errors in classification are possible.

Along with the results of Table 3, the average pa-
rameters obtained were d = 5.628, Remove thresh-
old = 0.566, β = 0.688 and γ = 0.339. Since d is
necessarily an even number, it is rounded up to 6.

Analysis of Table 3 shows that comparing to the
default parameters, the estimated optimal param-
eters greatly decrease the average number of time
steps at the expense of a penalty in the probability
of knowing all skills. Still, with the exception of
the students assigned as most similar to profile stu-
dent P0.6, the average probability for all students is
a minimum of 90%. Overall, these results are bet-
ter than the ones obtained when using the default
parameters. For example, the random students as-
signed as most similar to profile student P0.7 show
better results in both of the observed values than
the respective profile student using the default pa-
rameters. Comparing to the profile students using
their optimal parameters, the number of time steps
is, as expected, lower than the ones obtained by the
random students.

5.2. Online grouping

So far, the estimation of the baselearn attribute
is obtained before the students actually enter the
ZPDES algorithm, generating observations through
a diagnostic test of sorts. While this approach is
valid and can also be used on real students, the
number of time steps taken does not take this test
into account. The next test shall measure the aver-
age number of time steps and probability of know-
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Table 3: Average number of time steps and probability of knowing all skills for students with random
baselearn values, sorted by which profile student was considered to be the most similar to each student,
along with the average number of time steps for optimal and default parameters, as well as the probability
of knowing all skills for each profile when using default parameters. The results show that the random
students are on average less likely to learn all skills, but are faster at going through the ZPD

Parameter P0.1 P0.2 P0.3 P0.4 P0.5 P0.6 P0.7 P0.8 P0.9

Num steps 321.5 235.0 179.0 158.2 134.8 124.7 106.7 98.1 89.7
% all skills 99.3 97.5 92.5 97.3 90.6 86.6 98.4 93.8 91.6
Default steps 364.3 267.2 213.1 179.2 155.5 139.2 126.3 116.3 108.4
Default % skills 99.9 99.9 99.8 99.5 99.0 98.5 97.6 96.5 95.3
Optimal time 271.9 202.9 160.7 133.5 116.9 105.0 89.5 81.9 76.0

ing all skills for when initially using default param-
eters - the average parameters obtained from Table
3. Several different conditions determining when
the Baum-Welch algorithm is executed are tried.
The results are shown in Table 4.

The results in Table 4 show that dynamically de-
termining the optimal parameters for each student
is a viable option.

Out of the conditions tested, the one that penal-
izes these students the least is the parameter update
after performing 30 time steps. The most successful
results in Table 4 in terms of minimizing the num-
ber of time steps while keeping a high probability
of knowing all skills is the ”30 steps +” condition.

Figures 1 and 2 show the decrease in the average
number of time steps and increase in the probabil-
ity of knowing all skills respectively for using the
”30+”, after 20 time steps, removing activities A1
and B1 from the ZPD for the different student pro-
file values or the a priori estimation in comparison
to simply using the average parameters throughout.
The a priori method has a 20 time steps penalty
which corresponds to the time taken to perform a
diagnostic test. Figure 1 shows a decrease in the
number of time steps for the ”30+” and remov-
ing A1 and B1 methods, with the ”30+” condi-
tion being the better method. While there is little
to no gain for the worst students, as the average
baselearn value of the students increases, the av-
erage number of time steps decreases further. The
same can be said for the improvements in the aver-
age probability of knowing all skills - there is little
to no improvement for the worse students, but the
better the students are the greater the improvement
is. This most likely happens because the GOZPDES
algorithm naturally causes the worse students to say
within it for such a long number of time steps that
they are essentially guaranteed to learn every skill
by the time that they leave the ZPD, allowing for
essentially no gain in that regard. Simultaneously,
there is little difference on the number of time steps
for the slower students because the main responsi-
ble for their slower progress through the ZPD is the

expansion threshold, which is deliberately the same
for all students in order to ensure that slow learners
are unable to progress via lucky guesses.

In comparison to the a priori baselearn estimate
every other method takes a lower number of time
steps due to not suffering the penalty for performing
the diagnostic test. In terms of gain in the proba-
bility of knowing all skills, however, the ”30+” con-
dition is able to have considerably better results for
average students while being almost as good for the
faster learning students. The superiority of the a
priori method is mostly shown there, as the optimal
parameters for the best students are quite different
from the average parameters which are used until
the reestimation condition is met (Table 1). This
necessarily leads to a period of time where subopti-
mal parameters are used, which has a particularly
large impact in this case since the a priori method
uses the same potentially optimal parameters from
the beginning of the proposal of ZPD activities.

In order to obtain a better idea of how these
methods behave on average, the mean and stan-
dard deviation for all methods was plotted using
the values obtained for every student profile.

The results, visible in Figure 3, show that the
”30+” condition has both a higher mean and lower
standard deviation on average than every other
method, as well as showing that the average param-
eters have a high standard deviation value. This
proves that the average parameters are quite sub-
optimal for most students. It is worth mentioning
that every method ensured an average probability
of knowing all skills of at least 90%, lower than
the 97% threshold. This was expected since that
threshold was defined for perfect classification of
student profiles as opposed to this case’s occasion-
ally wrong classification of random students which
only use approximately optimal parameters even if
classified correctly.

An additional comparison was also made using
the mean and standard deviation for the average
parameters, a priori and ”30+” methods, group-
ing the profile students into those with low (P0.1 to
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Table 4: Average number of time steps and probability of knowing all skills, starting with default param-
eters and updating them dynamically at certain points through the model’s execution. The conditions
tested are performing the estimation after a certain number of time steps, after A1 has been removed from
the ZPD, whenever A1 or B1 are removed from the ZPD and using the average parameters throughout

Condition/Profile P0.1 P0.2 P0.3 P0.4 P0.5 P0.6 P0.7 P0.8 P0.9

20 steps time 283.9 210.1 177.4 150.6 137.7 123.0 116.4 107.7 102.5
20 steps %skills 98.5 98.2 97.1 96.2 95.8 93.3 91.1 90.5 86.5
30 steps time 282.6 211.1 177.8 154.6 137.2 122.5 114.7 106.3 101.3
30 steps %skills 97.9 98.2 97.4 96.8 94.0 93.3 92.5 89.6 88.0
A1 time 285.0 216.2 182.4 157.0 141.2 125.7 116.9 106.3 101.0
A1 %skills 98.5 98.1 96.8 96.0 94.5 92.9 88.4 88.5 86.1
A1/B1 time 285.0 223.4 181.0 162.4 143.7 130.4 120.3 114.5 107.0
A1/B1 %skills 99.0 98.0 96.9 95.1 92.5 89.2 86.5 85.0 81.7
Avg params time 284.2 211.8 181.2 157.5 140.6 129.6 120.2 114.3 108.7
Avs params %skills 98.0 97.9 96.8 95.9 91.4 89.2 84.2 81.8 77.1
30 steps+ time 282.5 208.6 173.9 147.4 130.9 117.2 109.0 101.9 95.3
30 steps+%skills 97.5 98.5 97.4 97.7 95.9 96.8 94.1 91.5 90.9

Figure 1: Time gain by different conditions and a priori estimation in comparison to using average
parameters from the start
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Figure 2: Gain in the average probability of knowing all skills by different conditions and a priori esti-
mation in comparison to using average parameters from the start

Figure 3: Mean and standard deviation for the average probability of knowing all skills for each reesti-
mation condition
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P0.3), medium (P0.4 to P0.6) and high (P0.7 to P0.9)
learning speed.

The results are shown in Figure 4, and while
the probability of knowing all skills are all very
similar for low baselearn students, the ”30+”
method clearly has the highest probability and low-
est standard deviation for the students classified as
”Medium”. For the high baselearn group, however,
the a priori method shows a higher average prob-
ability of knowing all skills. This happens due to
the previously explained reason that faster learn-
ing students spend less time in the ZPD, meaning
that the relative number of time steps that they are
using the optimal parameters obtained by methods
which require a certain number of time steps for
their condition to trigger is greater than for slower
students.

6. Conclusions

This work shows that it is possible to group students
through the dynamic assignment of approximately
optimal parameters based on the estimation of each
student’s learning capabilities, this approach only
requires the estimation of one attribute per student
and, although the computation of the Baum-Welch
algorithm is somewhat slow, it can be used as each
students performs an exercise without issue while
also ensuring a relatively low number of time steps
and a high probability of learning every skill that is
being taught.

6.1. System Limitations and Future Work

It is very much possible that the behavior of real
students cannot be fully captured within the at-
tributes of the created student class. In particular,
the adaptation of the baselearn attribute into real-
ity is critical in allowing this model to be used with
real students, along with the creating of an interface
model. In the subject of the GOZPDES algorithm
itself, since it is possible to preemptively adjust its
parameters in order to fulfill certain thresholds in
terms of number of time steps and probability of
learning the taught skills, it may be interesting to
create a mode of the model which allows the user
to select a threshold for one of these measurements,
with the program then automatically determining
the optimal parameters for each student profile.
Speaking of student profiles, an alternative cluster-
ing technique such as hierarchical clustering would
have been interesting to attempt, as it would show
an alternative approach to the problem.
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