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Abstract. The problem of dynamic trainee classification for supporting the con-
structing process of an individual user trajectory in an e-learning system is consid-
ered. The education model is designed for a mixed form of activities with partial
independent work, periodic control actions in distance tests, and full-time offline
work with tests and offset tests. The purpose of the classification is to determine
the trainee’s knowledge category based on the current control event results. The
semantics of the categories suggests the possibility of an individual task of differ-
ent task complexity levels at the next step of learning. The direction of improving
the existing classification methods is rejecting the gathering and use of statis-
tics from previous (other) groups of students. The absence of samples of correct
classification justified the use of self-organizing neural networks. For the solution,
Kohonen’s maps were used, the standard version adapted to the existing education
model, and the task of considering the teacher’s subjective evaluation policy. Three
variants of the self-learning algorithm are described. The experimental results are
presented and explained.

Keywords: E-learning system · Self-organizing neural network · Kohonen’s
map · Classification · Individual learning trajectory

1 Introduction

A typical tool of modern e-learning systems used both online and traditional forms
of education is a tool for building individual trainee trajectories. As a rule, such a tool
considers the intermediate learning outcomes and generates recommendations for setting
up the system content, for example, to determine the control tasks’ complexity level.
The methods and algorithms implemented by these tools compose a significant part of
the Item Response Theory (IRT). Probabilistic models are often used to describe the
effectiveness of the learning process, which allows one to adapt the testing process to
the level of knowledge of users [1–6]. The result of adaptation is an individual learning
(testing) trajectory, which is a time-bound sequence of solutions to the problem of
classifying trainees – assigning them to different categories of learning success. Based
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on the classification results, different classes of users are offered different trajectories
for further testing or training.

Such task of classification is typical. Therefore, the most common technics are used
to solve it. Thus, the classical Bayesian classifier [7] has been successfully implemented
in an e-learning system that uses the student’s rating, which is calculated during the learn-
ing process as a convolution of the shown intermediate results [8]. The disadvantage of
this option for categorizing students and other technics of constructing an individual
trajectory based on statistics is that implementing the corresponding algorithms requires
knowledge of some probabilistic characteristics. In [8], these are the conditional proba-
bilities of maintaining/changing the rating after the next control event. It is impossible to
know precisely these characteristics, so they are replaced by statistical estimates calcu-
lated from available or accumulated data. Accordingly, the disadvantages or difficulties
of the Bayesian classifier usage when categorizing trainees include the following:

• frequency estimates of probabilities require a large amount of reliable data;
• any changes in the number, order, or nature of control measures lead to a distortion
of the accumulated statistics, the impossibility of its use;

• it is assumed that the probabilistic characteristics coincide for different groups of
trainees.

The article’s purpose is to propose a trainees classification method based on using
an e-learning tool without the above disadvantages. To do this, replacing the Bayesian
classifierwith a no less typical tool – a self-learning artificial neural network is suggested.
Since the classification problem being solved is customary, the most common network
variant was chosen – the Kohonen self-organization map [9]. The most well-known
financial applications [10] of these maps have been replenished by now due to various
applications. Without an aim to do a complete review, just a few examples, the most
interesting in the context of the presented study, will be given. In general, apart from
the field of financial analysis, practically any technical analysis might be named as a
typical application for self-learning maps. It might be the analysis of production [11],
trade [12], agriculture [13], geochemical research [14],monitoring of telecommunication
systemoperation [15], generalization of psychological research [16], assessment ofwater
resources [17], assessment of airport activities [18]. The versatility and expressiveness of
self-organizing maps have given them applications in unexpected areas. For example, in
[19], the Kohonen classifier is used to manage the information security of personal data;
in [20] it is used to form a grid of nodes for numerical modeling. Also, there are medical
applications [21, 22], seismology [23], fraud detection [24], and countering computer
attacks [25], to name a few. This list can be continued, noting that applications to topics
related to education are essential for the article. Categorizing enrolled students, trained
employees, and active engineers [26–29] is a common practice.

The contribution of these studies and many others is not to develop the technology of
self-organizing maps and clustering tools, but to expand the scope of known algorithms
and to confirm their effectiveness in new applications. The article presents the results of a
study of the exact nature. This study aims to apply the existing classification mechanism
using Kohonen maps in the e-learning system CLASS.NET [30]. Several options for
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adapting the description of the education process and the self-organization algorithm of
the Kohonen map are proposed for this, and practical experiments are carried out.

2 Education Process Model and the Trainee Categorization
Problem

The learning process model assumes blended distance learning and includes T offline
control activities. A typical training scheme for the proposed model implies that the
course available on the studied subject is divided into several parts. Each part ends
with face-to-face activities (offline offset tests and full-time tests), and trainees perform
several extramural tests between time intervals (online tests). After the next control
gate (training step), a category is determined for each trainee, for example, “poor”
(1), “low “ (2), “average “ (3), and “high level” (4). Within the framework of this
work, these four categories of students will be used, which are denoted by the number
k ∈ K = {1, 2, 3, 4}. This assumption does not impose any restrictions on generality,
but fixing the number of categories and connecting themwith explicit content is essential
for the illustrative calculations below.

So, the classification task is solved at each training step: each trainee is assigned to
one of the categories based on the demonstrated learning outcomes. The corresponding
time points are denoted t = 1, . . . ,T . A typical use of such categories in e-learning
systems is determining the difficulty level of the next stage/step of training and/or control
activity. This ensures the compliance of the control content with the status of the trainee’s
preparation and the construction of an individual learning trajectory.

We will assume that for each t, the value xt ∈ {on, off, te} is given and determines
the type of control measure: on – online test, off – offline offset test, te – offline full-time
test. Each of S trainees at the moment t receives the next mark est , s = 1, . . . , S, which,
depending on xt , is characterized by its range of values. To be clear, we will assume
that for xt = on the values est ∈ {0, 1, . . . , 100}, for xt = off the values est ∈ {0, 1},
for xt = te the values est ∈ {2, 3, 4, 5} In other words, online testing is evaluated on
a 100-point scale. In contrast, offset testing is estimated as traditional pass or fail, and
full-time testing is considered on marks unsatisfactory, satisfactory, good, or excellent.
Accordingly, the task of classifying trainees at time t is to determine the category ksτ ∈ K
for each s-th trainee.

A solution to this problem proposed in [8] is to collapse the current vector of marks
(
es1, . . . , e

s
t

)′
, x′ is the transposed vector into some scalar-valued current rating, the

assignment solution of a trainee with this rating to category k is provided by the Bayesian
rule, which uses statistical characteristics (frequency estimates of posterior probabilities)
calculated from the results demonstrated by previous groups of trainees. The principal
proposal of this work is to use for classification only the results shown by a tiny group of
trainees and classify them by comparing learning outcomes with each other. Formally,
such a problem consists in determining the mapping

{{
esτ

}t
τ=1

}S

s=1
→ {

kst
}S
s=1, k

s
t ∈ K, t = 1, . . . ,T . (1)
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If we do not take into account the scale and semantics of the input data set{{
esτ

}t
τ=1

}S

s=1
, i.e., values {xτ }tτ=1 of control types, then problem (1) is a typical set-

ting for constructing a one-dimensional self-organizing Kohonen map [9]. Taking into
account the order and types of control measures require a slight adaptation of the stan-
dard self-learning algorithm. In addition, it is also necessary to consider the dynamic
nature of the learning model, i.e., that the classification is performed along with the next
steps of learning and control. This feature also needs to be taken into account when
building a map.

3 Implementation Options for Kohonen Maps

The first of the proposed options of the self-learning algorithm differs from the classical
one in the determination of the distance between the input vectors and neurons of the
map instead of the Euclidean norm |x|2 = xx′, the normalization function x2Q = x′Qx
is used. Here Q is the symmetric non-negative defined matrix, i.e., the identity matrix
Q = 1 corresponds to the Euclidean norm x21 = |x|2. The Q matrix will be used for
various purposes. In the first option, its task is to scale the marks. In all possibilities,
this matrix will be diagonal; in the first one, there will be 100−2 on the diagonal, if the
corresponding value is xt = on, 1, if xt = off, 5−2, if xt = te. Let us explain this with
an example, using the following distribution of control measures types:

x1, x2, x3, x4 = on, x5 = off, x6 = te,
x7, x8, x9 = on, x10 = off, x11 = te,

x12, x13 = on, x14 = off, x15 = te, x16, x17 = on.
(2)

That is, in the first part of the course, there are four online tests, offset test and full-
time test; in the second part – three online tests, offset test and full-time test; and in the
third part – two online tests, offset test, fulltime test, and two online tests. This order
corresponds to the examples considered in [8]. Thereby, for 17 of these types of control

activities, the matrix of normalization Q = Q
1
2Q

1
2 :

Q
1
2 = diag

⎧
⎨

⎩

1
100 ,

1
100 ,

1
100 ,

1
100 , 1,

1
5 ,

1
100 ,

1
100 ,

1
100 , 1,

1
5 ,

1
100 ,

1
100 , 1,

1
5 ,

1
100 ,

1
100

⎫
⎬

⎭
. (3)

One chooses the moment t and the corresponding normalization matrix Qt =
diag

{
Q1,1, . . . ,Qt,t

}
.. Then we follow the standard algorithm. Denote byW the weight

matrix of a map of size 4 × t, Wk is the k-th row of this matrix, i.e., vector of weights
of the k-th neuron, k = 1, 2, 3, 4. Let us perform a sequence of iterations numbered
i = 1, . . . , I . At the i-th iteration, successively, for each s-th trainee s = 1, . . . , S, the
nearest neuron is fined as follows

kimin(s) = argmink=1,2,3,4

∥∥Es
t − Wk(i)

∥∥2
Qt

,

where Es
t = (

es1, . . . , e
s
t

)′
is a vector composed of marks of the s-th trainee by the current

moment t, Wk(i) is the k-th row of the matrix W corresponding to the i-th iteration.
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Next, the value of the neighborhood function h
(
k, kimin(s)

)
is calculated for each k-th

neuron, and the weight vector is adjusted

h
(
k, kimin(s)

) = exp

{
−

∣
∣k−kimin(s)

∣
∣2

2σ 2
i

}
,

Wk(i) = Wk(i) + ηih
(
k, kimin(s)

)(
Es
t − Wk(i)

)
,

Wk(i + 1) = Wk(i), if s = S, else s = s + 1.

(4)

Note that, unlike the usual algorithm, all input actions in (4) (marks of all trainees)
are processed within one iteration andwith the same learning parameters σi, ηi.The self-
learning algorithm, as described,makes it possible to account for themarks of all trainees
with the sameweights, equalizing the contribution of all trainees to the classification. The
step into the i + 1-th iteration is performed when the weight matrix has been corrected
by all available S marks.

The choice of training parameters ismade according to themost common recommen-
dations [31–33]: σi = σ0 exp{−i/δ}, δ = 1000/ln(σ0), ηi = η0 exp{−i/�}. Moreover,
the value δ was not even used in the calculations and was supposed to σi = const = 1.
The remaining values η0 = 0.1 and� = 1000 are usual recommendations for I = 1000
iterations.

As a part of the same algorithm option, the ability to prescribe significance weights
for different types of control activities can be added. For example, considering a full-
time nature, a mark for the offset test with double weight and a mark for the full-time
test with triple weight could be taken. This does not seem very important.

The next second option of the algorithm or, more precisely, the classification model
eliminates two possible drawbacks of the first variant. Firstly, it is necessary to ensure a
correct categorization of trainees in a group from the teacher’s point of view, in which
all four categories of trainees are not clearly represented. For example, in a group with
no underperformers, category k = 1 should be left empty. At the same time, applying
algorithm (4) may still give four categories well, distributing trainees without consider-
ing the evaluative context nested in the categories. In this regard, one can see the second
drawback as follows: the context “poor,” “low,” “average,” and “high” put into the cat-
egories by the teacher may not be guaranteed by the algorithm (4). Another statement
of the same problem consists in the fact that the algorithm (4) does not consider the
expert’s (teacher’s) idea of the content of the concepts “poor,” “low level,” “average,”
and “high”.

Modifying (4) to eliminate the indicated drawbacks, we introduce “expert” trajecto-

ries
(
IEs

T

)k
, k ∈ K , the meaning of which is to represent an "ideal” instance of the k-th

category:
(
IEs

17

)1 = (30, 30, 30, 30, 0, 2, 30, 30, 30, 0, 2, 30, 30, 0, 2, 30, 30)′,
(
IEs

17

)2 = (50, 50, 50, 50, 0, 3, 50, 50, 50, 0, 3, 50, 50, 0, 3, 50, 50)′,
(
IEs

17

)3 = (70, 70, 70, 70, 1, 4, 70, 70, 70, 1, 4, 70, 70, 1, 4, 70, 70)′,
(
IEs

17

)4 = (90, 90, 90, 90, 1, 5, 90, 90, 90, 1, 5, 90, 90, 1, 5, 90, 90)′. (5)

Note, these “ideal” trajectories solve the issue with initial conditions because they
can be used in (4) to start iterations, i.e., to define Wk(0) values. In the second option,
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trajectories (5) are used as input vectors:

Wk(i) = Wk(i) + ηih
(
k, kimin(s)

)(
Es
t − Wk(i)

)
, s = 1, . . . , S,

Wk(i) = Wk(i) + ηih
(
k, kimin(s)

)((
IEs

t

)k − Wk(i)
)
,

k = 1, . . . ,K, s = 1, . . . , [S/k],
Wk(i + 1) = Wk(i), if s = S and k = K .

(6)

Thus, for the considered case k = 1, 2, 3, 4, each of the four “ideal” trajectories(
IEs

17

)k participates in the i-th iteration of the algorithm, repeating as an input in the
amount of 25%, [S/k] · 100% , of the number of available trajectories, i.e., number of
trainees.

Finally, the last third option of the classification model takes into account the factor
of obsolescence of the marks received by the trainee or the greater relevance (priority)
of the latest, older outcomes. This factor can be considered as simple as possible by
limiting the number of assessments, setting Qt = diag

{
0, . . . , 0,Qt,t−ε+1, . . . ,Qt,t

}
,

i.e., taking into account only ε of the most recent marks. A more flexible way is to use
the aging parameter α, 0 < α ≤ 1, and the normalization matrix

Q
1
2
t = diag

{
αt−1Q

1
2
1,1, . . . , α

2Q
1
2
t−2,t−2, α

1Q
1
2
t−1,t−1,Q

1
2
t,t

}
. (7)

Such of normalization means a dynamic change in the input data: the multiplication
of marks up to the current control actions t by the value α.

4 Practical Study Results

To illustrate the results of the proposed classifiers, we used a slightly adapted learning
model implemented in the e-learning system CLASS.NET [30] and the same data set
as in [8]. In the calculations, marks were used according to the control scheme (2) for
S = 36 students. For a graphical illustration of the calculation results, the trajectories
of three students were chosen. Firstly, selected trajectories are the most dynamic for the
graphs to reflect better the results of applying the algorithms. Secondly, they are typical
for students of different levels of knowledge. The actual data for these trajectories are
given in Table 1.

Table 1. Examples of learning outcome trajectories.

s es1 es2 es3 es4 es5 es6 es7 es8 es9 es10 es11 es12 es13 es14 es15 es16 es17

1 58 73 54 49 1 3 56 58 69 0 2 45 67 1 3 51 72

2 54 69 55 65 1 4 71 69 69 1 4 67 55 1 4 66 61

3 69 67 74 68 1 4 99 91 92 1 5 87 93 1 5 94 87

The marks from the Table 1, normalized by the Q matrix from (3), are included in
the graphs of all the calculations presented below.
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The entire set of marks in the trajectories selected for the table was subjectively
assessed as typical for students with a “low level” (s = 1), an “average level” (s = 2)
and a “high level” (s = 3). At the same time, all three trajectories illustrate explicit
transitions between classes k = 2, 3, 4, so they should help demonstrate the difference
between the proposed classifiers. In the graphs below, the trajectories of marks and the
corresponding trajectories of categories calculated by one of the proposed classification
options are shown as lines of the same type. Namely, the trajectories for the user of the e-
learning system with the number s = 1 are shown as a simple black line, the trajectories
for the user with the number s = 2 are shown as a broken black line, the trajectories for
the user with the number s = 3 are shown as a gray line. Moreover, on the same graph
can be seen both the normalized marks of students (these trajectories are located in the
lower part of the graphs, since their absolute values are in the interval (0, 1)), and the
calculated categories (these trajectories are located in the upper part of the graphs, their
absolute values are integers k ∈ {2, 3, 4}). Note that in the illustrative materials, there is
no example with a clearly expressed trajectory for the category “poor”, k = 1. It can be
said that such a learning outcome is not typical, although, for the entire set of students,
there were rare decisions to assign the current category k = 1 to the student, which is in
the illustration below.

Figure 1 shows the classification result of the first option of the Kohonen classifier,
i.e., algorithm (4) with the normalization matrix (3). The result is relatively consistent
with the subjective assessment of the selected student’s knowledge level. Particularly
noteworthy is the trajectory s = 1, which shows how the classifier changes the category
in the case when the correspondence between the set of marks and the knowledge level
is not quite obvious.

Fig. 1. Option one of the classifier – algorithm (3), (4)

Let’s evaluate not only these shown in Fig. 1 trajectories but also the entire set of
classification results according to the first option of the algorithm. It must be stated
that, in general, this classifier somewhat overestimates the results. This is, of course,
a subjective assessment. But indeed, according to the data used for the calculation,
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the classifier cannot estimate the upper limit of the marks. The second option of the
algorithm should “help” him in this. The same calculations performed by the algorithm
(6) with “ideal” trajectories (5) are shown in Fig. 2. This algorithm turned out to be more
conservative in respect of following the categories given by the “ideal” trajectories. This
is seen from the category trajectory for s = 3.

Fig. 2. Option two of the classifier – algorithm (5), (6)

If the conservatism of the second algorithm option is not needed, but on the contrary,
a more dynamic solution is required that responds faster to current results, then the
third algorithm option works. The same calculations performed with the normalization
Q matrix from (7) for α = 0.75 are shown in Fig. 3. The classification results have
become very dynamic as expected. At the same time, the overall final knowledge level
assessment remained consistentwith the subjective expert view, at least on the considered
trajectories.

5 Final Remarks

All three proposed options of the classification algorithm show consistent results. The
choice between one or another option depends to a greater extent on the priorities of a par-
ticular teacher. The main target for further research should be the teacher’s presentation
and visualization form of the classification results, especially for the practical imple-
mentation of the described methodology. A suitable view to represent the categories of
trainees in the e-learning systemwill undoubtedly be among themany computer graphics
tools.
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Fig. 3. Option three of the classifier – algorithm (4), (7), α = 0.75
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