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Abstract. Nowadays there are many views related to the omdisiing systems. The importance
of acquisition of the final result is consideredi® the main disadvantage in the classic test
system where the learner chooses the correct ankwa@r the suggested set of answers; this
does not motivate a person to define the answangblves or to create a logical chain of
problem solutions. The integration of the intelledt processes into the existing training
systems will prevent the drawbacks of the existinayvledge assessment systems and will make
it possible to assess the learners’ ability to miaiggcal decisions, to clarify the answers using
examples and to evaluate the method of achievageult. The article describes the algorithm
for creating the intellectual, user adapted quessiothis algorithm uses the model of the
learner from the set of questions and by fulfillthg modified Dijkstra's algorithm chooses the
questions that help the learner reach the reswdt th most appropriate to their competence
level.
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Introduction

Nowadays one of the ways how to check the learriersivledge in the
Latvian educational system is a test. Test in adeo sense is a standardized
assessment of knowledge and comprehension usifegesht types of tasks. In a
narrower sense, it is an assessment of knowleddecamprehension through
tasks with multiple choice questions. Tests cands®l for the initial assessment,
the formative assessment as well as the summadsessment. However, tests
may be used during the learning process and féiassessment in an equally
successful way.

The tests used for evaluation are based aroungltaugg that has been learnt
during the learning process. In order to creatddhk system, it is recommended
to progress from simpler to more complex taskss tbecking the students’
knowledge and understanding of using the apprapri@iowledge in a
standardized situation as well as in a new sitodiat has not been dealt with
prior.

Tests are often used for formative assessment pespand the number of
qguestions that they contain should not exceed XOt@uestions. By contrast,
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summative assessment involves a complex test ¢mgssf test questions and
tasks which examine the use of knowledge and exeakills. The summative
assessment can also take a combination such age8tis research.

Nowadays there are many views related to the tpssiystems. The
importance of acquisition of the final result isne@ered to be the main
disadvantage in the classic test system wheredg@mér chooses the correct
answer from the suggested set of answers (Nientiat,e2009); this does not
motivate a person to define the answer themselves @reate a logical chain of
problem solutions. This is the reason why testimgesd not always allow
determining the actual level of the learner’'s krexge. Other authors have
proven (El Bachari et al., 2010) that when carryig the assessment of the
learner’'s knowledge by using open questions ang,tdse results obtained by
using tests are 48 % better than using the opestigadorm.

The integration of the intellectual processesth&existing training systems
(utilisation of the artificial intelligence methodwill prevent the drawbacks of
the existing knowledge assessment systems anchaklé it possible to assess the
learners’ ability to make logical decisions, toriflathe answers using examples
and to evaluate the method of achieving the fiaeslit.

The article describes the algorithm for creatirgitiiellectual, user adapted
guestions; this algorithm uses the model of thenkrafrom the set of questions
and by fulfilling the modified Dijkstra's algorithohooses the questions that help
the learner reach the result that is most apprigptoatheir competence level.

Related works

Thanks to the rapid development of the modern telclgry, nowadays a new
generation of learners has emerged — they useetgtyronic resources in order
to acquire new knowledge (Abraham et al., 2013pdte the fact that today’s
systems can provide full educational process byguthe method of presenting
information mentioned prior, the way of presentinfprmation is not always
acceptable to all groups of learners. Nowadaystiiae educational systems can
be divided into three relative groups (Azough et, #010): Learning
managements systefynchronous collaboratiorand allother computer tools
including asynchronous collaboratiowhilst working with training systems, the
user must choose the category of the training sy&tethemselves and they must
also adapt to the training course methodology.résearch nowadays has shown
that when using a static training system, the aaenot choose the training style
that fits their personal needs which has resulbe®9 % of the time it being a
reason to stop learning or 40 % of the time it heenreason to simply skip
incomprehensible or difficult topics and mastemthiéarough other systems or
courses (Abraham et al., 2013).
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In their work (El Bachari et al., 2010) it has bgeaven that using adaptive
learning systems lets a person choose the learongent and the way of
presenting information; it also increases the dqualf the course by 28 % by
reducing the rate of terminating a course by 60 %.

The tools of today only partially solve traditioqabblems which are related
to the intelligent training systems. It is scieicafly proven (Surjono, 2011) that
the main obstacle in implementing the intelligeairting systems is related to the
integration of the decision-making algorithm in t@evironment of a training
system and its connection with the user model. Miays the intelligent training
systems mainly have the adaptive rather than tedigent functions.

The development of the learning model by using thloodle learning
system

In order to provide the customization of informatifor every student, an
intellectual agent has been integrated into the doesystem and by taking four
steps it makes it possible to define the necessauirements for the selection of
information from the common Moodle data sets wlugtresponds to the specific
learner’s ability and needs:

e Data selection The training system identifies each user throagh
unique identification code and collects the infotimra on the system
usage intensity and the number of resources usethkihg this step,
the user's model has been defined indicating tipecsowhich the
learner has mastered as well as the topics whahhhve viewed on a
regular basis following the current task.

e Pre-processing the information. The received information is
automatically summarized and structured in the &iraf a new table.
MySQL System Tray Monitor and Administrator toofs ased for data
pre-processing by using the expert-defined requerém

e Apply association rule mining The data mining algorithms (Delgado
et al., 2010) are applied to discover and summakizevliedge of
interest to the teacher.

e Defining the user model coefficientOne of the factors that determines
the learner’s achieved results are the resulthefetectronic training
system self-assessment tasks. The received relsdite the learning
process of the category and the further directioorder to achieve the
final results. The teacher will use the receive@d dar making decision
about the students and the Moodle activities ofcinarse in order to
improve the students’ learning skills.
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Within an working system it is impossible to obtaifl the necessary
information to define the user model. Some baseesabdf the model, such as the
time which is spent using the Moodle system oram®unt of resources viewed,
do not always indicate the actual time spent irsjrestem, but only the time while
a remote session is open and the system remains.aks a result, there are some
restrictions that do not allow preparing all theegsary information in order to
adapt the course material:

e |tis not possible to find out how a user will beaaand what kind of
material they will look at. Also the learner's demdamight be
unchanged or the system user will use the expeitEdmation
selection process or any casual requests.

e The results which are acquired whilst completing tasks of self-
assessment cannot be categorized or do not allbmirdgethe priority
themes.

As a result, it can be concluded that in order tmmor the result of the
learner's knowledge acquisition, a physical auditnecessary and it can be
conducted by using self-assessment questions. Hrereften situations when
previously prepared tests do not provide the actealilts and they do not
motivate the learners to revise the material aeglugrior. Thus, when receiving
the minimum permitted mark in a test, the learnev@s on to the next topic
where the previously skipped topics are no longarussed. Nowadays, this issue
can be resolved only by involving a real expert whth manually adjust the
learning materials of each topic for learning maafehe learner.

The use of question metrics in the process of derigg a test

This article has proposed a method for designilfgaseessment tasks where
the selection of questions is implemented by uieggraph theory. Suppose that
a set of questions which can be used to achieveeudtD has been assigned a
matter of metricé(S(s)), a value which is located in the indexed set aardle
used in comparison. In the models suggested by athtbor ['ekk et al., 2006),
the metrics are built using recursive approach ftomto bottom, defining the
conditions for establishing the route.

For the question selection algorithm to be effeciivis necessary to meet
three conditions: determining the importance of tfuestion, preservation of
priorities, and the determination of the importanta question.

Determining the importance of the questionThe selectable questiarns
useful for the tes, if the condition is fulfilled (formula 1):
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S(vq) S(vi1)

S(v2) S(i,) "
t,select

S(wn)/ S/,

whereS (vi].) > S (vi].+1), =1,2,...,n-1

Its condition plays an important role. All metrieghose rates are low, will
be selected from the metrics IS{u) (the questions were not covered before or
the learner has made several errors while fillingquestions of a similar
category). Accordingly, there will be no possilyiltb choose the test questions
which the student can easily answer or has alraadwered successfully before.

Preserving the priorities. The metric preserves its priority if tHéS(v)) <
L(S(uv)) follows with I(S(w) < [(S(v)@S(w)) for all Vv € V and Yu € N(v).
This means that before adding a new question hetdigtS(v) it is evaluated as
to whether it will be better than anyone else ftbmmlistS(v)

Defining the importance of a questionlt determines the behaviour of the
metrics through the full test question reconfigmratLet us assume th&(v) =
(v1,v4, ..., Uy) IS the set of questions for thaest. Let us introduce an additional
list R*(v) with questions that are sorted in the ascendidgroof the metrics -
I(S(v,)) < L(S(vu41)). The arranged list of metrics will allow choositige
number of the most important questions for thest @rmula 2):

USrey()] < [Sreym | @
The algorithm of the intellectual question selectio

The Dijkstra’s procedure is considered to be thsish@f the classic
information search algorithm in the grapRaumesnu et al., 2010). When
implementing the procedure each question in thatdete is accompanied by two
variables — prior(v) indicating the frequency ofngsthe questiorv and pred(v)
which indicates the location of the questian the test. The starting value of the
variableprior(v) — o has been defined. This means that the questiomdtas
been viewed yet. The starting value of the varigbtei(v) = 0 — this means that
the questions do not have a determined locatitimihest or that the location does
not matter.

It is defined that the usage ratio of a questioa mositive number. In this
case, it is proposed to use the Dijkstra’s algarittigure 1.) provided that -
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l(u,v) = 0. As a result, the path of the graph must be Huitiugh questions with
a minimum utilization coefficient.

Dijkstra's Procedure
(set of questions, test set, and achievable result)
for all ue V {
prior(u):=ew;
pred(u)=0;}
prior(d)=0;
H=CreateQueue(V);
while H is not empty {
u=Fist Out(H);
for all(v,u) € E {
if (prior(v)=prior(u)+l(v,u))
{ prior(v)=prior(u)+l(v,u);
pred(v)=u;
Rearrange_Queue(H,v);}

A significant difference in the procedures is tise of lineH where all the
elements are sorted using prior(v) values. ThequoeCreateQueue(greates
the line of question prioritied by replacing the question of the start of the line
with the lowest usage coefficieptior(v)=0. The procedur&earrange Queue
(H,v) provides the reconfiguration of the line in cas@morities or usage of the
guestions.

Every time when performingwahile cycle two conditions are met:

1. There is ad>0 value where all the questions viewegrior(v) < d

and all the remaining questions of the linetor(v) = d.

2. The valueprior(v) for each question v in the line is equabdar the
minimum coefficient which points to the need ofluting the question;
moreover, the frequently used in questions or testions which do
not meet the aim are removed from the line.

The completion of the requirements guaranteesdgeltrof the algorithm

solution (figure 1).

If it is necessary to evaluate the change in netticough a dynamic
qguestion selection the use of Bellman-Ford algori{{Golderg et al., 1993) is
suggested. When the algorithm is in action, thdistavalue of the metrics of
each question may vary multiple times dependingherresults received during
the tests. Every time the change in metrics is gotadl by using the procedure
(3):

Update_M(v,u) : prior(v) — min{prior(v),prior(w)_l(v,u)} (3)
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Fig.1 Application of Dijkstra's algorithm

During the procedure certain characteristics anelgoted:

e the use of the procedure does not increase prioajues;

e the most effective result corresponds to a minipabr(v) value,
therefore the reguladpdate_Mprocedure will not affect the results
negatively.

The proposed algorithm creates a test lookingldahalquestions from the
group S(v) if the question usage coefficient is availablehe [(S(v)) metrics.
Where it is not possible to identify the value lod question usage, the algorithm
for creating intellectual questions is no longdedb work.

Conclusions

Nowadays, an intelligent E-Learning system allowachers to monitor
students’ learning process. Online analytics tgosve to be highly practical
when working with students’ process validation, tvimstakes they can have,
and how they are interacting with course conteatichers can change or adapt
their lessons structure and main content. Moodleé&work is highly reliable and
encourages students with semantic and other methadurses by using adaptive
e-learning. But it lacks the feature of social ratg¢ion especially when it comes
to interact with teachers and the meaning of spgakperience.

The article describes the algorithm for creatirgitttellectual, user adapted
guestions; this algorithm uses the model of thenkrafrom the set of questions
and by fulfilling the modified Dijkstra's algorithohooses the questions that help
the learner reach the result that is most apprgottatheir competence level.

In result, general architecture of intelligent quegeger module for e-learning
intelligent system was described in this paper. dlhjective is to make a system
work like a real teacher which can model the desom of pedagogic resources
and guide the learner in his educational processrding to his assets and to the
pedagogic objective that is defined by the teacher.
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