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Abstract

Various methods are currently being used in examining the initial “START” knowledge of applicants and their placement
for specialties. Studies show that applicants are placed on the decreasing principle in terms of their overall scores at universities. In
this case, applicants with a high level of knowledge are placed in the prestigious specialties as medicine and law as they require high
results. Though, while applying for other professions, the applicants do not perform enough results on the key disciplines for the
profession, they are placed in those professions when the general results enable it. This causes them to face a number of problems
while working both in education process and in the industry.

To avoid this problem and to place applicants in a specialty that is more relevant to their level of knowledge, the introduction
of an individual approach to the evaluation of initial level of knowledge may be more promising.

This article presents a modeling of the "evaluation — placement" support system for the individual approach to assessing
applicants' knowledge and positioning them in relevant specialties. The main goal of the system is to give each applicant the oppor-
tunity to choose and study the specialty that is more relevant to their knowledge and skills, as well as to analyze the results for each
discipline along with the overall results. The system is implemented using fuzzy logic based artificial neural networks.

The network consists of 100 neurons in the input layer, two hidden layers and one output layer. The number of neurons at the
output is the same as the number of specialties taught at university.

Keywords: artificial neural network, intellectual system, fuzzy sets, personalization of education, fuzzy logic.

DOI: 10.21303/2461-4262.2020.001181

1. Introduction

Universities have been performing the sacred objective to satisfy the scientific needs of
society since its inception. Affected by this factor, the society is already experiencing the transition
to the knowledge economy. At the time of globalization, the intellectual capital invested by univer-
sities and research institutions has become the main production factor [1]. The use of new technol-
ogies in all three areas of psychosocial activity to increase the interest in different disciplines can
lead to significant results [2]. This factor is only possible in the e-university environment.

Currently there are many e-university models in the world such as on-off campus, tele-uni-
versity, consortium [3]. However, despite so much development, applicants in almost all countries
of the world are tested and placed based on their general knowledge, without taking into account
the knowledge and skills in particular subjects required for specific specialties. This often makes
applicants to be placed in the specialties where their knowledge and skills are incompatible.

In this case, the individual approach to entrants emerges during their admission to universi-
ties, which has many advantages. The personalization of education has already become one of the
requirements for the transition to the virtual world [4]. Personalization in education is a key trend
in e-learning. In [5], the authors use fuzzy logic in testing computer skills of students.

The introduction of intellectual systems in the learning environment contributes to the de-
velopment of maximum interaction and interconnection between educational resources and learn-
ers [6]. New opportunities for facilitating academic tasks, developing smart content, personal and
global education as well as enhancing educational effectiveness can be estimated as the changes in
the artificial intelligence sector [7]. The main requirement for modern educational resources used
in knowledge management systems includes the ability to adapt the education to specific educa-
tional tasks, competence levels, personality traits. Moreover, the neural networks can be applied as
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one of the most promising technologies in assessing students’ competence [8]. Intelligent analysis
in the educational environment is based on decision making, statistics, pattern recognition, cluster
analysis, classification, regression and factor analysis, fuzzy logic, artificial neural networks and
other methods [9-15]. The personalization of education or the determination of individual learning
trajectories for each student is also possible through the use of artificial intelligence in the learning
process. One of the characteristics of learners is their learning style [16].

The trajectory of the personal education is a three-stage process that involves evaluating
the basic knowledge and directing to occupations, from the initial assessment to the beginning of
education and the stages of the educational process [17].

There are many articles in the scientific literature on the use of intellectual systems at dif-
ferent stages of the educational process. A creation concept has been specified for a learning man-
agement system of new generation that allows forming individual learning trajectories based on
analysis of student’s achievements, wishes and peculiarities. Forming individual learning trajec-
tories based on student’s achievements and functional state analysis provides the possibility to
build educational process automatically that will be suitable for a specific student and satisfy the
requirements of the educational program [18].Guzman-Ramirez and Enrique propose the education
system modeling based on the Gate matrix using multiple preceptors [11]. In the article [19], the au-
thors use Data Mining technology to explore students’ interests and their successes in these areas.
The article [9] sets out the criteria for the international assessment of IT knowledge using artificial
intelligence in education. [20] proposes the use of artificial intelligence based adaptive learning
hypermedia systems in e-learning.

Projecting the “educational process” phase of the personal education trajectory using fuzzy
set theory helps students become more promising graduates [12].

Obviously successful use of genetic algorithms, neural networks, and matrices in address-
ing the teacher-learner relationship and their interaction issues in the virtual learning environ-
ment [21, 23]. [23] shows an example of the use of software such as CATIA V5 and Fluidsim
CAD systems in the teaching technique of laboratory and technical subjects. Intellectual learn-
ing systems (ITL) are developed as part of a blended/hybrid design initiative to support learning
processes. At present, there is a growing interest in the intellectual analysis of data in educational
systems [24]. The results obtained from the model developed with the method of artificial neu-
ral networks were verified and compared through classification (quota) tables, Chi-square test,
simple linear regression analysis and correlation analysis methods. According to these results,
the estimated success measures and the observed success measures and the success/failure clas-
sification formed by these measures were significantly similar [25]. [13] presents an analysis of
the average performance indicators of graduates in the SPSS package. In [14], the authors use
the Mamdani algorithm to solve the problem of predicting student success rates with fuzzy logic.
Wai Yan Min implements a MATLAB system that can analyze successes for each semester by
analyzing the results of each student using neural networks [26]. Certain results are obtained
using the data mining technologies in the educational outcomes [27]. In addition, the authors
in [28] propose the use of artificial intelligence in assessing the performance of the academic
personnel (teachers, professors, etc.).

Recognizing all these successful solutions, it should be noted that the problem of assess-
ment of initial knowledge and skills and relating it with the choice of the profession, which is most
appropriate for the achieved results, has not been explored well enough. Therefore, in the context
of the personalization of education, the modeling of a support system for applicants in the choice
of profession can be relevant. The essence of this issue includes the need for the use of intellectual
technologies in its solution.

The aim of research is to develop a method for evaluating the primary knowledge of the
students and directing them to the relevant specialties. The results of the knowledge evaluation of
the students through the proposed method are compared to the requirements specified for the spe-
cialties, and consequently, students are enabled to study the most relevant specialty. The students
selecting the specialties through this method are assumed to be more promising cadres after the
graduation.
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To achieve the aim, the following 3 objectives are set and resolved:

1. Analysis of the results on the main disciplines covered by the specialties chosen by the
applicants during the admission exams in the country.

2. Comparison of the results of the students of any university on the disciplines covered by
the specialties they are admitted with the results of the disciplines taught at the university on the
basis of those disciplines.

3. Grouping the answers of first-year students of any university on the subjects covered by
the basic disciplines of the specialties they are admitted to, and entering these results as input data
to the proposed model to determine the most suitable specialty offered by the model.

2. Materials and methods

In the process of modeling an applicant support system, the results of various surveys con-
ducted by the State Examination Center of the Republic of Azerbaijan, the results of various sur-
veys conducted among students and citizens, matrices and artificial neural networks are used the
research materials.

3. Experiments

3. 1. Exploring the results of entrance examinations

At the first stage of the survey, the survey is conducted based on the statistical data for the
years 2013-2017 provided by the State Examination Center of the Republic of Azerbaijan. It is
found that in some cases, although applicants perform low results on the basic disciplines of the
chosen specialties, due to the high overall results, they can be placed in the chosen specialties [29].

In the second study, the results of the students admitted to Nakhchivan State University
during the entrance exams are mutually compared with the results on the disciplines they studied
at the university (Fig. 1).

It is revealed that the results on the subjects remain almost unchanged during the course
of study, and the student can’t achieve even higher scores in the university disciplines which play
a key role.
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Fig. 1. Average score of applicants on disciplines in 2013-2017

A survey is conducted among the students to find out how this problem is solved by the
students (Fig. 2).

35 % of the surveyed students said they would like to go to additional training courses,
48 % — to study in distant form, 3 % — to study again, and 14 % — to change their specialization.
The results of the analysis once again prove that modelling the intellectual decision support system
is necessary for the placement of applicants in specialties.
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Fig. 2. The ways used by students to improve their capacity in basic disciplines
In the third stage of the study, the questions presented to the students in the entrance exam
are grouped according to the disciplines and subjects they are referred to. These results are includ-
ed as input data to the proposed model. As a result of the analysis of 981 results introduced to the
system through the proposed model, it becomes clear that the knowledge of 231 students is more
appropriate for other specialties rather than for chosen ones. In the end, the reasons for this are
clarified. Table 1 presents the results of 10 students by the selection method, the specialties they
have chosen and the specialties that the system considers appropriate according to their knowledge.
Table 1
Results of 10 students by the selection method
. Specialty considered appro-
Students r::ltl?tls Curr«;nilcyi:lttudymg priate by the proposed model Note
P y according to the knowledge level
Student 1 340 Physics teaching Mathematics teaching 8 questlgns on physics an_d
22 questions on mathematics answered
Student2 432  Electrical engineering  Water management engineering Questions on electricity not answered
Student3 452 Information systems  Water management engineering Questions on electricity, magnetism and im-
pulses not answered
Student 4 253 Water nllanag'ement Architecture Only geometric questions on mathematics
engineering answered
Student5 382 Pharmacology Biology 25 quest19ns on biology, 3 on chemistry and
5 on physics answered
Student 6 341 Biology Veterinary Only questions on zoology answered
Student7 258 Veterinary Ecology Questlons on zoology not answered, only ques-
tions on botany answered
Student8 262 Veterinary Chemistry 25 quespons on 3 on.blology and
4 questions on chemistry answered
Student9 401 Chemistry teaching Biology teaching Only 5 questions on chemistry answered
Student 10 374 Biology teaching Veterinary Only questions related to zoology answered

3. 2. Assessment-guiding method architecture

Through the proposed method, the occupations are grouped in order to more easily iden-
tify the level of knowledge of a learner. These groups are conventionally referred to as I, 11, III,
IV, V groups which respectively include the specialties in the following disciplines:

— group I — Mathematics, (Science) Physics, Engineering, Architecture, Agrarian studies;

— group II — Economics, Management, International Relations, Regional Studies, Sociology
and Geography;

— group III — Humanitarian and Pedagogical;

— group IV — Medicine, Chemistry, Biology, Psychology, Agriculture;

— group V — Art, Music, and Sports.

The main disciplines in the first specialty group are physics and mathematics, in the second
specialty group — mathematics and geography, in the third specialty group — native language and
history, and in the fourth specialty group — chemistry and biology.
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Testing of “start” knowledge through the assessment-guiding method is mainly performed
in two specialties, which can reveal the applicant’s knowledge through test questions and is carried
out in two stages. The structural scheme of the model is presented in Fig. 3.

At the first stage, the student is presented 10 questions in each of the 10 disciplines that
cover the specialty groups. At the end of this phase, the general knowledge level of the learner is
determined for compliance with the requirements. If the student’s scientific potential provides the
requirements, it is checked for his/her specialty. The level of general and specialty groups is deter-
mined by the academic management team of the e-university.

In the second round, the learner is presented 25 questions on each of the two core subjects
that cover the specialty group. These questions mainly concern the specialties taught at the univer-
sity. At the end of this phase, the most appropriate specialty(ies) is assigned to the learner. If there
are more than one related specialty, the learner will be given the chance to choose.
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Fig. 3. Testing “start” knowledge of applicants and specialization system
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Through this system, the knowledge of the learner on the specific group or the specialty
rather than the general knowledge is assessed. Thus, the questions are presented on the specialty
group in this case, and in the second case, the questions are presented on the specialties with the
requirements set out in the second phase. Once the results of the system are “analyzed”, the system
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presents the outcome as “does not correspond” to the specialty, “__ X, fully corresponds to the
specialty” and X corresponds to the training course.

3. 3. Characteristics of the elements of applicants and questions sets and the relation-
ship between them

Obviously, each discipline is made up of different subjects, and the subjects are made up of
topics. Proper answers to the questions that are relevant to the future specialty of learners are more
important in his/her right placement in specific specialty.

Assume that the e-university requires the learner to perform 85 % results in physics for the
specialties “electro-energy engineering” and “melioration and water economy building engineer-
ing”. According to the current rules, the learner can apply to both specialties performing 85 %
results without responding to the questions that involve the subject “electrics”. However, the pro-
posed assessment method does not allow the admission of that learner to the specialty “electro-en-
ergy engineering”, but allows the admission to the specialties as “melioration and water economy
building engineering” or other “electrics” subjects which is less important.

Let’s assume that applicants (applying to be learners) willing to enter the e-university is
presented as a set mentioned below:

o0={0,}, h=1,z

s = {Sa } ,(a= G) is a set of questions prepared to test the applicants knowledge by special-
ty groups and occupations.

However, such a compilation of the set “S” is of no importance to the proposed method. In
this case, it remains unknown which subject the presented question refers to.

To address this problem, along with the current number, discipline, content, answer op-
tions, correct answer or answers (for open-ended questions) and difficulty rate settings, it is also
suggested to define the subjects and topics parameters for each question, which is a prerequisite
for the proposed method to be sustainable and flexible (Fig. 4). Thus, the set “S” includes the sets
of disciplines “F”, each of which includes the sets of subjects “B”, and the sets of subjects in turn
include subsets of topics “M”.

Obviously, the number of subjects per discipline and the number of topics per subject differ.
The number of questions per topic is finite, and the number of elements in the set “S” varies de-
pending on the subsets F, B, and M, and is generally fuzzy.

In this case, the following relationships can be written.

Assume that F' = {E },i =1,k is the set of disciplines in which the applicant’s knowledge is
tested, B = {Bj}, j=1,n is the set of subjects, and M = {My}, y =1,¢ is the set of topics.

Test questions

Difficulty

Number varies
depending on the
topbic

Easy, Medium,
Difficult

Fig. 4. Structure of the test questions table

content answer
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1
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In this case, each question can be described as S;“) €M, since it is referred to a partic-
ular topic.

Obviously, the number of questions on the topics differs. Each of the topics is related to a
particular subject, and their numbers vary depending on the subjects. Hence, each of the sets of
subjects consists of the combinations of unequal subsets M), (H-0B).

M, "M, N...NM, =0, )
B())=MyvMpv..v M, @)
M()), < B()). )

. .. . . . (a)
In this case, description of the question that generates set of questionsisas S’ e M ;, € B,.

The subjects, in turn, are the unequal subsets of the sets of disciplines, and their separate
combinations generate the sets of disciplines (4)—(6).

B,NB,N..NB,=0, @)
F@i)=B,,VvB,,v..vB,,, )
B(),; € (). ©)

Thus, each element of the set of questions is represented as SIS-;) €M, €B; eF,.

All sets of disciplines are also assembled to generate the set of general questions “S” (7)—(9).

F,NF,N..NF, =0, ™
S=FVvFEvVv..VvFE, ®)
F,.cS. ©)

Finally, each element of the set of questions is represented as (9), which meets the require-
ments of the proposed method for fully identifying the applicant’s knowledge.

S;.‘y’)eijeBl.jeE es;

S,(a=1,p)
p—> o, (10)

Here P is the maximum number of questions that can be included into the question bank.
The question number or code come from a combination of these parameters. For example, the
selected question S is generally the 587th element of the subject and refers to the seventh
subject of the fifth topic of the first discipline. Set of questions is described in the Euler-Venn
diagram in Fig. 5.

The questions are entered to the question bank according to the specified rules with the
algorithm presented in Fig. 6.

Here ss is the serial number of questions on a specific topic, # is the type of question, s is
the text of question, ¢ is the correct answer to the question, M is the topic the question refers to,
B is the subject the topic refers to, and F is the discipline the subject refers to. The code variable
is the unique number of the question in the database generated from the combination of variables
F, B, and M.
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Fig. 5. Descriptions of the set of questions in the Euler-Venn diagram

‘ Begin ’

SS,T,S,C,F,
B,M,KOD

KOD=SS&”.”&F&”.”&B&”.”&M

_g\_w

S
T
J, SS=Count([S]) Where
F (((M)=[FORMS]![sualla]
![sualla.m]));+1
bank

Fig. 6. Algorithm for inclusion of test questions into
the database

The VB relational principle is used to implement the algorithm.

As seen from the block diagram description and the structural diagram of the algorithm,
once the question is entered the dataset, each question enters only the subset it refers to, which
prevents the unnecessary question to be presented to the applicant.

After specifying the characteristics of the elements of applicants and question sets, the
requirement model A=(S) for the questions presented to the applicant can be represented by the
matrix. Each line of O, here describes the candidate who is supposed to be a learner, and the
column SZP describes the questions to be selected to test the candidate’s knowledge in accordance
with his/her claim.

The membership function, which indicates the degree of response to the questions s, to be
presented to the applicant O, (h = 1,2) is determined by a fuzzy set.

The block diagram of the algorithm providing these conditions is presented in Fig. 7.

As seen from the algorithm, each applicant will be asked specific questions, covering each
discipline, subject, and topic in accordance with his/her choice. The questions are distributed
among the applicants in an ambiguous sequence.
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Fig. 7. Algorithm for presenting the test questions

3. 3. Developing relationship function among elements of specialties’ set, requirements
and results matrices

The next step to ensure the sustainable operation of the proposed method is the development
of a conventional set of “specialties” “I”’, which includes unlversny-spemﬁc specialties.

A number of specialties can be generally described as /= {1 } v=1,z. However, the
proposed method at the first stage, performs a guiding function for the specialty groups rather than
the specialties. Therefore, let’s compile a set of specialty groups IQ to perform the first phase of
knowledge assessment with the proposed method.

The learner’s knowledge on different specialties is examined in different disciplines.

The relationships between the demand for each specialty group and the disciplines it in-
cludes and the real knowledge of the learner on different disciplines can be illustrated by fuzzy
demand and supply models [30-32].

Then requirements to the level of knowledge for the specialty groups can be described as
the matrix T,-g(”) (11).

T, =(f,w=LW. a1

Here, W is the number of disciplines included into the r-th specialty group.

The demand model /Q=(T, 2 for different disciplines of separate specialty groups can be
compiled with two-dimensional matrix [Qr, = ||Tzqrw|| - Here, each line of IQ characterlzes
the individual requirements for the specialty groups. Each column Tig,, characterlzes the disci-
plines required for the specialty group and their membership to the groups.

Thus, the degree of correspondence of knowledge to the disciplines of the specialty groups
is determined by a membership function fuzzy set as follows (12).
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u, (10,): 10XT — [0,1]. (12)

The results performed by each learner whose initial knowledge is tested can also be similar-
ly described as a matrix (13).

N, (0)=(f,)g=1G. (13)

Here, O is an element of a set of learners and represents a learner whose knowledge is tested.
fg denotes the result of the learner on a specific discipline, and G is the total number of disciplines
the learner responds to.

The demand model for the individual learners’ knowledge in different disciplines can be

designed with a two-dimensional matrix O=(N,). Oy;, = ”Niqhg "zc . Each of the lines of ONiq here

describes the individual learners whose start knowledge is tested. Each Nig_ . column describes the
learner’s performance in various disciplines. In this case, the degree of provision of performance ma-
trix by the set of learners is expressed by the fuzzy membership function p N, (0,):0OxN — [0, 1].

The general requirement for knowledge by specialty groups is described as a total of re-
quirements set for various disciplines (14).

UT, =MAX(T). (14)

Moreover, the overall performance indicators of the learner can also be summarized in
separate disciplines (15).

UN,=MAX(N). (15)

The correspondence of each learner’s knowledge to the disciplines is assessed by the dif-
ference between the numerical value of the requirements set for the disciplines and the numerical
value of the performance of the learner (16).

U=|UT,~UN,|. (16)

Guiding the learner for the specialty group is based on the condition U — min. That is,
the smallest value of U is a discipline or disciplines on which the learner has high knowledge. U=0
is considered to be most appropriate. The mutual fuzzy inclusion of the requirements of specialty
groups for disciplines and the learners’ performance on the disciplines can be stated as follows (17).

0(0,,10,) = min|u,, (10) 1, (0)|- (17)

In the second phase of the proposed method, the relationship between the set of specialties
and the requirements matrix must provide other conditions. In this case, the requirements matrix
is two-dimensional and follows from the appropriate combination of disciplines and subjects. Each
line of the matrix characterizes the disciplines for which the result will be taken into account for
the specialty, and the columns refer to the subjects by the disciplines (Fig. 8).

Let’sassume that [ = {jv } ,v=1,z isasetof specialties taught at university. Then, the require-
ments for disciplines and subjects by the specialty can be described as 7' = |t ﬂ,|, f=Lk, b=1n.
Here, f'specifies the disciplines covered by the specialty, and b denotes the subjects covered by the
disciplines.

Thus, the demand model of the set of specialties versus the demand matrix is as /=(7") and
is represented as a three-dimensional matrix: 7, = "tvfb "Zk . Here, each line of / corresponds to a
two-dimensional matrix of T, Here, the requirements on the specialties include the total questions
to be answered on relevant disciplines, and the requirements on the disciplines include the total
questions to be answered on relevant subjects, and the requirements for the subjects 7, = ZT,,;
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I
expressed as follows (18).

T = sz' Thus, the degree of membership of the requirement matrix to the set of specialties is

iz, (1,):1xT —0,1]. (18)

i fim] - [1:]
[w][%]-[+]

0 (0[] ]
)]
VA

Fig. 8. Requirements for disciplines on specialties

In the second phase, the results of the study can also be described on disciplines and subjects
as a two-dimensional matrix (19).

N=|Ng|. f=Tkb=1n (19)

The lines here are the general result of the learner on the discipline, and the columns
are the results of answers to the questions covering the subjects related to the relevant discipli-
nes (20)—(22).

N,=>'N,, (20)
Ny =Y\ N,, @1
N =Y N, 2)

N,N, N, respectively represent the examination results of the learner on subject, discipline,
and specalty. N, and N/ are calculated using the formulas (23) and (24).

BDC
N, = 2% 23
b7 Ess @)
FDC
e 24
A @9

Here, BDC is the number of correct answers on the subject, FDC is the number of correct
answers on the discipline, and FSS is the number of total questions on the discipline.

Thus, the demand model of the set of learners against the results matrix is described as a
three-dimensional matrix: Oy = "N Wb " . Here, each line of O, corresponds to a two-dimensional
matrix of Nfb.

In this case, in the set of learners of the results matrix, the membership function of is as
follows (25).

zkn

My, (0):OXN — [0,1]. (25)
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The optimal situation in the second phase, as in the first phase, is that all the values of the
correspondence matrix “U” are minimum, which is resulting from the difference of the require-
ment and result matrices.

U=|T-N| (26)
F(u) = min(u). (27)

The degree of reciprocal inclusion of the learners’ results on the disciplines and the require-
ments for the specialties for the second phase can be summarized as follows (28).

00, 1,) = min|u; (1) =iy, (O)). (28)

Using these methods, the level of knowledge of the learner is achieved through an instru-
mental tool created through the database management system. Correctly answered questions
are denoted as 1, and the incorrectly answered questions or unanswered questions are denoted
as 0. As a result, these values are summarized on separate disciplines. If the result is considered
quantitatively sufficient, the results are then transmitted to the neural network and processed as
input data.

3. 5. Assessment of “Start” knowledge using neural networks

Assessment of knowledge on specialty groups is implemented through a fully-connected
neural network.

Obviously, neural networks are a mathematical model inspired from the biological neural
networks. Artificial neural networks are computer programs that simulate the connected neural
cells (neurons) in the human brain. Neural networks enable computers to recognize templates by
self-training. As the human brain, the neural networks produce only approximate results; however,
no other types of computer programs can do this work effectively.

3 types of neural networks are generally distinguished:

1) fully connected networks;

2) multiple neural networks;

3) poorly connected networks.

The main principle in fully connected neuron networks is that each neuron in the network is
connected to other neurons [12].

The input signal matrix of the presented model consists of 10 lines and 10 columns (Fig. 9).

Matrix is conventionally referred to as S since it contains the answered questions.

S =(s)(f =110;m =1,10), (29)

where f denotes the discipline, and m — the topic.
The output matrix consists of 1 column and 4 lines. The matrix is conventionally called /
(specialty group).

i, - 30)

The elements of the input and output matrices get the values 0 or 1.

The network consists of input and output layers and 1 hidden layer. There are 100 neu-
rons in the input layer, 10 — in the hidden layer, and 4 — in the output layer. The signals from
each of the following 10 neurons in the input layer are concentrated in the following j-th
layer of the hidden layer. As a result, the intellectual potential of learner on each discipline is
determined. These results are transmitted to each layer of the output layer. According to the
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potential of the learner, the corresponding element of matrix I gets the value 1, while the other
elements get the value 0.

s ~
4\ Custom Neural Network (view) li‘ﬂlg

Hidden Layer Output Layer

] b

Fig. 9. Description of the neural network at the first phase of the assessment of the start
knowledge of learner

The network activation function is a sigmoid function [10].
The Sigmoid function is the most common form of activation function, and its mathematical
expression is as follows:

1

- (14 exp(—tx)) ' S

o(x)

When the total input approaches —oo, the activation level approaches zero, and at very high
values of the overall input, the activation level almost equals to “1”.

At the second phase, namely, guiding the learner to the relevant specialty, the given neural
network consists of input and output layers and two hidden layers (Fig. 10).

Hidden Layer 1 Hidden Layer 2 Output Layer

10 6 3

Fig. 10. Description of the neural network at the second phase of the assessment of the start
knowledge of learner

The first hidden layer defines the subjects, in which the learner has more potential, while the
second hidden layer identifies more promising specialties on the disciplines. In the output layer, the
specialty(ies), in which the learner has more potential on both disciplines, are identified.

4. Discussions

There are 5 subjects for both disciplines in the presented network. It is accepted that 3
specialties are taught in this specialty group at the e-university. As a result of the experiments, the
results obtained during the admission examinations of newly enrolled volunteer students in a group
of universities were uploaded into the system as the input values, and the specialties, in which the
knowledge of the learners was more relevant, were identified.

Some of these students voluntarily take part in the final exams at the end of the academic
year together with the students of the specialties whose knowledge are considered appropriate by
the model proposed. Their overall results in these specialties are higher than the overall results in
the specialties they are currently studying, Table 2.

As the table shows, the indicators of the membership function are higher in the specialties
considered appropriate by the proposed model.

The presented theoretical explanations and the survey examples give grounds to say once
again that the introduction of the proposed model to the choice of specialization of applicants can
lead to the development of better-quality personnel in the future.
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Table 2
Overall results for the professions currently being studied
Students OASR (overall average success rate) in OASR in the specialty considered appropriate by
the currently studying specialty the proposed model according to the knowledge level
Student 1 Physics teaching (67 — d) Mathematics teaching (78 — c)
Student 2 Electrical Engineering (58 — ) Water management engineering (71 — c)
Student 3 Information systems (61 — d) Water management engineering (79 — c)
Student 4 Water management engineering (71 — c) Architecture (80 — ¢)
Student 5 Pharmacology (70 — d) Biology (81 —b)
Student 6 Biology (58 —¢) Veterinary (71 —c)
Student 7 Veterinary (57 —e) Ecology (68 — d)
Student 8 Veterinary (61 — d) Chemistry (73 —¢)
Student 9 Chemistry teaching (61 — d) Biology teaching (72 — ¢)
Student 10 Biology teaching (53 —¢) Veterinary (73 — ¢)

5. Conclusion

At the initial phase of the study, the applicants’ results during the admission examinations
were studied, and the architecture and the working principle of the assessment and guiding meth-
od were presented. At the next phase, the characteristics of the elements of the sets of applicants
and questions and the relationships between them were identified. The specialties, requirements
to disciplines and subjects were clarified, and the requirements and the results of applicants were
presented as a matrix and the relationship function between them is designed.

At the last phase, the application of a neural network for knowledge assessment was pro-
posed, the network was established and “trained”, and the sample values were entered and tested.

As the researches and practical results showed, the assessment of the applicants’ knowledge
through the proposed method might ensure the correct guidance of the knowledge level of the
society. Taking this into consideration, it was concluded that the introduction of the model and the
relevant system were appropriate.
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