REVISTA INVESTIGACION OPERACIONAL VOL. 38, NO. 2, 169-177, 2017

COMPETENCY ASSESSMENT MODEL FOR A
VIRTUAL LABORATORY SYSTEM AT DISTANCE
USING FUZZY COGNITIVE MAP

Omar Mar Cornelio*, Ivan Santana Ching **, Jorge Gonzélez Gulin*, Liudmila Rozhnova *
* Universidad de las Ciencias Informaticas, Cuba.
** Universidad Central "Martha Abreu™ de las Villas

ABSTRACT

With the development of Information Technology and Communications (ICT) are increasingly knowledge areas within it. The automatic
control has contributed its Systems of Virtual Labs at Distances (SLVD) in order to share precious resources from the Internet
technology which would be very difficult to generalize its cost of implementation. However the absence of a professor for monitoring
control strategies designed by students, it is possible that not competent persons can assess the platform and generate a malfunction in
their workstations. This paper describes a solution to the issue raised from the implementation of a model for the assessment of
competitions which bases its operation on fuzzy cognitive map and operators of aggregation of information as a regulatory mechanism
for access control practices in SLVD.A case study is implemented through which it is possible to determine the rate of student skills and
support the decision making process for access to running practice.
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RESUMEN

Con el desarrollo de las Tecnologias de la Informacion y Comunicaciones (TICs), son cada vez mas las areas del conocimiento que la
integran. El control automatico ha aportado sus Sistemas de Laboratorios Virtuales y a Distancias (SLVD) con el fin de compartir
preciados recursos tecnologicos desde Internet los cuales serian muy dificil de generalizar por su costo de implementacion. Sin embargo
al no existir un profesor supervisando las estrategias de control disefiadas por los estudiantes, es posible que personas no competentes
accedan a la plataforma y puedan generar un mal funcionamiento en sus estaciones de trabajo. La presente investigacion describe una
solucion a la problemética planteada a partir de la implementacion de un modelo para la evaluacion de competencias el cual basa su
funcionamiento en mapa cognitivo difuso y operadores de agregacion de la informacién como mecanismo regulatorio para el acceso a
las précticas de control en un SLVD. Se implementa un estudio de caso mediante el cual es posible determinar el indice de competencias
del estudiante y apoyar el proceso de toma de decisiones para el acceso a la ejecucion de la practica.

1. INTRODUCTION

The new way to manage everyday processes from the introduction of Information Technology and Communications
(ICT) integrates all areas of knowledge where the teaching-learning process in its various functions incorporated in
its action innovative technologies. The teaching of the Automatic Control has provided its systems of Virtual Labs at
Distance (SLVD) in order to share precious resources from the Internet technology which would be very difficult to
generalize its implementation cost.

A System Laboratory Distances can be defined as a tool that uses a communication network, where users and
laboratory equipment are separated geographically and communications technologies are used to access these
devices [14], [20].

The working philosophy of a SLVD is based on sharing resources from a technological point of view, possess high
complexity where reproduction would be very costly especially in public institutions budgeted by the state. The
main objective is based on achieving an availability of 24 hours throughout the week [27] with a global accessibility
which would facilitate that students were not restricted to one place or time to make an oriented task [4].

However the absence of a professor for monitoring control strategies designed by students, it is possible that not
competent persons can assess the platform and generate a malfunction in their workstations. In this sense,
competency assessment would allow the prediction of future functionality problems or indicate the need to return to
train again.
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The above analysis can identify that at the present the assessment of competitions constitute an element to deepen,
identifying the following dissatisfactions:

e ltis lacking of mechanisms for assessing the competence of practitioners students.

e The uncertainty in determining whether a person is suitable for a certain practice.
Taking as a case of study the process of evaluation of competencies, it is proposed as a general objective of the
research: to develop a model for assessment of competitions with the implementation of fuzzy cognitive map and
operators of the aggregation of information as a regulatory mechanism of the access control practices for Virtual
Laboratory System and Distance.

2. MATERIALS AND METHODS

In this session the inference process is described for making decisions about competency assessments and raises the
general characteristics of the model to facilitate understanding of the proposal.

The model for the assessment of competencies is geared to support making decisions for a system of virtual
laboratories and distance, it is based on three basic stages: input, processing and output of information. Figure 1
shows a general outline of the proposal.
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Figure 1: General scheme of the proposed model
Description of model stages

Data Entry: The process by which the model takes the data required for processing [28].In the proposal, there are
manually managed data are those provided directly by the user as management experts, indicators and causal
relationships.
Information processing: Capability of the model to perform calculations according to a predetermined sequence of
operations that allows data transformation of low interpretability in organized information.
The inference process and organization of the information is guided by using fuzzy cognitive maps.
Fuzzy cognitive maps (MCD) are fuzzy models with feedback to represent causality.
They combine theoretical tools of cognitive maps, fuzzy logic, neural networks, semantic networks, expert systems
and nonlinear dynamic systems [7], [17].
This technique allows to model the feedback system with diffuse degrees of causality in the interval [0,1], where
each node represents a fuzzy set or event that occurs to some degree. The nodes are causal concepts and can model
events, actions, values, goals or processes. By using this technique are also obtained the benefits of the visual
modeling, the simulation and the prediction [24].
In the MCD there are three possible types of causal relationships between concepts:

e Wij> 0 indicates a positive causality between Ci and Cj concepts. That is, the increase (or decrease) in the

value of Ci leads to increase (or decrease) in the value of Cj.
e Wij <0 indicates a negative causality between Ci and Cj concepts. That is, the increase (decrease) in the
value of Ci leads to a decrease (increase) in the value of Cj.

e Wij =0, indicates the absence of relationship between Ci and Cj.
A MCD can be represented by a digraph in which nodes represent concepts and arcs indicate causal relation.
The intensity of the causal relationship is represented by fuzzy values [22].The values of the concepts are calculated
at each step of the simulation. According to the initial vector of the MCD will converge to a fixed point, limit cycle
or chaotic attractor.
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The MCDs can be represented by an adjacency matrix which is obtained from the values assigned to the arcs, it can
be written as:

5:[... Wy ]

When i'n'\'/olvéd. a grlc')'up of experts (k), the adjacency matrix is formulated by equation (1).

1
E :K(E1 +E, +..+E,)

1)
This aggregation of knowledge allows to improve the reliability of the final model, which is less susceptible to
potentially erroneous beliefs of a single expert [31]. However, the arithmetic mean is very sensitive to the presence
of outliers.

One thing to keep in mind are the mistakes that experts commit for determining the sigh accompanying causation
[6], besides using the arithmetic mean , the magnitude of weight vanishes. Methods have been proposed that attempt
to minimize the error which require some consensus are reached [2] or subsequent interaction with the expert [9]
which, while desirable, is not always possible.

Departure information: The output is the ability of the model to represent the data processed and decide alternatives
[26]. For the proposed model the fundamental informations are the access condition for executing control practices
and the system of personal competencies.

Structure of proposed model

For the selection process, decision and interpretation of the behavior reflecting reasoning [1], [29] the intensity is
processed of casual relationships [3] allowing the system to model with feedback of diffuse degree of causality
[16].The authors propose a model for decision making, which is based on multi-criteria approach [12] with the use
of fuzzy cognitive maps [19] and consists of the following steps:

Step 1: Identify the evaluative indicators.

Step 2: Determine the relationships between indicators.
Step 3: Obtaining of MCD.

Step 4: Static Analysis.

Step 5: Evaluation of the practitioners.

Then each of the steps are described:

Step 1: Identify the evaluative indicators

Identifying indicators to value it is based on the selection of factors involved in auto engineering skills.
Must be complied that:

Assigned indicators or criteria meet the following condition expressed in equation (2).

| ={I,..1,}(n>2) )

The domain of criteria | is finite.

Step 2: Determine the relationships between indicators

An multi-expert approach is applied where it is recommended to 7-13 experts in the area of knowledge of the subject
matter, the MCDs can be integrated into one single model [15].This aggregation of knowledge allows to improve
the reliability of the final model, to make it less susceptible to potentially erroneous beliefs of a single expert [8]. It
asks each expressing the correlation of the indicators to which the defined scale is taken in Table 1, where positive
values show a direct correlation and negative values as the inverse correlation such as shown.
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Value Impact
-1 Negatively extremely important
-0,75 Negatively strongly important
-0,50 Negatively very important
-0,25 Negatively important

0 Without importance

0,25 Important

0,50 Very important

0,75 Strongly important

1 Extremely important
Table 1: Domain linguistic variable and the corresponding real values causal

The absolute value of MCD is obtained by averaging based on a valuation prepared by experts as expressed in
equation (3).

n 3
VA= Zizlwij ( )

E
Where:
AV: Absolute value.
E: Number of experts involved in the process.
Wij: Vector correlation given by experts to the I;; indicators.

In the adjacency matrix E; = E(Iilj)being causal function value of the arc, the node I;imparts 1. I;.

Causally increases | ; if E;; =—1.and it does not impart causality if E; =0.
Table 2 shows the absolute values that are obtained in the adjacency matrix are displayed.
I I2 I3 In
L |0 VA(1,2) VA(1,3) VA(1,n)
I, | VA@2,1) 0 VA(2,3) VA(2,n)
I | VAL VA(3,2) 0 VA(3,n)
In | VA(0,1) VA(n,2) VA(n,3) 0

Table 2: Matrix of adjacency

Step 3: Obtaining of MCD
Figure 2 shows directed graph, called causal graph. There are different types of causality that can be expressed

graphically [11], where each causal model can be represented by a graph.

—simple —> —chain-}—chain -}

/V
Common cause /
/ Remote Common Cause
A )
\ \

Common cause

O

Figure 2: Scheme of causal graph

The absolute values obtained from the experts grouped by the adjacency matrix, make the connection with their
respective weights between nodes [23], which in turn shape the overall fuzzy cognitive map [32].
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Step 4: Static Analysis

Cognitive maps are very useful for generating knowledge since causality is diffuse, accommodate their knowledge
base according to experts [13], so that its outcome will depend on a lot of knowledge expressed by experts [21].
Static analysis provides causal conceptual centrality of cognitive maps is defined with the components of the
adjacency matrix. The model parameters are: output degree OD, ID input level and the centrality C [25] Degree of
output obtained by the equation (4)

n 4
od =37 I @
Input level obtained by equation (5)

. n 5
id, =>"" I ®)
Centrality obtained by equation (6)

C,=od, +id, (6)

Step 5: Evaluation of practitioners

In the evaluation process, it is selected as an instrument a questionnaire previously developed which has a set of
questions with possible answers output which in turn are evaluated by numerical scale normalized giving as a result
a vector of activation with the result obtained assigned turn the powers present in the exercise which is assessed. The
decisional process is performed by the operator of information aggregation OWA, Ordered Weighted Averaging,
ordered weighted average [30].This method unifies the classical criteria of decision uncertainty in a single
expression [5].With the application of the aggregation process information obtained through major role, the vector
competence for a hopefully analyzed by equation (7) scenario is generated.

F(py, Py Py)= D Wb, @
=L

Where:
P: Set of preferences P = {p1 veus Py }on the assessment of the questions asked by the students to the questionnaire

bj: It is the largest of the jth P; ordered.

W. Important vector obtained by static analysis with outdegree parameter sorted in descending order so that meets:
Equation (8).

VW, =1
W e [0,1]y ; . 8)

Once obtained vector competencies, there is the initial vector representing the stage for the simulation and

knowledge representation system based on a decision tree it arises. Figure 3 shows the tree of decision of inference
whereby it is possible to express a set of rules [10].

Skills assessment

F <033 F =067
Ime» mey
0.33 < F <0.66
© =)

Figure 3: Tree of decision of inference
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The tree can be expressed by the following set of rules:

R1: If F > 0.67 Then competency assessment = Top; R2: If F < 0.33 Then competency assessment E = Deficient;
R3: If F <0.66 y F > 0.34 Then competency assessment = Suitable

Concluding that the inference is true decisional "Yes" the result is the value consulted, otherwise it continues to
consult rules until a true value.

To make the simulation of the stage, the influence of interconnected concepts to the specific item is calculated
according to equation (9) using F(x)= tanh(h)expressed as follows:

Ai(K+1) _ f(Ai(K)Zin:l;jii Ai(K) *Wji) (9)

Where:
A, (K+1)
i . is the value of the concept C; in step k+1 of the simulation

(K)
A : is the value of the concept C; in step k of the simulation
Wiji: It is the weight of the connection from concept C; to concept C; y f (x) is the activation function [29], [33].

3. RESULTS AND DISCUSSION

The assessment of competencies has many applications in practical life, especially when you want to predict
behavior inadequate in the future .The proposed model integrates a SLVVD where the process is implemented taking
an example of using as a case study, which was developed with a student selected at the Central University of Las
Villas. A description of the results is performed.

Steps of the implement the case of study

Step 1: Identify indicators.

To determine the evaluative indicators taken as a basis, the doctoral research by Santana [27] which proposes the
following indicators:

Fundamentals of automation and control methods.

Ability to model and simulate systems.

Automatic regulation and control techniques.

Principle and application of robotic systems.

Applied knowledge of industrial computing and communications.

Design of automated control systems.

Principles of automatic regulation and its application to industrial automation.

Step 2 Determine the relationships between indicators.

In the process to determine the relationship between indicators from the function (1), involving seven experts, they
were obtained 7 MCD being built by the function (3). Table 3 shows the adjacency matrix obtained as a result.

o N~ WD

I I I3 l4 Is ls 17

I1 0.00 0.75 0.71 1.00 0.96 0.92 0.75
12 0.39 0.00 0.50 1.00 0.50 0.96 0.50
I3 0.32 0.92 0.00 0.92 0.50 0.96 0.50
la 0.32 0.50 0.75 0.00 0.75 0.75 0.50
Is 0.89 0.50 0.75 0.75 0.00 1.00 0.50
l 0.78 1.00 0.92 0.96 0.96 0.00 0.50
I7 0.25 0.75 0.75 1.00 0.75 0.50 0.00
Table 3: Adjacency matrix

Step 3: Obtaining of MCD.
General MCD represents the causal relationships expressed in graphical form on the assessments issued by the
experts with their respective causes. Figure 4 displays the causal relationships obtained adjacency matrix Table 3.
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0.75

Figure 4: General fuzzy cognitive map obtained
Step 4: Static Analysis.
Given the knowledge base stored in the adjacency matrix table 3, applying the function (4), (5). Table 4 shows the
static analysis obtained.

No Indicators id od c

6 Design of automated control systems. 511 |5.14 | 10.25
4 Principle and application of robotic systems. 564 | 357 |9.214
5 Applied knowledge of industrial computing and communications. 443 | 439 |8.821
3 Automatic regulation and control techniques. 439 |4.14 |8535
2 Ability to model and simulate systems. 443 |3.86 |8.285
1 Fundamentals of automation and control methods. 296 |5.11 |8.071
7 Principles of automatic regulation and its application to industrial automation | 3.25 | 4.00 | 7.250

Table 4: Static Analysis
Source: presentation of the authors.

The fundamental result of the static analysis of the system formed by the evaluative indicators shows that the three
most important indicators in descending order are: design of automated control systems, principle and application of
robotic systems, industrial applied computing and communications knowledge.

Step 5: Evaluation of practitioners

In the evaluation process, is selected as an instrument a questionnaire previously developed which has a set of
questions with possible answers which in turn are evaluated by numerical scale standard managed by SLVD giving
as a result a role competency representing vector of initial activation. Table 5 shows the results of evaluation
practitioners.

Stage Results of the questionnaire Important vector Activation vector
Case 1l 1;1;0.5;0.25;05;0;0 0.17; 0.169; 0.145; 0.137; | 0.170; 0.169; 0.072; 0.034;
0.132;0.127; 0.118 0.033;0; 0

Table 5: Dynamic Analysis

Applying the simulation process using equation (9) an attractor reached iteration 9 returning the output vector C9 =
[0.89; 0.97; 0.97; 0.99; 0.97; 0.98; 0.98.

After performing the process of inference applied to the major role (7) on the set of rules derived from the decision
tree, is obtained as a result the assessment of competencies where proficiency rate of 0.48 considered is obtained
according to the rules inference competencies as appropriate index. It is proposed that the user can access the control
practices requested.

4. CONCLUSIONS
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With the development of research, a model for the assessment of competencies based on indicators of competency
by MCD and OWA operators is presented. A case study of its application, where it was possible to demonstrate the
applicability of the model is applied.
With the implementation of the proposed model, a fuzzy cognitive map is built from experts formalizing the critical
indicators for assessing competencies.
Once applied the study of case, it is possible to assume a pattern of behavior on an environment of high uncertainty
determining the proficiency rate of practitioner proposing the implementation of practices in the SLVD.
- RECEIVED: JULY, 2016
- REVISED: NOVEMBER, 2016

REFERENCES

[1] ADIL Baykasoglu & Zeynep D. U. Durmusoglu (2014): A Hybrid MCDM for Private Primary School
Assessment Using DEMATEL Based on ANP and Fuzzy Cognitive Map, International Journal of
Computational Intelligence Systems. Volume 7, Issue 4, July, pages 615-635

[2] BRYSON, N. (1997): Generating consensus fuzzy cognitive maps. Paper presented at the 1997 IASTED
International Conference on Intelligent Information Systems (IIS ’97), Grand Bahama Island,
BAHAMAS.

[3] BUENO, S And SALMERON, J (2009): Benchmarking main activation functions in fuzzy cognitive maps.
Expert Systems with Applications. Vol. 36 N°. 3, pp. 5221-5229.

[4] FABREGAS, E and FARIAS, E (2011): Developing a remote laboratory for engineering education.
Computers & Education. Vol. 57, pp. 1686-1697.

[5] FILEV, D and YAGER, R (1998): On the issue of obtaining OWA operator weights. Fuzzy Sets and.
Systems. Vol. 94 N° 2, pp. 157-169.

[6] GIORDANO, R and VURRO, M (2010): Fuzzy cognitive map to support conflict analysis in drought
management fuzzy cognitive maps. En M. Glykas. Fuzzy cognitive maps. Studies in fuzziness and soft
computing. 247. Grecia: Springer-Verlag: pp. 403-425.

[7] GLYKAS, M. and GROUMPOS, P(2010): Fuzzy Cognitive Maps: Basic Theories and Their Application to
Complex Systems Fuzzy Cognitive Maps. Springer Berlin / Heidelberg. Vol. 247, pp. 1-22.

[8] GLYKAS, M (2010): Fuzzy Cognitive Maps: Advances in Theory, Methodologies, Tools and Applications.
Secaucus, NJ, USA. Springer Verlag. 2010.

[9] GLYKAS,M; XIROGIANNI, M and STAIKOURAS, G.(2010): Fuzzy Cognitive Maps in Banking Business
Process Performance Measurement. Fuzzy Cognitive Maps Vol. 247, pp. 161-200.

[10] GONZALEZ, J (2013): Proposal of genetic classification algorithm .RCI. Vol. 4, N°. 2, pp 37-42.

[11] GOODIER, C; AUSTIN, S and SOETANTO, R (2010): Causal mapping and scenario building with multiple
organizations. Futures. Vol. 42 N°. 3, pp. 219-229.

[12] GRAJALES, A; SERRANO, E and VON, H (2013): The methods and processes for evaluating multi. Luna
Azul. N° 36.

[13] JETTER, A and SCHWEINFORT, W (2011): Building scenarios with Fuzzy Cognitive Maps: An exploratory
study of solar energy”. Futures. Vol. 43 N° 1, pp. 52-66.

[14] KHAMIS, R. (2006): Remote Interaction with Mobile Robots Based on Internet. Madrid-Spain: Doctoral
Thesis Charles 111 University of Madrid.

[15] KOSKO, B (1988): Hidden patterns in combined and adaptive knowledge networks. International Journal of
Approximate Reasoning. VVol. 2 N°. 4, pp. 377-393.

[16] LEYVA, M;ROSADO, R and FEBLES, A. (2012):Modeling and analysis of critical success factors of software
project susing fuzzy cognitive maps”. Information Sciences. Vol. 43 N°. 2, pp. 41-46.

[17] MAR, O (2016): Module for competency assessment through a System Laboratories Distances. RCCI. Vol.10
N° 3, pp132-147

[18] MAR, O (2015): Decisional inference engine in computer systema performace assessment. RCCI. Vol.9 N° 4,
pp.16-29

[19] MERIGO, J and GIL, A (2010): New decision-making techniques and their application in the selection of
financial products. Information Sciences. Vol.180 No11, pp. 2085-2094.

[20] NUNO, O and BASANEZ, L (2004): Teleoperation: techniques, applications, and intelligent sensory

environment  teleoperation.  Disponible en:  http://bibliotecnica.upc.es/reports/ioc/IOC-DT-P-2004-05.pdf.

Consulted: 12-8, 2014.

176



[21] PAJARES, G and Guajardo, M (2010): Fuzzy cognitive maps applied to computer vision tasks. Fuzzy
cognitive maps. In M. Glykas. Studies in fuzziness and soft computing. 247. Grecia: Springer-Verlag: 259-
289.

[22] PENA, A and GUTIERREZ, A (2007): Cognitive Maps: A Profile and Modeling Application to Student.
Center for Research inComputing, IPN. Vol. 10, pp. 230-250.

[23] PUENTE, C; OLIVAS, A and SOBRINO, A (2010): Studyof causal relationships. Annals of mechanical and
electrical. Vol. 87. pp. 54-59.

[24] SALMERON, J. (2009): Supporting decision makers with Fuzzy Cognitive Maps. Industrial Research
Institute. Vol. 52, pp. 53-59.

[25] SALMERON, J (2009): Augmented fuzzy cognitive maps for modeling LMS critical success factors.
Knowledge-Based Systems. Vol. 22 N° 4, pp 275-278.

[26] SANCHEZ, B and VALDES, Y (2009): Design Document Information Systems. theoretical considerations.
Information Sciences.Vol. 39 N° 3.

[27] SANTANA, | (2012): Tools for automatic oriented teaching methodology ECTS. Doctoral Thesis Disponible
en:http://oa.upm.es/10791/Consulted: 10-8, 2015.

[28] SANTOS, | (2013): Cuban model of land management digital information. Information Sciences. Vol. 44 N°
2

[29] SINGH, A (2011): Architecture value mapping: using fuzzy cognitive maps as a reasoning mechanism for
multi-criteria conceptual design evaluation. Unpublished PhD Thesis, Missouri University of Science and
Technology, Missouri.

[30] SOLER, L;KOK, G and VELDKAMP, A (2011): Using fuzzy cognitive maps to describe current system
dynamics and develop land cover scenarios: a case study in the Brazilian Amazon. Journal of Land Use
Science: pp.1-27.

[31] STACH, W; Kurgan, L and Pedrycz, W (2010): Expert-Based and Computational Methods for Developing
Fuzzy Cognitive Maps. In M. Glykas (Ed.), Fuzzy Cognitive Maps(pp. 23- 41). Berlin: Springer.

[32] White, E and Mazlack, L (2011): Discerning suicide notes causality using fuzzy cognitive maps. Fuzzy
Systems (FUZZ). IEEE International Conference On.

[33] YAGER, R (1998): On ordered weighted averaging aggregation operators in multicriteria decision making.
Systems, Man and Cybernetics, IEEE Transactions on. Vol. 18 N°. 1, pp. 183-190.

177


http://oa.upm.es/10791/
http://cinfo.idict.cu/index.php/cinfo/issue/view/63/showToc
http://cinfo.idict.cu/index.php/cinfo/issue/view/63/showToc

