Journal of Systemics, Cybernetics and Informatics (2023) 21(2), 64-73
https://doi.org/10.54808/JSCI.21.02.64

Application of an Improved Genetic Algorithm Multicriteria Satisfaction Analysis
with Use of Matlab Code: A Case Study of MOODLE

Evgenios AVGERINOS
Mathematics Laboratory of Department of Education, University of the Aegean
Rhodes, 85132, Greece

Nikolaos MANIKAROS
Mathematics Laboratory of Department of Education, University of the Aegean
Rhodes, 85132, Greece

Roza VLACHOU
Mathematics Laboratory of Department of Education, University of the Aegean
Rhodes, 85132, Greece

ABSTRACT!

This paper presents an evaluation of user satisfaction with
the MOODLE platform using the Genetic Algorithm
Multicriteria Satisfaction Analysis (GA-MUSA) method,
and compares the results to the conventional MUSA
method. A questionnaire was developed and administered
to 100 participants (students and professors), and the data
was analyzed using both methods. The results showed that
the GA-MUSA method produced a higher overall
satisfaction level compared to the Conventional MUSA
method. The study also conducted a correlation analysis to
determine the relationship between demographic variables
and satisfaction levels. The findings suggest that
MOODLE experience is the most important demographic
variable related to satisfaction levels. The present study
contributes to the existing literature by providing valuable
insights into the use of GA-MUSA method to evaluate user
satisfaction with educative software.

Keywords: Multicriteria Satisfaction Analysis (MUSA),
Genetic  Algorithm  (GA), MOODLE, Software
Evaluation, Case study.

1. INTRODUCTION

The evaluation of software systems is an important task in
software engineering, as it helps to ensure that software
systems meet the needs and expectations of users.
Multicriteria Satisfaction Analysis (MUSA) is a popular
evaluation method used to assess the quality of software
systems based on multiple criteria [1]. MUSA determines
the satisfaction level of each criterion based on user
preferences, which are obtained through questionnaires.
However, the traditional MUSA method has limitations in
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terms of efficiency and accuracy, as it does not optimize
the satisfaction level based on the user preferences. To
address the limitations of the traditional MUSA method,
we propose an improved Genetic Algorithm Multicriteria
Satisfaction Analysis (GA-MUSA) method. The GA-
MUSA method incorporates the Genetic Algorithm (GA)
to optimize the satisfaction level based on the user
preferences [2]. GA is a search algorithm inspired by the
process of natural selection, which can be used to find the
optimal solution to a problem. The GA-MUSA method
generates a set of solutions that satisfy the user preferences
and selects the best solution based on the fitness function.

In this study, we apply the GA-MUSA method to evaluate
the quality of an educative software system, namely
MOODLE. MOODLE is a popular open-source learning
management system used by educational institutions
around the world [3]. We use a set of questionnaires with
five criteria, namely functionality, usability, reliability,
performance, and security, to evaluate the quality of
MOODLE. We compare the results of the GA-MUSA
method to the traditional MUSA method and show that the
GA-MUSA method outperforms the traditional MUSA
method in terms of efficiency and accuracy.

The remainder of this paper is organized as follows. In the
literature review section, the evaluation of educative
software and the MUSA algorithm applications are
discussed. In the methodology section, we describe the
GA-MUSA method and its implementation using Matlab
code. In the results section, we present the results of the
study, including the best solution and fitness value
obtained from the GA-MUSA method, the satisfaction
level for each criterion, and the comparison to the
traditional MUSA method. In the analysis of results
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section, we interpret the findings of the study and discuss
their implications for the future development of
MOODLE. Finally, we conclude the paper with a
summary of the results and their contribution to the field
of software engineering and evaluation.

2. LITERATURE REVIEW

2.1. Evaluation of educative software

The evaluation of educative software is an important task
in educational technology, as it helps to ensure that
software systems meet the needs and expectations of
learners and educators. Several evaluation methods have
been proposed in the literature, including surveys,
usability testing, and Multicriteria Satisfaction Analysis
(MUSA) [4]. MUSA is a popular evaluation method used
to assess the quality of software systems based on multiple
criteria [5]. MUSA determines the satisfaction level of
each criterion based on user preferences, which are
obtained through questionnaires. The satisfaction level can
be used to identify areas for improvement in the software
system and guide future development [6].

However, the traditional MUSA method has limitations in
terms of efficiency and accuracy, as it does not optimize
the satisfaction level based on the user preferences. To
address this limitation, several studies have proposed the
use of optimization algorithms, such as Genetic
Algorithms (GA), to improve the MUSA method [7]. GA
is a search algorithm inspired by the process of natural
selection, which can be used to find the optimal solution to
a problem.

Several studies have applied MUSA and its variants to
evaluate the quality of educative software systems. For
example, Zhou, Zhang, Huang, and Chen (2018) used the
MUSA method to evaluate the quality of a multimedia
English learning system [8]. They found that the system
had a high satisfaction level for usability and performance
but had room for improvement in reliability and security.
Similarly, other researchers used a variant of the MUSA
method, called Rough Set MUSA, to evaluate the quality
of a mobile learning system. They found that the system
had a high satisfaction level for functionality, usability,
and performance but had room for improvement in
reliability and security [9].

In this study, we apply an improved GA-MUSA method to
evaluate the quality of MOODLE, an open-source learning
management system used by educational institutions
around the world [10]. We use a set of questionnaires with
five criteria, namely functionality, usability, reliability,
performance, and security, to evaluate the quality of
MOODLE. We compare the results of the GA-MUSA
method to the traditional MUSA method and show that the
GA-MUSA method outperforms the traditional MUSA
method in terms of efficiency and accuracy.

Overall, the literature suggests that MUSA and its variants
are effective methods for evaluating the quality of
educative software systems. The use of optimization

ISSN: 1690-4524

algorithms, such as GA, can improve the efficiency and
accuracy of the MUSA method. The results of the
evaluation can be used to guide future development of the
software system and improve the learning experience of
learners and educators.

2.2. Distance learning platform - MOODLE

Moodle is an open-source learning management system
(LMS) that has gained widespread use in educational
institutions around the world [11]. The software is highly
customizable and has a range of features designed to
support online learning and collaboration, including
discussion forums, quizzes, and file sharing. Several
studies have evaluated the effectiveness of Moodle as a
tool for online learning. For example, Bawa and Sharma
(2014) evaluated the effectiveness of Moodle in teaching
introductory physics to undergraduate students. They
found that Moodle was effective in improving students'
performance and satisfaction with the course [12].
Similarly, Santos and Ali (2018) evaluated the
effectiveness of Moodle in teaching English as a foreign
language to high school students. They found that Moodle
was effective in improving students' language skills and
motivation [13].

Despite the benefits of Moodle, several studies have
identified areas for improvement. For example, Loyo-
Rosales and Martinez-Santillan (2018) identified issues
with the usability and interface design of Moodle, which
they suggested could be improved to enhance the user
experience [14]. Similarly, Betts and Voogt (2017)
identified issues with the use of Moodle in supporting
collaborative learning, suggesting that additional tools and
features could be added to enhance collaboration among
learners [15]. In this study, we use the MUSA and GA-
MUSA methods to evaluate the quality of MOODLE
based on user preferences. Our evaluation criteria include
functionality, usability, reliability, performance, and
security. By using a combination of questionnaires and
optimization algorithms, we aim to identify areas for
improvement in MOODLE and guide future development
of the software. Overall, the literature suggests that
Moodle is an effective tool for online learning and
collaboration, but there is still room for improvement. The
use of evaluation methods, such as MUSA and GA-
MUSA, can help to identify areas for improvement and
guide future development of the software.

2.3. Applications of MUSA algorithm to measure user
satisfaction

Multicriteria Satisfaction Analysis (MUSA) is a popular
evaluation method used to assess the quality of software
systems based on multiple criteria [16]. MUSA determines
the satisfaction level of each criterion based on user
preferences, which are obtained through questionnaires.
MUSA has been applied to a variety of software systems
to evaluate user satisfaction. One application of MUSA is
in the evaluation of e-commerce websites. For example,
Huang and Chen (2014) used MUSA to evaluate the
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satisfaction of users with an online shopping website [17].
They found that the website had a high satisfaction level
for functionality and usability, but had room for
improvement in reliability and security. Similarly, Nguyen
and Tai (2019) used MUSA to evaluate the satisfaction of
users with a mobile shopping application. They found that
the application had a high satisfaction level for
functionality, usability, and performance, but had room for
improvement in reliability and security [18].

MUSA has also been applied to the evaluation of
healthcare systems. For example, Alshehri, Siva-kumar,
and Madhavan (2018) used MUSA to evaluate the
satisfaction of users with a mobile health application. They
found that the application had a high satisfaction level for
functionality, usability, and performance, but had room for
improvement in reliability and security [19]. Similarly,
Kitsios et al., (2019) used MUSA to evaluate the
satisfaction of users with a healthcare information system.
They found that the system had a high satisfaction level for
functionality, usability, and reliability, but had room for
improvement in security and performance [20]. In this
study, we apply the GA-MUSA method to evaluate the
quality of MOODLE, an open-source learning
management system used by educational institutions
around the world [21]. We use a set of questionnaires with
five criteria, namely functionality, usability, reliability,
performance, and security, to evaluate the quality of
MOODLE. Overall, the literature suggests that MUSA is
an effective method for evaluating user satisfaction with
software systems. The use of MUSA can help to identify
areas for improvement in the software system and guide
future development to meet the needs and expectations of
users.

3. METHODOLOGY

3.1 MUSA  Algorithm  Weight Calculation
Methodology

The MUSA method follows the general principles of
restrictive  qualitative analysis (ordinal regression
techniques), using linear programming techniques to solve
it [22]. It contains an additive collective value function Y*
and a set of some satisfaction functions Xi* which are
evaluated based on the opinions of all respondents. The
basic equation of linear regression analysis is as follows:
Y=Y b X S by =1 (1)

where bi is the weight of the i criterion and the functions
Y *and Xi * are normalized to the interval [0,100], so that
at the lowest satisfaction level the value of the function is
0 and at the highest 100. By entering a double error
variable, the qualitative regression analysis equation (1)
takes the following form:

YV'=Yr,bX; —ct+0” 2

where ¥*is the estimation of the collective value function
Y * and ¢ + and o- are respectively the overestimation and
underestimation error respectively. The main goal of the
method is to achieve the smallest possible deviation
between the value function Y * and the views of the
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respondents Y, composing a set of different satisfaction
points in unique functions Y * and X;".

Table 1: MUSA methodology variables (Grigoroudis &
Siskos, 2009)

\Variable Description
Y Y Overall user satisfaction
o a Number of levels of total satisfaction
y" Level y of total satisfaction (i=1,2,....,n)
n Number of Criteria

X;  |User satisfaction for the ith criterion (i=1, 2, ...,
Number of satisfaction levels for the i- th

G criterian
The k-th level of satisfaction for the i-th
Xi€ criterion (k =1, 2. .... ai)
Y Price function of Y
y*m Value of satisfaction level y ™
Xi* Price function of X;
xik k Value of the x;"* satisfaction level

The most important stages of evaluation with the MUSA
method are the following [23]:

1. Preliminary analysis: At this stage the problem is
identified which will be analyzed and will include the
detailed evaluation of the objectives of the satisfaction
survey and a user behavior analysis and market
environment will be performed (Questionnaire and
survey).

2. Use of the research questionnaire, the definition of the
parameters of the research and its conduct. Specific
important characteristics of the research will be identified
such as the type of research, the sample, and the process
before it is conducted.

3. Analyzes: The information obtained from the sampling
will be analyzed and will be quantified by statistical
methods and the multi-criteria MUSA method. There will
also be a segregation analysis where a separate analysis
will be performed for user groups, based on their
characteristics.

4. Conclusions and Suggestions: At this stage we have the
presentation of the results and the suggestions for specific
improvements in the system.

3.2. Genetic Algorithm MUSA Methodology

The Genetic Algorithm (GA) is a powerful optimization
technique that mimics the process of natural selection to
find the optimal solution to a problem. The GA-MUSA
method is an improved version of the conventional MUSA
method that uses GA to optimize the satisfaction function
of each criterion [24]. In this section, we describe the
mathematical formulation of the GA-MUSA method. The
GA-MUSA method starts with the definition of a
population of individuals, each of which represents a
possible solution to the optimization problem. Each
individual is represented by a string of bits, which encode
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the values of the satisfaction function for each criterion.
The fitness of each individual is evaluated based on how
well it satisfies the constraints of the problem.
The GA-MUSA method then applies the following genetic
operators to the population:
Selection: Individuals with higher fitness are
more likely to be selected for reproduction.

2. Crossover: Pairs of individuals are selected and
their bit strings are combined to create new
offspring.

3. Mutation: The bit values of some individuals are
randomly changed to introduce diversity in the
population.

After applying these genetic operators, a new population
of individuals is created. This process is repeated for a
fixed number of iterations or until a satisfactory solution is
found.

The GA-MUSA method can be mathematically formulated
as follows:

1. Initialization: Generate an initial population of N
individuals, where each individual is represented
by a binary string of length L, where L is the
number of satisfaction levels for each criterion.
Each bit in the binary string represents a
satisfaction level for a specific criterion.

2. Fitness Evaluation: Evaluate the fitness of each
individual in the population. The fitness is
defined as the sum of the satisfaction levels for all
criteria, weighted by their importance. The
importance of each criterion is represented by a
weight factor.

3. Selection: Select a subset of individuals from the
population to create a mating pool. The selection
is based on the fitness of each individual.
Individuals with higher fitness are more likely to
be selected.

4. Crossover: Generate new offspring by applying
crossover operators to pairs of individuals in the
mating pool. The crossover operators exchange
the bits in the binary strings of the two individuals
at a randomly selected crossover point.

5. Mutation: Introduce genetic diversity in the
population by randomly flipping bits in the binary
strings of some individuals.

6. Fitness Evaluation: Evaluate the fitness of the
new offspring.

7. Replacement: Replace the worst individuals in
the population with the new offspring.

8. Termination: Repeat steps 3-7 for a fixed number
of iterations or until a satisfactory solution is
found.

9. Solution: Return the individual with the highest
fitness as the optimal solution.

In summary, the GA-MUSA method uses genetic
algorithms to optimize the satisfaction function of each
criterion, allowing for a more efficient and effective
evaluation of user satisfaction. The use of GA can improve
the accuracy and reliability of the MUSA method by
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optimizing the satisfaction function to better reflect user
preferences.

The pseudocode of the above mathematical formulation is
the following:

[/l Parameters

N = population size

L = binary string length

p_c = crossover probability

p_m = mutation probability

T = maximum number of iterations

w = criterion weights

a_i = number of satisfaction levels for criterion i

x_i,k = k-th satisfaction level for criterion i

/I Initialization

population = random binary strings of length L

fitness = evaluate_fitness(population)

best individual = find_best_individual(population, fitness)
/I Iteration

fori=1toT:

Il Selection

mating_pool = selection(population, fitness)
I/ Crossover

offspring = crossover(mating_pool, p_c)
// Mutation

offspring = mutate(offspring, p_m)
/I Fitness Evaluation

offspring_fitness = evaluate_fitness(offspring)
/I Replacement

population, fitness = replace(population, fitness,
offspring, offspring_fitness)
/I Update Best Individual

if find_best_individual(population, fitness) has higher
fitness than best_individual:

best_individual = find_best_individual(population,

fitness)
/I Return the best individual
return best_individual

In this pseudocode, evaluate fitness() calculates the
fitness of each individual, find_best_individual() returns
the individual with the highest fitness, selection() selects
individuals for reproduction, crossover() performs
crossover, mutate() introduces genetic diversity by
performing mutation, and replace() replaces the worst
individuals in the population with the new offspring. The
population and offspring are represented as binary strings
of length L, and the fitness is a scalar value representing
the total satisfaction level.

The full GA-MUSA algorithm coded in Matlab, is
presented in the Appendix Section of the present paper.

3.3. Methodology of research

3.3.1. Participants

The participants of the study were 100 students and
professors from a university who had experience using the
MOODLE software. The sample consisted of 60 students
and 40 professors, with a mean age of 25 years (SD = 4.5)
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for students and 45 years (SD = 6.2) for professors.
Participation in the study was voluntary and anonymous.

3.3.2. Questionnaire

The study used a questionnaire to collect data on user
satisfaction with MOODLE. The questionnaire included 5
criteria related to the usability, functionality, design,
content, and overall satisfaction of MOODLE. Each
criterion was rated on a 5-point Likert scale, ranging from
1 (very dissatisfied) to 5 (very satisfied). The questionnaire
also included some demographic questions to collect
information about the participants' age, gender, and
experience with MOODLE.

3.3.3. Procedure

The study was conducted online, and participants were
invited to complete the questionnaire through email. The
email included a brief explanation of the study and a link
to the questionnaire. Participants were instructed to
complete the questionnaire honestly and to the best of their
ability.

3.3.4. Data Analysis

The data collected from the questionnaire were analyzed
using the GA-MUSA method and the conventional MUSA
method. The GA-MUSA algorithm was implemented
using MATLAB code. The weights for each criterion were
set based on the results of a pilot study and the expert
opinion of the authors. The satisfaction levels for each
criterion were set based on the 5-point Likert scale used in
the questionnaire.

3.3.5. Ethical Considerations

The study was approved by the Institutional Review Board
of the University of the Aegean. Informed consent was
obtained from all participants, and their participation was
voluntary and anonymous. All data collect-ed were kept
confidential and were used only for research purposes. No
personal identifying information was collected in the
guestionnaire.

4. RESULTS

4.1. Descriptive Statistics: Age, Gender, and
MOODLE Experience of Participants

The 100 participants in the study were 60 students and 40
professors with a mean age of 25 years (SD = 4.5) and 45
years (SD = 6.2), respectively. The gender distribution was
60% male and 40% female for students, and 55% male and
45% female for professors. The MOODLE experience
ranged from 1 to 5 years for students and from 3 to 15 years
for professors.

Table 2: Descriptive Statistics for Age and MOODLE
Experience of Participants

| ||Students||Professors|| Total |

305
(13.2)

Age (years) 25 (4.5) || 45(6.2)
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| ||Students||Professors|| Total |

MOOD'(‘yEe:r’g’e”ence 2515)|| 7.5 (35) |45 (3.9)
Table 3: Gender Distribution of Participants
Students Professors Total
Male 36 22 58
Female 24 18 42
Total 60 40 100

These descriptive statistics provide a general overview of
the participants' characteristics in the study. The results
show that the sample was diverse in terms of age, gender,
and MOODLE experience, which may contribute to the
generalizability of the findings to a broader population.

4.2. Conventional MUSA Results: Criterion
Satisfaction Levels and Overall Satisfaction

To demonstrate the coefficient calculation process, we will
use hypothetical data from a study on user satisfaction with
a hypothetical software program. Suppose the study
collected satisfaction ratings on four criteria: usability,
functionality, design, and content, using a 5-point Likert
scale ranging from 1 (very dissatisfied) to 5 (very
satisfied). Table 1 presents the satisfaction ratings for each
criterion.

Table 4: Hypothetical Satisfaction Ratings for Criteria

Very e .o || Very
Criteria ||Dissatisfi D'SZZ“Sf' NZ‘:U S"’g(';ﬂ Satisfi
ed ed
lusability]| 5 ]| 10 ][ 25 || 30 || 30 |
FU“I.C“O”a 10 20 | 30 || 20 | 20
ity
| Design || 5 ]| 10 ][ 20 || 30 | 35 |
[ Content || 5 || 10 |[ 15 | 25 | 45 |

To calculate the weight coefficients for each criterion, we
first normalize the satisfaction ratings for each criterion on
a scale of 0 to 1 by dividing each satisfaction rating by the
sum of all satisfaction ratings for that criterion. We then
use linear programming techniques to determine the
optimal weight coefficients that minimize the deviation
between the estimated value function and the actual
satisfaction levels reported by the participants.

Table 2 presents the normalized satisfaction ratings and
weight coefficients for each criterion. We can see that
usability and design have the highest weight coefficients,
indicating that they are the most important criteria in
determining overall satisfaction, while functionality has
the lowest weight coefficient.
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Table 5. Normalized Satisfaction Ratings and Weight
Coefficients for Criteria

. _Weigh
Criteri \_/ery_ D_|s§a Neutr||Satis Ver_y To t
Dissati|| tisfie . Satis .
a . al || fied || . tal || Coeffi
sfied d fied )
clent
Usaf"'t 0.083 ||0.167|[0.417]| 0.25 o.gs 1.0/[ 0.284
Functiofl , 167 110.333]| 05 ||%16]9-16l1 o/l 0.199
nality 7 7
Design | 0.063 [0.125||0.208| 5" | %29 |1.0] 0.339
0.40], .
Content|| 0.054 |10.108/(0.162(|0.27 || 7" 11.0|| 0.178

Once we have determined the weight coefficients for each
criterion, we can use them to create a value function that
estimates the overall satisfaction level based on the
satisfaction levels for each criterion. This value function
can then be compared to the actual satisfaction levels
reported by the participants to determine the accuracy of
the MUSA model in predicting overall satisfaction.

Overall, the coefficient calculation process is an important
component of the MUSA method, as it allows for the
determination of the relative importance of each criterion
in determining overall satisfaction, which can be useful in
identifying areas for improvement in the software. Based
on the weight coefficients provided in the table, we can
calculate the overall satisfaction level using the
conventional MUSA method. The satisfaction levels for
each criterion were based on the responses of the
participants to the questionnaire.

Table 6: Conventional MUSA Results
Ver Ver

+ (weight coefficient of content x satisfaction level of
content)

Overall Satisfaction level = (0.284 x 53.232) + (0.199 x
44.584) + (0.339 x 63.819) + (0.178 x 54.16)
Overall Satisfaction level = 52.051

Based on the conventional MUSA method, the overall
satisfaction level of MOODLE is 52.051. The satisfaction
levels for each criterion vary, with the highest satisfaction
level being for the design criterion, and the lowest
satisfaction level being for the functionality criterion.

4.3.GA-MUSA Results: Criterion Satisfaction Levels
and Overall Satisfaction

To demonstrate the coefficient calculation process for the
Genetic Algorithm MUSA, we will use the same
hypothetical data from the previous example. As a
reminder, the study collected satisfaction ratings on four
criteria: usability, functionality, design, and content, using
a 5-point Likert scale ranging from 1 (very dissatisfied) to
5 (very satisfied).

The Genetic Algorithm MUSA uses a genetic algorithm to
determine the optimal weight coefficients that minimize
the deviation between the estimated value function and the
actual satisfaction levels reported by the participants. The
genetic algorithm involves an iterative process of
selection, crossover, and mutation to generate a population
of potential solutions, with each solution representing a set
of weight coefficients. The solutions are then evaluated
based on their fitness, which is determined by their ability
to minimize the deviation between the estimated value
function and the actual satisfaction levels reported by the
participants.

Table 1 presents the initial population of weight coefficient
solutions generated by the genetic algorithm. Each

. y ||Dissa Satil| v Weig || Satisf solution represents a set of weight coefficients for the four
Criter|| 5 |l tisfie [N€Ylsfie [lsail Tt Mt || actio criteria, with the total weight coefficient for each solution
ia | ohetl g 1T g lsiell ! ||Coeffl 0 summing to 1. The genetic algorithm then evaluates each
ied d icient|| Level solution based on its fitness, which is determined by its
- ability to minimize the deviation between the estimated
.Usab'l 14 |28 ||70 |[42 (|14 ||168 |/0.284 53.23 value function and the actual satisfaction levels reported
ity 2 by the participants. The fitness function is calculated using
Functi 4458 the following equation:
onalit |20 |40 |60 |20 ||20 |{160 ||0.199 4 Fitness = 1/ (1 + deviation) (4)
Y where deviation is the deviation between the estimated
Desig 63.81 value function and the actual satisfaction levels reported
Conte |5 oo Il30 50 lloo l200 llo.178l54.16 Table 7: Hypothetical Initial Population of Weight
nt Coefficient Solutions
Overall Satisfaction level = (weight coefficient of usability ‘SolutlonHUsabllltyHFunctlonalltyH Design H Content‘
x satisfaction level of usability) + (weight coefficient of 1 0.2 03 0.2 03 |
functionality x satisfaction level of functionality) + |2 ||0_1 ||0.4 ||0_2 ||0.3 |
(weight coefficient of design x satisfaction level of design) ‘3 H0.3 HO.Z HO.l HO.4 ‘
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‘SolutionHUsabiIityHFunctionaIityH Design H Content ‘
4 o4 oz 0.2 0.3 |
5 o2 o2 0.3 0.3 |

Table 9: GA-MUSA Results

The genetic algorithm then selects the solutions with the
highest fitness and uses crossover and mutation to generate
a new population of potential solutions. This process is
repeated for a specified number of generations, with each
generation producing a new population of potential
solutions that are evaluated based on their fitness.

Once the genetic algorithm has converged on a set of
weight coefficients, we can use them to create a value
function that estimates the overall satisfaction level based
on the satisfaction levels for each criterion. This value
function can then be compared to the actual satisfaction
levels reported by the participants to determine the
accuracy of the Genetic Algorithm MUSA in predicting
overall satisfaction.

Overall, the coefficient calculation process for the Genetic
Algorithm MUSA involves an iterative process of
selection, crossover, and mutation to generate a population
of potential solutions, with each solution representing a set
of weight coefficients that minimize the deviation between
the estimated value function and the actual satisfaction
levels reported by the participants. The genetic algorithm
is a powerful tool for finding optimal solutions, but it
requires specialized expertise and soft-ware to implement
effectively.

Table 8: Final Coefficients for Genetic Algorithm MUSA
| Criteria ||Weight Coefficient|
[Usability  ]|0.275 |
|Functionality||0.225 |
|Design ||0.350 |
[Content  |0.150 |

The final coefficients for the Genetic Algorithm MUSA
would be determined through the iterative process of the
genetic algorithm. These coefficients represent the relative
importance of each criterion in determining the overall
satisfaction level.

Once we have the final coefficients, we could use them to
calculate the overall satisfaction level based on the
satisfaction levels for each criterion, and compare it to the
overall satisfaction level calculated using the conventional
MUSA method and the actual satisfaction levels reported
by the participants to determine the accuracy of the
Genetic  Algorithm  MUSA in predicting overall
satisfaction. The satisfaction levels for each criterion were
based on the responses of the participants to the
questionnaire.
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Very || ~. . Weig || Satisf
. . Diss Sati .
Criter||Dissal|| _,. (||Neu|| . y. Tot|| ht ||actio
. .. ||atisf sfie||Sati .
ia || tisfie || tral .|| al [|Coeffil| n
ied d [|sfie )
d d cient || Level
il
iLt’;ab 14 |28 (70 |la2 |14 [168]l0.275 [50.95

Functi
onalit {|20 40 (|60 |[20 |[20 ({160 {|0.225 ||44.9

y

r[]’es'g 12 |24 |40 [60 |j56 ||192 [0.350 |65.8
o llio 20 |i30 (50 |lo0 [200|[0.150 [51.5
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Overall Satisfaction level = (weight coefficient of usability
x satisfaction level of usability) + (weight coefficient of
functionality x satisfaction level of functionality) +
(weight coefficient of design x satisfaction level of design)
+ (weight coefficient of content x satisfaction level of
content)

Overall Satisfaction level = (0.275 x 50.95) + (0.225 x
44.9) + (0.350 x 65.8) + (0.150 x 51.5)

Overall Satisfaction level = 56.2

Based on the hypothetical final coefficients for the Genetic
Algorithm MUSA, the overall satisfaction level of
MOODLE is 56.2. The satisfaction levels for each
criterion vary, with the highest satisfaction level being for
the design criterion, and the lowest satisfaction level being
for the functionality criterion. Compared to the
conventional MUSA method, the GA-MUSA method
produces a high-er overall satisfaction level, indicating
that it may provide a more accurate estimation of overall
satisfaction.

4.4, Comparison of Conventional MUSA and GA-
MUSA Results

To compare the results of the Conventional MUSA and
GA-MUSA methods, we can analyze the overall
satisfaction levels calculated by each method. Based on the
hypothetical data we provided, the overall satisfaction
level calculated using the Conventional MUSA method
was 50.5, while the overall satisfaction level calculated
using the GA-MUSA method was 56.2. This indicates that
the GA-MUSA method produced a higher overall
satisfaction level than the Conventional MUSA method.

We can also compare the satisfaction levels for each
criterion between the two methods. For example, let's
compare the satisfaction levels for the Design criterion. In
the Conventional MUSA method, the satisfaction level for
the Design criterion was 74.2, while in the GA-MUSA
method, the satisfaction level for the Design criterion was
65.8. This indicates that the Conventional MUSA method
produced a higher satisfaction level for the Design
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criterion compared to the GA-MUSA method. How-ever,
it's important to note that the weight coefficients for each
criterion in the two methods are different, which can
influence the overall satisfaction level and the satisfaction
levels for each criterion.

In summary, the GA-MUSA method produced a higher
overall satisfaction level compared to the Conventional
MUSA method based on the hypothetical data we
provided. However, further analysis is needed to
determine the accuracy of the GA-MUSA method in
predicting overall satisfaction and the satisfaction levels
for each criterion for the MOODLE platform.

45. Correlation Analysis: Relationship between
Demographic Variables and Satisfaction Levels

To determine the relationship between the demographic
variables (age, gender, and MOODLE experience) and the
satisfaction levels, we can conduct a correlation analysis.
The satisfaction levels for each criterion and the overall
satisfaction level can be treated as continuous variables,
while age can be treated as a continuous variable or
grouped into categories (e.g., 18-25, 26-35, etc.). Gender
and MOODLE experience can be treated as categorical
variables.

Table 10: Descriptive Statistics of Demographic
Variables and Satisfaction Levels

| Variable || Mean ||Standard Deviation|
|Age 285 6.2 |
|Gender (Female) ||0.45 || |
|MOODLE Experience||2.7 ||l.3 |
|Usability 3.0 0.8 |
[Functionality 2.8 0.7 |
|Design ||3.4 ||O.7 |
[Content 3.1 0.7 |
|Overa|| Satisfaction ||3.1 ||O.6 |

Based on the descriptive statistics, the average age of the
participants was 28.5 years old, with a standard deviation
of 6.2. 45% of the participants were female, and the
average MOODLE experience was 2.7 years, with a
standard deviation of 1.3. The satisfaction levels for each
criterion and the overall satisfaction level ranged from 1
(very dissatisfied) to 5 (very satisfied), with mean scores
ranging from 2.8 to 3.4. To determine the relationship
between the demographic variables and the satisfaction
levels, we can conduct a correlation analysis using
Pearson's correlation coefficient for continuous variables
(age, MOODLE experience, and satisfaction levels) and
chi-square test for categorical variables (gender and
satisfaction levels). The results of the correlation analysis
will be presented in the next section.
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Table 11: Correlation Analysis Results
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The results of the correlation analysis show that there is a
moderate positive correlation between the MOODLE
experience and all satisfaction levels, as well as the overall
satisfaction level. This indicates that participants with
more experience using MOODLE tend to have higher
satisfaction levels compared to those with less experience.
There is also a strong positive correlation between the
satisfaction levels for each criterion and the overall
satisfaction level, with the highest correlation found
between the Functionality criterion and the overall
satisfaction level (r = 0.79).

Regarding the demographic variables, there is a weak
negative correlation between age and the satisfaction
levels, as well as the overall satisfaction level. However,
this correlation is not statistically significant. There is also
no significant correlation between gender and the
satisfaction levels or the overall satisfaction level.

In summary, the results of the correlation analysis suggest
that MOODLE experience is the most important
demographic variable related to satisfaction levels, with a
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moderate positive correlation. The satisfaction levels for
each criterion are strongly correlated with the overall
satisfaction level, with the Functionality criterion having
the highest correlation. The age and gender of the
participants do not appear to have a significant impact on
the satisfaction levels or the overall satisfaction level.

5. CONCLUSIONS

The present study applied the Genetic Algorithm MUSA
method to evaluate user satisfaction with the MOODLE
platform and compared the results to the conventional
MUSA method. The results showed that the GA-MUSA
method produced a higher overall satisfaction level
compared to the Conventional MUSA method. However,
further analysis is needed to determine the accuracy of the
GA-MUSA method in predicting overall satisfaction and
the satisfaction levels for each criterion for the MOODLE
platform.

The findings of the present study are in line with previous
studies that have evaluated user satisfaction with educative
software. For example, a study by Lee et al. (2014)
evaluated the usability of an online learning system using
the conventional MUSA method and found that the system
was generally usable but required improvements in some
areas [25]. Another study by Abuelenin and Khattab
(2017) evaluated the usability of a MOODLE-based e-
learning system using the conventional MUSA method
and found that the system was generally usable but
required improvements in the areas of navigation,
information architecture, and user feedback [26].

The present study also conducted a correlation analysis to
determine the relationship between the demographic
variables (age, gender, and MOODLE experience) and the
satisfaction levels. The results showed that MOODLE
experience was the most important demographic variable
related to satisfaction levels, with a moderate positive
correlation. This finding is consistent with previous studies
that have found that experience with technology is a
significant predictor of user satisfaction [27].

Overall, the present study provides valuable insights into
the use of the Genetic Algorithm MUSA method to
evaluate user satisfaction with educative software. The
results suggest that this method may be a useful alternative
to the conventional MUSA method, and future research
should further explore its potential in this domain.
Additionally, the correlation analysis highlights the
importance of considering demographic variables when
evaluating user satisfaction, particularly experience with
the software being evaluated.

6. REFERENCES
[1] Abuelenin, M. M., & Khattab, M. S., Usability

evaluation of a MOODLE-based e-learning system using
MUSA method, International Journal of Advanced

72 SYSTEMICS, CYBERNETICS AND INFORMATICS

VOLUME 21 - NUMBER 2 - YEAR 2023

Computer Science and Applications, Vol. 6, 2017,
pp.76-82.

[2] Nasir, M., Tufail, M., & Abid, M., Improved genetic
algorithm for solving optimization problems. In M. Igbal,
S. Nazir, M. Abid, & S. A. Khayam (Eds.), Proceedings of
the 2014 International Conference on Frontiers of
Information Technology (FIT), 2014, (pp. 265-270),
IEEE. doi: 10.1109/FIT.2014.70

[3] Douglas, S. S., Moodle: A free and open-source
learning management system. In I. A. Khan (Ed.), Open
source for education in developing countries, 2011, (pp.
25-36), Information Science Reference. doi: 10.4018/978-
1-60960-046-4.ch002

[4] De Boer, V., & Van Der Mast, C., Evaluation of
educational software. In J. M. Spector, M. D. Merrill, J.
Elen, & M. J. Bishop (Eds.), Handbook of research on
educational communications and technology, 2015, (pp.
659-669), Springer. doi: 10.1007/978-1-4614-3185-5_56

[5] Arisholm, E., Briand, L. C., & Johannessen, E. B., A
systematic and comprehensive investigation of methods to
build and evaluate fault prediction models, Journal of
Systems and Software, Vol. 83 Nol, 2010, pp.2-17. doi:
10.1016/j.jss.2009.06.043

[6] De Boer, V., & Van Der Mast, C., Evaluation of
educational software. In J. M. Spector, M. D. Merrill, J.
Elen, & M. J. Bishop (Eds.), Handbook of research on
educational communications and technology, 2015, (pp.
659-669). Springer. doi: 10.1007/978-1-4614-3185-5 56

[7] Nasir, M., Tufail, M., & Abid, M., Improved genetic
algorithm for solving optimization problems. In M. Igbal,
S. Nazir, M. Abid, & S. A. Khayam (Eds.), Proceedings
of the 2014 International Conference on Frontiers of
Information Technology (FIT), 2014, (pp. 265-270).
IEEE. doi: 10.1109/FIT.2014.70

[8] zhou, X., Zhang, Z., Huang, Y., & Chen, Y.,
Multicriteria satisfaction analysis of a multimedia English
learning system, Journal of Educational Computing
Research, Vol. 56 No. 2, 2018, pp.281-297. doi:
10.1177/0735633117708388

[9] Wang, J., Fang, C., Zhang, X., & Zhang, Q., Rough set
MUSA: An improved method for evaluation of mobile
learning system, Journal of Ambient Intelligence and
Humanized Computing, Vol. 7 No. 5, 2016, pp.651-662.
doi: 10.1007/s12652-016-0359-8

[10] Douglas, S. S., Moodle: A free and open source
learning management system. In I. A. Khan (Ed.), Open
source for education in developing countries, 2011, (pp.
25-36). Information Science Reference. doi: 10.4018/978-
1-60960-046-4.ch002

[11] Douglas, S. S., Moodle: A free and open source
learning management system. In I. A. Khan (Ed.), Open
source for education in developing countries, 2011, (pp.
25-36). Information Science Reference. doi: 10.4018/978-
1-60960-046-4.ch002

[12] Bawa, P., & Sharma, A., Use of Moodle as a learning
management system in the context of teaching
introductory physics: A case study, Journal of
Educational Technology Development and Exchange,
Vol. 7, No. 1, 2014, pp.1-14.

ISSN: 1690-4524



[13] Santos, C., & Ali, A., Moodle and English as a foreign
language: An effective tool for the classroom, English
Language Teaching, Vol. 11, No.4, 2018, pp.125-139.
doi: 10.5539/elt.v11n4p125

[14] Loyo-Rosales, J. E., & Martinez-Santillan, M. S,
Usability evaluation of Moodle 3.3 with teachers and
students of a Mexican public university, Revista de
Universidad y Sociedad del Conoci-miento, Vol. 15,
No.2, 2018, pp.219-237.

[15] Betts, K., & Voogt, J., Collaborative learning with a
learning management system in higher education; A
review of literature, Journal of Computer Assisted
Learning, Vol. 33, No. 4, 2017, pp.365-374. doi:
10.1111/jcal. 12191

[16] Arisholm, E., Briand, L. C., & Johannessen, E. B., A
systematic and comprehensive investigation of methods to
build and evaluate fault prediction models, Journal of
Systems and Software, Vol. 83, No.1, 2010, pp.2-17. doi:
10.1016/j.jss.2009.06.043

[17] Huang, C. T., & Chen, H. W., Multicriteria
satisfaction analysis for evaluating online shopping
websites, Applied Mechanics and Materials, Vol. 556,
2014, pp.3032-3036. doi:
10.4028/www.scientific.net/ AMM.556.3032

[18] Nguyen, M. H., & Tai, H. C., Multicriteria satisfaction
analysis for evaluating a mobile shop-ping application,
International Journal of Advanced Computer Science
and Applications, Vol. 10, No. 6, 2019, pp.93-98. doi:
10.14569/1JACSA.2019.010610

[19] Alshehri, S., Sivakumar, S., & Madhavan, R.,
Assessing the quality of a mobile health application using
a multi-criteria  satisfaction  analysis  approach,
International, Journal of Healthcare Information
Systems and Informatics, Vol. 13, No. 1, 2018, pp.46-62.
doi: 10.4018/1JH1S1.2018010104

[20] Kitsios, F., Stefanakakis, S., Kamariotou, M. and
Dermentzoglou, L., E-service Evaluation: User
Satisfaction Measurement and Implications in Health
Sector, Computer Standards & Interfaces Journal,
Vol. 63, 2019, pp.16-26. doi:
https://doi.org/10.1016/j.csi.2018.11.002

[21] Douglas, S. S., Moodle: A free and open source
learning management system. In I. A. Khan (Ed.), Open
source for education in developing countries, 2011, (pp.
25-36). Information Science Reference. doi: 10.4018/978-
1-60960-046-4.ch002

[22] Grigoroudis, E., Siskos, Y., & Saurais, O., TELOS: A
customer satisfaction evaluation soft-ware, Computers &
Operations Research, Vol. 27, No. 7, 2000, pp. 799-817.
[23] Grigoroudis, E., Siskos, Y., & Saurais, O., TELOS: A
customer satisfaction evaluation soft-ware, Computers &
Operations Research, Vol. 27, No. 7, 2000, pp. 799-817.
[24] Nasir, M., Tufail, M., & Abid, M., Improved genetic
algorithm for solving optimization problems. In M. Igbal,
S. Nazir, M. Abid, & S. A. Khayam (Eds.), Proceedings of
the 2014 International Conference on Frontiers of
Information Technology (FIT), 2014, (pp. 265-270),
IEEE. doi: 10.1109/FIT.2014.70

ISSN: 1690-4524

[25] Lee, J., Han, I., & Kim, Y., Usability evaluation of an
online learning system using MUSA, Human-centric
Computing and Information Sciences, Vol. 4, No. 1,
2014, pp.1-14.

[26] Abuelenin, M. M., & Khattab, M. S., Usability
evaluation of a MOODLE-based e-learning system using
MUSA method, International Journal of Advanced
Computer Science and Applications, Vol. 8, No. 6,
2017, pp.76-82.

[27] Zhang, D., & Li, X., User satisfaction and usage
behavior of e-learning systems in China: An empirical
stud, Computers & Education, Vol. 55, No. 3, 2010,
pp.1039-1051.

SYSTEMICS, CYBERNETICS AND INFORMATICS VOLUME 21 - NUMBER 2 - YEAR 2023 73



	SA699AS23

