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ABSTRACT
In addition to the focus of research selected as a Final Project material, the selection of . )
lecturers as student's supervisor becomes very important. The lecturer's competence | | check for
related to the focus of student research and the supervising style of lecturers is also very UL

influential on the final results. Measurement of style appropriateness between students'
learning styles and supervising lecturers' styles can benchmark the quality of the final KEYWORDS

. 1 . . . . . . . . . .
project's implementation, especially higher education institutions. This study has applied | g it 1 eaming Stvie
fuzzy-based assessment to build objective perceptions of students' learning characteristics | | o o Characgt]erisytics
and lecturers' characteristics (Visual (V), Auditory (A), Kinesthetic (K)) as supervisors | ... V)
through questionnaire processing that has designed in such away. Hence, it is suitable for Audito (A)
this study. The measuring technique of the percentage of overlapping areas under the Kinestr:/etic ()
curves and the correlation test between a pair of curves have been used as performance | ¢~ oot
measurement metrics. In general, the study results indicate a significant level of coverage y '
adequacy for all research variables regarding existing conditions. It means that the process
of Final Project activities in terms of students' and lecturers' learning characteristics as
supervisors and their distribution is at a reasonable level (88.38%). It has also been shown
by the results of the correlation test of the appropriateness of choice, both supervisors
selected by students (0.8657) and students chosen by lecturers (0.9897) who are at a very
significant level of similarity. Correlation tests conducted for similarities between students'
and lecturers' learning characteristics as supervisors show almost no significant correlation
between them (0.4064).

This is an open-access article under the CC-BY-SA license

1. Introduction

The Final Project is the final estuary for students during their education in a higher education
institution. In addition to the selected focus of research as a Final Project material, the selection of lecturers
as their supervisors becomes very important. Not only aspects of the competence of lecturers are related
to their research's focus, but the lecturer's supervising style is also very influential on the final result.
Commonly, the supervising style of the lecturer is directly related to the teaching style in the classroom.
As well as students, their learning style will be the primary resource in completing their Final Project.
Measurement of the style's appropriateness, between students' learning styles and the supervising style of
lecturers, can be a benchmark of the quality of the implementation of the Final Project in particular higher
education institutions.

Knowledge of student characteristics is quite essential in the concept of learning technology.
Knowledge of student characteristics will affect whether or not the lecturer is appropriate for delivering
the chosen learning message. In principle, there is no one strategy for delivering the best learning messages
unless the strategy is appropriate and appropriate to student learning characteristics. One of the
characteristics of students that need to be identified is students' learning styles. The quality of the learning
process in lectures will increase if the lecturer's teaching message delivery strategy is under students'
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learning styles. The success of the teaching and learning process can also be measured by students who
take part in learning activities, including the level of Understanding, mastery of the material, and
measuring student achievement. It is also applied when the lecturer performs the task as a supervisor of
the Final Project.

The learning styles are defined as students' learning behaviors, such as reading, seeing, listening, and
trying to imitate [1]. There is a fundamental difference between learning styles and cognitive styles.
Compared to cognitive styles, learning styles are more visible in terms of the strategies students use to deal
with learning. Compared to learning styles, cognitive style places more emphasis on the naturalness of the
individual, habits, and ways of absorbing, processing, and maintaining new information and skills that are

preferred [2].

One of the problems faced by lecturers is that the teaching methods used do not match student learning
styles' characteristics. This condition will also significantly affect when the lecturer acts as a supervisor of
students with individual learning styles. Many learning methods can be applied to students. Problem-
based learning emphasizes student activity in finding solutions to problems. In applying this method, the
lecturer allows students to determine the topic of the problem. Inquiry learning is a teaching technique in
which lecturers involve students in the learning process through the use of questions, problem-based
learning activities, and critical thinking. Therefore, students are involved mentally and physically to solve
the lecturer's problems [3]. Quantum learning strategies are usually applied to motivate students to be
involved in the learning environment. This strategy combines each component of emotional learning with
students so that the relationship between the lecturer and students' emotional condition can create a more
meaningful and permanent learning environment [4]. Various innovative teaching methods are now
widely used. Hybrid teaching is combining face-to-face teaching with the use of e-learning facilities.
Technology and multimedia, such as smart gadgets for different tasks such as teaching, designing question
papers, student assessment, and feedback, have also been widely used. Innovative teaching and learning
methodologies such as short lectures, simulations, roleplaying, portfolio development, and problem-based
learning (PBL) are very useful in overcoming the rapid development of technological advancements and
workplace development that needed in the future [4].

One of the most popular and most widely used learning style models is the VAK (Visual, Auditory,
Kinesthetic) model proposed by Neil Fleming [5]. Visual style - prefers calmness and order around them
if it is difficult to maintain concentration. Visual students best remember what they see in the text, video,
graphics, and the like. They like to make handwritten notes and are not disturbed by surrounding sounds
during the study. Auditory style - likes learning by listening to lectures, reading aloud, and leading
discussions. They have problems with reading graphical forms and the like. They prefer to talk about
action rather than watch it. They have the ease of learning languages. They need silence to study.
Kinesthetic style - feeling the best in moving, like working in groups, and quickly tired when listening to
lectures. They need a break between study sessions. Any movement around them might disturb them [6].

There are two models of approaches to detect learning style models: (1). Conventional, using a
questionnaire to find learning styles; (2). automatic: (a). data-driven, using data-driven methods that
implement Al in the detection process; (b). literature-based, using student learning outcomes of available
teaching materials. The prior knowledge approaches have been used to build a VARK learning style
detection model. This approach is carried out to prove the relationship between learning styles with prior
knowledge and achieve more accurate detection results [7].

Furthermore, the prior knowledge approach involves three stages: producing prior knowledge and
determining the level of knowledge and prediction of learning styles. Knowledge-based levels have also
been used to detect student learning style models [8]. Detection of learning style models based on student
behavior during their interactions with learning objects and mapping rules to infer learning styles for the
Felder-Silverman Learning Style Model has also been carried out [9]. Artificial Neural Networks have also
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been used to build learning style detection models, which begin with the process of generating prior
knowledge using the Latent Semantic Indexing (LSI) method [10]. Other methods that have also been
used to detect learning style models are such as the use of tree-augmented Bayes [11], and hybrid methods
which are a combination of literature-based detection and automatic detection [12].

In addition to the learning style detection activity, there are many methods and approaches used to
measure student learning styles' performance. The various performance measurement methods used must
be related to the stated measurement objectives. ANOVA has been used to measure students' awareness
of learning styles and academic performance based on their GPA [13]. A study of the Relationship between
Kolb Learning Style, Gender, and Student Learning has conducted. The relationship levels had shown
using regression techniques [14]. A statistical approach has also been used to measure the relationship
between learning styles, academic performance, and teaching evaluation results [15]—[17].

This study uses data obtained from the Information Technology Department, Samarinda State
Polytechnic. In this institution, students have the freedom to choose lecturers as their supervisors.
Likewise, lecturers also have the right to accept or reject student proposals related to their position as
prospective supervisors. Students' learning styles become their primary resources in working on Final
Projects, including in consulting activities with their respective supervisors. The teaching style of the
lecturers is assumed to represent their supervising style to the students they supervise. This study observes
students’ learning styles and the teaching styles of lecturers considered as research variables.

This study measures the relationship between the two characteristic models of the observations and
the distribution proportion of selected students/lecturers for each characteristic model. Fuzzy-based
assessment is used to determine students' learning styles from the results of data observations via a
questionnaire model — aggregation of all measurements considered as total performance.

2. Method

2.1. Learning stages and methods

In general, there are four levels of human learning positions, namely: (1). Unconscious incompetence;
(2). Conscious incompetence; (3). Conscious competence; (4). Unconscious competence. The transition
between levels of learning positions, as mentioned above, requires the following phases of learning:

1) Knowledge Acquisition is a process of transition from the level of unconscious incompetence to
conscious incompetence. The process in this stage is also called Memorizing (absorbing knowledge

2) Knowledge Transformation is a process of transition from the level of conscious incompetence to
conscious competence. The process in this stage is also called Understanding.

3) Knowledge Evaluation is a process of transition from the level of conscious competence to unconscious
competence. The process in this stage is also called Comprehension.

The learning method is defined as a method used to implement plans that have been prepared in the
form of real and practical activities to achieve learning objectives. Several learning methods can be used
related to the learning phases and student learning styles, as follows:

1) Multimedia-based teaching is the teaching method that applies multimedia devices in the delivery of
subject matter information.

2) Lecture-based teaching is a teaching method used to convey information or describe an issue orally.

3) Demonstration-based teaching is a method of presenting lessons by demonstrating and demonstrating
to students about a particular process, situation, or object, whether actual or just an imitation.

4)  Problem-Solving based teaching is a method of thinking that can use other methods, starting with
finding data until concluding.
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5) Discussion-based teaching is a learning method that exposes students to a problem to be solved through
a discussion forum.

6) Exercise-based teaching is generally used to acquire dexterity or skill from what has been learned.

7)  Project/Case Study-based teaching is a way of presenting lessons that start with a problem, then discussed
various related aspects so that the solution is overall and meaningful.

8) Question and answer-based teaching is a teaching method that allows direct communication that is two-
way traffic because, at the same time, there is a dialogue between the teacher and students.

9) Experiment-based teaching is a way of presenting lessons, where students conduct experiments by
experiencing and proving themselves something they have learned.

From the previous description, it can be summarized as shown in Table 1. The choice of teaching
methods by the lecturer can be analogous to the characteristics of the teaching style of the lecturer,
represented by the characteristics V, 4, and K.

2.2. The Proposed Method

This study applies Fuzzy Logic's concept in assessing the performance of the relationship between the
Y y L.og & p
learning characteristics of students with the characteristics of lecturers as supervisors. In general, the
g p g
proposed method is shown in Fig. 1. All the data needed obtaining by distributing questionnaires to
respondents (students) according to the type of data. The questionnaire was made to capture data of
respondents under research needs.

Table 1. Teaching method based on the learning phase for each type of learning style characteristics

Learning phase Visual (V) Auditory (A) Kinesthetic (K)
Memorizing Multimedia Lecture Demonstration
Understanding Problem-solving  question and answer Practice
Comprehension Case study Discussion Experiment

2.3. Questionnaire Design

There are two types of questionnaires: (1). Questionnaire to capture data on learning characteristics of
students; (2). Questionnaire to capture data on the characteristics of the lecturer as a supervisor. Students
are the respondents of both types of questionnaires. In principle, the two types of the questionnaire to
map the Visual characteristics (V), Auditory (A4), and Kinesthetic (K) of both students and lecturers.
Students with visual characteristics learn through what they see. Students with auditory characteristics
learn through what they hear. In comparison, students with kinesthetic characteristics learn through
motion and touch. Although each person learns with these three modalities, most people are more inclined
towards one of the three. The attributes of each student learning characteristic shown in Table 2.

The lecturer's characteristics as a supervisor determined by choice of teaching methods at each student
learning stage (memorizing, Understanding, Comprehension). These characteristics are based on students'
perceptions while attending teaching/guidance from lecturers. The types of teaching methods according
to the stages of the learning process for each V-A-K characteristic shown in Table 1. All questions in each
type of questionnaire were made by referring to Table 1 and Table 2. The assessment of each question in
the questionnaire is based on a qualitative rating: never, infrequently, and frequently — each rating is
given a weight of 0, 1, and 2, respectively. For example, the completed questionnaire is shown in Table 3

and Table 4.
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Fig. 1.The proposed method

Table 2. The attributes of each student learning characteristic
No. Visual (V) Auditory (4) Kinesthetic (X)
1 Talk quickly Speak with a patterned rhythm Speak slowly.

5 Often know what will be said but
have difficulty choosing words.

Fluent speaker. Like to talk, like to
discuss, and explain something at
length.

Feeling difficult in writing
but good in story telling.

3 It's easier to remember what is
seen than what is heard.

It's easier to remember what was heard.

Study with practice.

fl i ith
4 Likes to read. Likes to read aloud and listen. Reflect action Wit b(.)dy
movements while reading.
11 i hy N ily di
5 Usually not dlsttfrbed by the Basily disturbed by noise. ot easily c?lsturbed by
commotion. noise.
Table 3. An example of a questionnaire to acquire Visual characteristics of student learning
No. Questions frequently infrequently never
L In speaking, you use fast rhythm X
2. You have trouble choosing words to convey what you %
know
3. You can remember what you saw X
4. You like to read under any conditions X
5 In doing something, you are not easily disturbed by the X
surrounding environment
Sub total 6 1 0
Total 7
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Table 4. An example of a questionnaire to acquire Visual characteristics of lecturer as a supervisor

Selected Supervisor number : 1

No. Questions frequently infrequently never
Your supervisor prefers to use multimedia-based teaching
1. X
methods to convey new knowledge to you.

) Your supervisor prefers to use teaching methods based on X

) problem solving to deepen your knowledge.
3 Your supervisor prefers to use case study-based teaching X

) methods to develop your knowledge.

Sub total 2 2 0
Total 4

2.4. Processing questionnaire results

All completed questionnaires were processed in such a way as to obtain groupings based on the type
of characteristics. Examples of formats of completed questionnaire processing results are shown in Table
5 and Table 6, while Table 6 is obtained after the questionnaire results' recapitulation process. Both of
the processed data will be used as input for the fuzzy-based assessment process.

Table 5.  An example format of completed questionnaire processing results for students' learning characteristics

observation

Respondent no. Visual Auditory Kinesthetic Selected supervisor number

1. 1 7 3 15
2. 4 4 3 19
3. 1 0 4 3
4

Table 6. An example format of completed questionnaire processing results for students' learning characteristics

observation

Selected supervisor number Visual Auditory Kinesthetic Number of selected students

1. 0 9 8 2
2. 9 4 8 8
3. 6 3 7 7
4.

2.5. Fuzzy-based assessment

There will be three sub-data groups for each data processing result, namely the Visual, Auditory, and
Kinesthetic Groups. The assessment of characteristics based on the three sub-data groups' aggregation
using the Fuzzy Inference System (FIS). The FIS output is a type of character for each data record. The
FIS structure created is used to assess the final characteristics of the two categories of characteristics to be

evaluated (the characteristics of student learning and lecturers' characteristics as supervisors) as shown in
Fig. 2 [18].

There are three inputs: (1). Visual (V); (2). Auditory (4); (3). Kinesthetic(K). Each input needs to
be fuzzified using a fuzzy set. This study uses three linguistic values for each fuzzy set
(Low(l), Medium(2), Hi gh(3))Each linguistic value is represented using the Triangular Membership
Function (MF) [19], as shown in Fig. 3. The universe of discourse from fuzzy set input is determined
based on the questionnaire's minimum and maximum weight. Because each questionnaire consists of five
questions, the maximum weight value is 2x5 = 10, so the universe of discourse is within the range: {0 ...
10}. The fuzzy output set is planned to have five linguistic values (K,AK,A,VA,V), taking into
consideration the overlap between characteristics. AK is the overlapping characteristic between 4 and K,
so is VA. The membership function used is the same as the fuzzy input set. The universe of discourse is
set to range: {0 ... 1}. The fuzzy set of inputs and outputs shown in Fig. 4.
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The FIS uses a set of rules to infer all fuzzified inputs to produce its output. The first step is input
fuzzification, i.e., determine their degree of membership in the appropriate fuzzy set via the membership
function. Inputs that are already in the degree of membership of the appropriate fuzzy set are called fuzzy
numbers. Fuzzy numbers are used in the application of fuzzy rules. Each rule consists of antecedents and
consequents. AND (min) fuzzy operator for the Mamdani model commonly used to antecedents that
have more than one part. The results of the application of AND fuzzy operators are single numbers that
are used to implicate the consequent parts, which also using the AND operators. The process of
implication on all fuzzy rules produces several fuzzy output sets. All fuzzy output sets from the implication
process are then aggregated by using OR (max) operator to produce a single fuzzy set. Finally, this fuzzy
set is defuzzified to produce a crisp number as the final FIS output. One of the most popular
defuzzification methods is COA (Center of Area) which is stated by:

Z?lei-#(xi)
Y, )

where x, is the COA value, x; is the x value of i-th index, p(x;) is the degree of membership of x;,

Xe =

(1)

and n is the number of (xl-, Il(xi)) pairs in the curve.

Suppose there are two inputs A and B and one output. Both 4, B, and € mapped into fuzzy sets that
have three linguistic values (Low, Medium, High ), as shown in Fig. 5. If A (x) = 20 and B (x) =
65 for the rule:

antecedent consequent

IF AisLow AND Bis Medium THEN Cis Medium

The FIS output in crisp numbers is used to map the final characteristics regarding the value intervals
shown in Fig. 8. Suppose the FIS output 0.45 is in the interval so that it classified as

Apply Fuzzy

Visual (V) data -
operator

Auditory (A) - Defuzzify - Final Grade
data i U (K, AK, A, VA, V)
Kinesthetic (K) - img?cF;I'Zion Aggregate

data all outputs

method

Fuzzy Inference System (FIS)

Fig. 2.Fuzzy Inference System

(0 x<a x=c
x—a <x<bh
u(x) = trimf(x,a,b,c) ={b—a asx
lc—x
<x<
kc—b b<x<c
Fig. 3. Triangular MF

10 0 2 [ 8 8 10 0 2 4 6 8 10 0 0z 0.4 06 08 1

(d). The fuzzy set of the

(a). The fuzzy set V (b). The fuzzy set A (c). The fuzzy set K final characteristic

Fig. 4. The fuzzy set of inputs and outputs
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Fig. 5.The fuzzy set
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Fig. 6. Application of AND fuzzy operators and AND implications
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Fig. 7. An example of the aggregation process using the OR operator
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Fig. 8.The value intervals of final characteristics

The set of fuzzy rules planned to be able to map all inputs into grades K, AK, A, VA,V are as follows:
1. IfVis Lowand A is Low and K is High then Grade is K
2. IfV is Lowand A is Medium and K is High then Grade is K
3. IfV is Medium and A is Low and K is High then Grade is K
4. ItV is Medium and A is Medium and K is High then Grade is K
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5. IfVis Lowand A is Low and K is Medium then Grade is K

6. IfVis Lowand A is High and K is High then Grade is AK

7. 1fV is Medium and A is High and K is High then Grade is AK

8. IfV is Low and A is Medium and K is Medium then Grade is AK
9. IfV is Medium and A is High and K is Medium then Grade is A
10. If V is Low and A is High and K is Medium then Grade is A

11. If V is Medium and A is High and K is Low then Grade is A

12. If V is Low and A is High and K is Low then Grade is A

13. IfV is Low and A is Medium and K is Low then Grade is A

14. If V is High and A is High and K is Medium then Grade is VA
15. If V is High and A is High and K is Low then Gradeis VA

16. IfV is Medium and A is Medium and K is Low then Grade is VA
17. ItV is High and A is Medium and K is Medium then Grade is V
18. If V is High and A is Low and K is Medium then Grade is V

19. If V is High and A is Medium and K is Low then Grade is V

20. ItV is High and A is Low and K is Low then Gradeis V

21. IfV is Medium and A is Low and K is Low then Grade is V

The final result of this stage is the mapping results of characteristics (K, AK,A,VA,V), both for
students and lecturers, referring to Table 5 and Table 6. This stage is considered as a stage of grouping
respondents into clusters K, AK, A,VA and . Each cluster will consist of several respondents.

2.6. Grouping and weighting the results of the characteristic assessment

After the fuzzy-based assessment phase, each type of processed data is grouped based on its final
characteristics. Examples format of completed questionnaire processing results are shown in Table 7 and

Table 8.

Table 7. An example format of completed questionnaire processing results for students' learning characteristics

observation

Type of characteristic Number of students Number of selected supervisors

1 (K) 9 2
2 (AK) 29 2
3 (4) 30 2
4 (VA) 23 4
5 (V) 9 2

Table 8. An example format of completed questionnaire processing results for students' learning characteristics

observation

Type of characteristic Number of lecturers Number of selected students

1 (K) 3 31
2 (AK) 4 37
3 (4) 2 23
4 (VA) 1 9
5 (V) 0
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Normalization in each column of data is carried out to obtain its weight. Suppose X is a data set that
represents data from Table 7, and Y represents data from Table 8. Data normalization is expressed by:

X, j) Y@ )
Wy(,)) =55V WliD=w—7 /=12 @)
1)) 5 X)) 1) “vap
Wy (:,1) is the weight of the characteristics of student learning for each type, while Wy (:,2) is the
weight of the supervisor distribution chosen for each type. Wy (:,1) is the weight of the characteristics of
the lecturer as a supervisor for each type, while Wy (:,2) is the weight of the student distribution who

supervised for each type.

This stage produces four pairs of data, which will be compared later. The goals of comparing each pair
of data are as follows:

1. A comparison of data pairs (WX(:,l),WX(:,Z)) is to measure the appropriateness of selected
supervisors by students towards the characteristics of their learning.

2. A comparison of data pairs (Wy(: 1), Wy (: ,2)) is to measure the appropriateness of selected students
by lecturers towards their characteristics as a supervisor.

3. A comparison of data pairs (WX(: 1), Wy (: ,1)) is to measure the similarity of the characteristics of
students and lecturers.

4. A comparison of data pairs (WX(:,Z),Wy(:,Z)) is to measure the appropriateness of selected
supervisor & student distributions towards their characteristics.

2.7. Performance measurement

This section briefly describes the performance evaluation results. In principle, the performance
measurement is carried out by measuring the difference between each pair of data. This measurement aims
to determine how close the relationship between the two curves in each pair of data. Some performance
metrics used are as follows:

1. Correlation coefficient.
Suppose there are two curves, X and, the correlation coefficient between those two curves are expressed

by:
n =) (Zi- 2)
Txz =
(@0 - 002). (B, - 27)

where X is the mean of X and Z is the mean of Z . If 7y ; close to +1, the two curves are considered
similar, and vice versa.

2. Percentage of the overlapping area under the curve
Suppose there is a Y curve such that Y = f(X) where X = x; ... x,The area under the Z curve
expressed by:

Ay = if(xi)-xi
i=1

Suppose there are curves Y and Z such that Y = f,,(X) and Z = f;(X) where X = x; ... x,. The
overlapping area under the Y and Z curves expressed by:

Aaiy = ) minfy (), f; (). %
i=1

Percentage of the overlapping area under the curve expressed by:
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Ay Ay
%Agiry = :‘f X 100% %Agirz = :‘f x 100% (6)
Y Z

This metric is used to measure how many parts of the original curve cover the existing conditions.

2.8. Datasets

This study uses data obtained from the implementation of the Final Project in the Department of
Information Technology - Politeknik Negeri Samarinda in 2019. Data downloaded from the Final Project
Monitoring System created by the Final Project Team, then processed in such a way and graphically
presented in Fig. 9 and Fig. 10. The number of students as respondents is 150 people, classified as students
who carry out the Final Project. This number is the total number of students from Computer Engineering,
Computer Science, and Computer Science & Multimedia Study Programs. The number of lecturers as
supetrvisors is 23 people.

Student learning characteristics observation

Student learning characteristics observation
(Auditory)

(Visual)

)

Total rating
Total rating
o

=

o 2 4 60 80 00 120 10 160 0 20 40 60 80 100 120 140 160
No.Data No.Data
(a). Visual characteristic (b). Auditory characteristic
Student learning characteristics observation Student learning characteristics observation
(Kinesthetic) (Selected supervisor number)

25

20

o

Total rating

=

Total rating

0
20 40 60 80 100 120 0 20 40 60 80 100 120 140 160
No.Data No.Data

(c)- Kinesthetic characteristic (d). Selected supervisor number
Fig. 9.Data on the observation results of students' learning characteristics

Lecturer characteristics observation
(Visual, Auditory, Kinesthetic, N of stL 1ts)

12

Total rating

5 10 15 20
No.Data

Fig. 10. Data on the observation results of lecturer characteristics
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3. Results and Discussion

In this study, all data processing is carried out under programming built using MATLAB. Fuzzy-based
assessment results of all completed questionnaires were graphically shown in Fig. 11. The results of the
grouping and weighting phase are shown in Table 9 and Table 10. The results of comparing four data
pairs that have shown in Table 9 and Table 10 were presented in Table 11, Table 12, and Table 13, and
visualized in Fig. 12 and Fig. 13.

Fuzzy-based assessment results of student learning characteristics Fuzzy-based assessment results of lecturer characteristics
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Fig. 11. Data on the observation results of lecturer characteristics
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Table 9. The grouping and weighting result for students' learning characteristics (X)

Number of Number of selected The weight of the The weight of the number
Type of ; ber of stud f selected supervi
h e students SUpervisors number of students of selected supervisors
charac (X(:,1)) (X(:,2)) (Wy(:, 1)) (Wy(:,2))
1 (K) 16 10 0.1067 0.1299
2 (AK) 45 20 0.3000 0.2597
3 (4) 46 18 0.3067 0.2338
4 (VA) 34 21 0.2267 0.2727
5(V) 9 8 0.0600 0.1039
Table 10. The grouping and weighting result for lecturer characteristics (¥)
T ¢ Number of =~ Number of selected The weight of the The weight of the number
ype ot e students number of lecturers of selected students
characteristic (Y(: ’ 1)) (y(: ’ 2)) (WY(: , 1)) (Wy(: , 2))
1 (K) 0 0 0.0000 0.0000
2 (AK) 5 29 0.2174 0.1933
3 (4) 6 44 0.2609 0.2933
4 (VA) 9 64 0.3913 0.4267
5(V) 3 13 0.1304 0.0867
Table 11. The area under curves calculation and their overlaps
Types of curves Area under the curve Types of curve Area under the curve
Wy (1) 263.9810 overlapl(Wy (:,1), Wy (:,2)) 240.1221
Wy (:,2) 264.3939 overlap2(Wy (:,1), Wy (:,2)) 299.9814
Wy (1) 309.0220 overlap3(Wy (:,1), Wy (1)) 232.6570
Wy (:,2) 317.7724 overlap4(Wy (:,2), Wy (:,2)) 245.8547
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Table 12. Measurement of the percentage of overlapping area under the curves

] Types of the overla .. %overla
Pair of curves to be compared P P Description > P
arca arca
%(overlapl/W ¢ 1)) The overlap between them toward 90.96%
x5 . . .
Students' learning characteristics .vs. the student learning characteristics
their selected supervisors
The overlap between them toward
0 lap1 /Wy (:,2 .829
/o(over ap1/Wy(:, )) their selected supervisors 90.82%
%(overla 2/W, (: 1)) The overlap between them toward 97.07%
\ . . P Yo the lecturer characteristics )
Lecturers' characteristics .vs. their
selected students
The overlap between them toward
0 lap2/Wy (3,2 409
/o(over ap2/Wy )) their selected students 94.40%
%(overlap3/WX ¢ ,1)) ri‘lhe ov;rlaplbetvs{een ‘ﬂlem tO\‘Na‘rd 88.13%
Students' learning characteristics .vs. the student learning characteristics
lecturer characteristics
The overlap between them toward
% lap3/Wy (:,1 .299
o(over ap3/Wy ( )) the lecturer characteristics 75.29%
Selected supervisors' distribution of %(overlap4 JWy (: ,2)) The ogeflaplbetvs:en ther‘n toward 92.999%
students' choice .vs. selected their selected supervisors
students's distribution of lecturers'
The overlap between them toward
choice ‘)/o(overlap4-/Wy G ’2)) theirpselected students 77.37%
Average of overlap area 88.38%

Table 13. Measurement of the similarity of the curves

Appropriateness of choice Characteristics & Distributions similarity

Corr. coef(WX(:,l),WX(:,Z)) 0.8657 Corr. Coef(Wx(:,l),Wy(:,l)) 0.4064

Corr. coef(Wy(:,l),Wy(:,Z)) 0.9897 Corr. Coef(Wx(:,Z),Wy(:,Z)) 0.7398

This study's results, such as those presented in Table 12, generally show a significant level of coverage
adequacy for all research variables on their existing conditions (88.38%). Likewise, the correlation test on
the appropriateness of choice, both supervisors selected by students (0.8657) and students selected by
lecturers (0.9897) showed a very significant degree of similarity. It is also evidenced by the correlation
test results on the similarity of distribution between selected supervisors and selected students of 0.7398.

However, the correlation test for the similarity between student learning characteristics with lecturer
characteristics shows different results, below 0.5 (0.4064). It showed almost no significant correlation
between the characteristics of students’ learning with lecturers' characteristics as supervisors.

A deeper analysis was performed by observing the visualization shown in Fig. 12 (a). Students with
AK and A characteristics were found insufficiently covered under the number of supervisors selected.
Students with this condition were 100-90.96 = 9.04%. Although the percentage is small, the two types of
characteristics were not well covered when viewed thoroughly. From Table 9 we can get a comparison
between the number of selected supervisors and the number of students for each type of learning
characteristic shown in Table 14. That table showed that the most significant portion is taken over by
students with characteristics, VA , and .

The more in-depth analysis performed in the visualization of Fig. 12 (b) shows that, in general, the
lecturers were still considering the appropriateness of the selected students learning characteristics to their
characteristics in conducting supervision activities. It has shown by all points of view of overlapping areas
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under the curve above 90%From Table 10 we can compare the number of selected students and the
number of lecturers for each type of character shown in Table 15. The table showed that there were no
lecturers classified as having K characteristics. The rest was spread almost evenly, with each lecturer
supervising 6-7 students on average, except for V  characteristics, which on average, were only four

students.

The more in-depth analysis that has been performed in the visualization of Fig. 13 (a) shows a very
significant difference between the characteristics of students' learning and the characteristics of lecturers
as supervisors. Students' learning characteristics were dominated by AK and , while lecturer characteristics
were dominant in VA . The behavior of lecturers who still consider the appropriateness of students'
supervised learning characteristics with their supervision characteristics raises a very significant difference

in distribution, as shown in Fig. 13 (b).
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Table 14. Comparison between the number of selected supervisors and the number of students

Type of Number of students  Number of selected supervisors X(:,2) Normalized
characteristic (X(:,1) (X(:,2)) /X(,1)
1(K) 16 10 0.6250 0.2106
2 (AK) 45 20 0.4444 0.1498
3 (4) 46 18 0.3913 0.1319
4(VA) 34 21 0.6176 0.2082
5(V) 9 8 0.8889 0.299

Table 15. Comparison between the number of selected students and the number of lecturers

Type of Number of lecturers Number of selected students Y(,2) Normalized
characteristic (Y, 1) (¥(,2) /Y(G, 1)
1(K) 0 0 0 0
2 (4K) 5 29 5.8000 0.2360
3 (4) 6 44 7.3333 0.2984
4(VA) 9 64 71111 0.2893
5(V) 3 13 4.3333 0.1763
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Fig. 12. The results of the measurement of the performance of the relationships between data pairs
(WX G0, Wi ,2)) and (WY GO WG ,2)) and their visualization
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Fig. 13. The results of the measurement of the performance of the relationships between data pairs
(WX G0, WG ,1)) and (WX (:,2), Wy (: ,2)) and their visualization

4. Conclusion

This study has applied fuzzy-based assessments to build objective perceptions of students' learning
characteristics and lecturer characteristics as supervisors through the processing of questionnaires designed
in such a way as appropriate for this study's objectives. This study has used the technique of measuring
the percentage of overlapping area under the curves and correlation test between a pair of curves as a metric
of performance measurement. From the discussion results described previously, some essential points as
conclusions are as follows: (1) In general, this study's results indicate a significant level of coverage
adequacy for all research variables regarding their existing conditions. It means that the process of the
Final Project activities in the Department of Information Technology - Politeknik Negeri Samarinda in
2019, in terms of students and lecturers' learning characteristics as supervisors and its distributions, was
at a reasonable level (88.38%); 2) In the correlation test on the appropriateness of choice, both
supervisors selected by students (0.8657) and students selected by lecturers (0.9897) showed a very
significant degree of similarity, which was correlated with the conclusion at point (1). Correlation tests
that have been performed for the similarity between students' and lecturers' learning characteristics as
supervisors show almost no significant correlation between them (0.4064). Students' learning
characteristics were dominated by AK and A characteristics, while VA characteristics dominate lecturer
characteristics. Meanwhile, lecturers were still considering the appropriateness of students' learning
characteristics with their characteristics as supervisors in selecting supervised students. It has been
demonstrated by all points of view of overlapping areas under curves above 90%. Both results from
measurement metrics raise very significant differences in their distribution, both for the supervisor selected
by the student and the student selected by the lecturer.
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