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Ozet— Bu galismada, uyarlamali test soru se¢im algoritmalarinda uzman bigisinden faydalanmanin katkis1 incelenmis ve
bu yaklasimin bilgisayar destekli uayarlamali testlerde kullanilmasi sinanmustir. Ilave olarak ¢ok boyutlu sorularin 6lgme
basarisi iizerine etkileri de incelenmistir. Bilgisayar destekli uyarlamali testlerde uzman bilgisinden faydalanmak iizere
bir algoritma 6nerilmis ve deney ortaminda test edilmistir. Bulanik mantik hesaplama yontemini kullanan, 6grenci basari
Ol¢iim algritmasi ile yedinci sinif fen bilgisi dersinde bir durum g¢aligsmasit gergeklestirilmistir. Sonug olarak, bulanik
mantik hesaplama yonetimini esas alan uyarlamali bilgisayar testi ile yapilan 6l¢limlerin, 6grenci basarilar1 arasindaki
farkliliklar1 daha ayirict sekilde vurguladig: istatistiksel yontemler ile gosterilmistir. Ayrica, yedi farklt boyutu iceren
uyarlamali test uygulamasinda 6grencilere en az 22, en ¢ok 31 soru yoneltmek sureti ile yeterli dogrulukta bir
degerlendirme yapilabildigi gozlenmistir. Kendi kendine 6grenme ve uzaktan egitim ortamlarinda etkin olarak
kullanilacagi degerlendirilen uyarlamali testlerde, bulanik mantik hesaplamasi kullanmanin uygun bir ¢6ziim olabilecegi
tespit edilmistir.

Anahtar Kelimeler— uyarlamali bilgisayar testleri, bulanik mantik, ¢ok-boyutlu sorular.

Using Fuzzy Logic in Computerized Adaptive Tests

Abstract— In this research, the contribution of expert knowledge in question selection algorithms of adaptive tests is
studied and the employment of this approach in computerized adaptive tests is examined. In addition, the effect of multi-
dimensional questions on measurement is also addressed. An algorithm utilizing the expert knowledge in computerized
adaptive tests is proposed and tested in the experiments. A case study was conducted on seventh-grade science course
with the utilization of fuzzy-logic based adaptive test. Consequently, by the help of the statistical studies, it is shown that
computerized adaptive testing expresses the differences in student achievement levels in more visible way. Furthermore,
31 questions in maximum and 22 questions in minimum were observed to be effective for accurate assessment or student
achievement levels on seven dimensions in adaptive testing. Using fuzzy logic in adaptive tests which were assessed to
be effective in self-learning and distance education environments is found to be plausible.

Keywords— computerized adaptive tests, fuzzy logic, multi-dimensional questions.

1. INTRODUCTION measuring technique [1]. In regular classroom
environment, it may be straightforward for a teacher to
evaluate student performance, if sufficient direct

Teachers are expected to be mastered in human st ) I |
communication with student is provided. In other words,

communication besides being a specialist in their

respective teaching domain. Intrinsic to this expectation,
teachers should be talented enough to communicate the
context in teaching-domain and moreover, they should be
capable to assess student achievement by utilizing a proper

teachers could figure out a judgment value on student
achievement level with the help of oral and face to face
communication during classroom interactions [2][3].
When forming his/her judgment value, teacher intuitively
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evaluates the student responses to his/her insertions and
questions. If needed, more explanatory (more specific)
insertions or questions may follow to provide grounds for
shaping a more precise judgment value. Face to face
interactive achievement-assessments between teacher and
students may be the most effective one, if the subjectivity
which stems from personal factors such as; lack of
expertise, insufficient communication (due to the number
of the students in the class /disabilities), indefinite criteria
and norms are excluded [2].

To refrain from the subjectivity influence on assessment,
standardized tests are widely used in student evaluation
processes. Carroll [4] pointed out that in standardized tests
scoring method, examinees are supposed to provide a
response for each of the presented items and the assigned
weight for the item is used to measure the examinees’
response. Although the utilization of recent technological
means provides new and more sophisticated tools, Reeves
[5] attributed the educational measurement as “...still a
relatively weak component of e-learning programs.”

In Psychological Measurement Theory, first introduced by
Baker and Harold [6] , they stated that “All measurement is
imprecise” and they mentioned “... since we are dealing
with the mind, we will still remain in the land of inference
and inevitably be left to piece together what has actually
been experienced by the learner”. As can be deduced from
these statements, it is impossible to provide a sharp and
objective quantitative value on student achievements.
Moreover, it is always impractical to use these strict values
(anyhow attained from classical tests) without an accurate
review and consideration.

“We must remember we are dealing with people not
plastics. People are dynamic; they all change
second to second. The meanings they ascribe to
events become  successively refined and
restructured with experience. They are blurry
targets for precise metrics.” [6].

It is widely accepted that the customization of educational
progresses to meet the individual needs and preferences,
constitutes one of the basic principles to improve the
effectiveness of education. In a customized educational life
cycle, it is inevitable that the educational measurement be
personalized. The intensive usage of information
processing technology in education in recent decades
provided the foundation to customize educational
measurement [7][8][9]. Although, until recently it was
deemed inapplicable (especially for the number of students
in regular classrooms), the adaptation of educational
measurement to the individual attributes now found
potential to exist with the help of the computing power,
presentation alternatives and the interactive operations on
wide range of databases which are provided by information
processing technology. It is no doubt that the customized
educational measurement would form the suitable basis for
effective measurement on achieved individual learning
[10].
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Although, automatic adaptation of the teaching method to
the students’ learning style and requirements seems to be
hard to reach, customizing student achievement
measurement system to the student responses is more
promising. In order to improve the applications on this
hopeful path, in this research, the practicability of expert
knowledge represented by fuzzy logic membership
functions in computerized adaptive tests is examined. It is
hoped that this kind of an algorithm would provide grounds
to reduce the number of questions to be used in adaptive
tests. In this research exploitation of multidimensional
questions in computerized adaptive tests is also studied.

2. BACKGROUND

Adaptive measurement has gained much interest in recent
years. Several large-scale testing programs, such as the
Graduate Record Examination (GRE) and Test of English
as a Foreign Language (TOEFL) have already switched
from conventional paper and pencil version to
computerized adaptive testing for the sake of efficiency
and effectiveness [11]. By providing the opportunity to
select the questions interactively for each student, the
adaptive measurement approach is found effective in
measuring the competency of student with respect to
criteria, rather than comparing his/her achievements with
that of classmates [1]. Adaptive measurement has received
substantial scientific interest in recent years and the logic
has been scientifically examined in selecting test questions
[12][13], as well as competition systems [14]. All these
studied reported significant advantages over classical
measurements.

“Paper-and-pencil tests are typically ‘fixed-item’ tests in
which the examinees answer the same questions within a
given test booklet. Since everyone takes every item, all
examinees are administered to items that are either very
easy or very difficult for them. These easy and hard items
are like adding constants to someone’s score...Examinees
can be given the items that maximize the information
(within constraints) about their ability levels from the item
responses. Thus, examinees will receive few items that are
very easy or very hard for them. This tailored item
selection can result in reduced standard error and greater
precision with only a handful of properly selected items.”
[15].

Furthermore, by not been exposed to the questions which
are too difficult for the student, the confidence and morale
would be protected against corruption [16]. In this
approach to educational measurement, the achievement
level in learning processes is determined more effectively
than classical standard tests, since the questions are chosen
for each student to help to determine his/her achievement
level particularly. Reducing the mean examination
(measurement) time for a student and offering flexible
measurement applications are among the benefits of this
approach [17][18]. Whereas, the presence of the
information processing infrastructure, the construction and
maintenance of question database form the basic obstacles
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for the implementation of computerized adaptive tests [19]
[20]. On the other hand, self-adequacy of adaptive testing
approach in planning, repetition and interpretation of
measurements suggest that it could be used effectively in
personal education sets, such as distant education
applications which lack real time student-teacher face to
face interaction [21].

The question selection algorithm in computerized adaptive
tests depends heavily on Item Response Theory (IRT)[22].
In IRT, an ability scale metric is to be developed by
applying the test to a group of examinees whose ability
level is identified and known. This, needs the items in a test
should be exposed to several test runs before actual usage
in a computerized adaptive test [11].

The importance of teacher’s in-class assessments and
measurements conducted by oral examinations can not be
refuted in classical classroom teaching applications.
Especially oral examinations are practical examples of
customized adaptive measurement [3]. When oral
examinations are investigated with the view of student-
teacher interaction, it could obviously be determined that
the teacher’s level of experience in oral examination plays
a great deal of importance. In this type of measurements,
teacher should be capable of deriving an evaluation on
student’s achievement level, besides bearing sufficient
administrative skills on interactive adaptive measurement
[1]. As in most of the expert systems, the algorithm of
evaluation which is used by teaches in oral examinations
cannot be formulized in classical mathematical terms.
When administering the oral examination, teacher benefits
from the emotional interactions, body language,
experiences gained before the examination and some other
factors which are hard to be formulized. In forming
mathematical formula for this kind of an interaction, not
only the complexity of model is an obstacle but also the
impossibility in quantifying most of the effective
dimensions. Particularly, in similar problems where expert
knowledge and skill have great influence on the outcome
of the process, fuzzy logic calculation has presented
considerable success [23]. By defining fuzzy values for the
attributes that are not possible to quantify or are not needed
to be stated in quantities, the expert functioning can be
more effectively imitated. The experience of the teacher
has enormous effect on determination of student
achievement level. Handling of these above mentioned
factors (which are advantaged by teachers) by automated
systems will provide substantial contribution to the
educational measurement.

In recent years, some researchers focused on application of
fuzzy set theory in to education. Ma and Zhou [24] studied
applying fuzzy set approach to student-centered learning
assessment. lbrahim [25] proposed a fuzzy system for
evaluating students’ learning achievement. Shih-Ming [26]
presented an automatic normalization of lenient-grades by
using fuzzy set membership functions. In recent years,
several scientific studies have focused on utilization of
fuzzy computation in improving the effectivity of
educational measurement and environments [27][28][29].
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There are several different calculation strategies in fuzzy
logic with respect to the application environment.
Determination of success level for different fuzzy
calculation strategies in educational measurement will put
a light on the future experiments in this realm.

It is ideal that each question should measure single
dimension. But, the correlation among the student
achievements (especially in some education domains such
as mathematics and science) is inevitable in most of the
cases [30]. The practicability of measuring single
dimension heavily depends on the assumption that the
prerequisites are been successfully achieved. However,
this assumption causes the misinterpretation of wrong
answers, if the reason which lies behind the wrong answer
is other than the measurement dimension. Another
drawback with this assumption is that, although each
question in a regular test application is related with several
dimensions, only one of them is blamed for the result. In
his instructional documentation, Rudner [31] mentioned
the rationale behind the Item-Analysis methodologies as
the probability that the questions in a test may be more
related with other dimensions than the targeted dimension.
If the underlying actual cause(s) for a wrong answer could
be identified among the group of correlated ones, a new
and prosperous contribution to the educational
measurement would be provided.

3. METHODOLOGY

To elicit the effectiveness of fuzzy logic in selecting
adaptive test questions, a pre-test and post-test research
model is employed on three experimental student groups at
seventh-grade of secondary school.

The secondary school in which the experiment is
conducted is subjectively chosen for the reason that the
school has a suitable computer laboratory and the students
have developed a satisfactory level of computer usage skill.
Since the experimental model utilizes pre-test and post-test
model and the applied tests were individually customized,
it is evaluated that the subjectivity in selection of the school
would not affect the experiment results.

The experimental implementation took place in Cagribey
Secondary School, located in Kegioren district of city of
Ankara-Turkey. All three sections (A,B,C) of seventh
grade were included in the experiment. Also in the
experiment, students were divided into three application
groups; however, to assure the randomization of student
distribution among the experiment groups, the allocation of
students into the groups was done on the alphabetic order
of student names.

Each application group was composed of 38 students, a
total of 114 students were incorporated in the experiment.
The first group was the control group and took both pre-
test and post-test in the conventional form. The second
group (experimental group 1) took the customized adaptive
test beginning with moderate difficulty level questions in
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the post-test. On the other hand, the third group
(experimental group 2) took customized adaptive test
beginning with student selected difficulty level questions
in the post-test.

In the examination of the test results ANNOVA, paired
samples t-test, Shaffe test, correlation level, average and
percent values are presented, compared and discussed
where appropriate

4. EXPERIMENTS AND DATA COLLECTION

In determination of coefficients for questions and fuzzy
membership values for answer options, expert evaluations
were used. Expert assessments were acquired with the
help of face to face inquiries, group discussions and
questionnaire applications.

The competencies which were chosen to be measured in
this experiment are listed in Table 1 below. The numbers
are assigned to the competencies in order to facilitate
representation in Table 1. The questions which were used
in the experiments are directly linked with the
competencies stated in Table 1.

Table 1. Competencies

Competency

Nun Explanation

1 |To understand the relation between force and
motion.

To comprehend the mathematical equation on

relation among velocity, time and distance. Practice

on problems using these relations.

3 [ To compute vectorial quantities (force and motion).

To understand the principles of lever mechanisms.

4 [ Solving problems using the relation among force,

lever arms (force and load) and load.

To understand the principles of belt pulley

5 | mechanism. Solving belt pulley mechanism

problems.

6 To understand the principles of fixed and movable
pulley systems. Solving pulley problems.

To understand the similarities between lever and

7 | winding wheel mechanisms. Solving problems in

winding wheel mechanisms.

c
=]
=

Force

& Motion
N

Simple Machines

In the pre-test all three groups answered 50 questions. Pre-
test was applied simultaneously to all three groups and the
test included 50 questions which were composed of 7
questions for each one of the first 6 competencies and 8
questions for the last one.

In the post-test, the control group received another 50
question test while other two group were subject to the
adaptive testing. Post-test questions for control group were
chosen among the questions which were used in adaptive
testing of the other two experimental groups. In both pre-
test and post-test time was not controlled for the test
duration. Test was concluded when the students finished
the application.
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4.1. Assigning Fuzzy Membership Values and Fuzzy
Inference System Selection.

The interrelations between student achievement level and
fuzzy sets were mapped using fuzzy membership values.
With the help of the inquiries, discussions and
questionnaire applications, identified fuzzy set definitions
and graphs are shown in Table 2 and Figure 1.

Although in fuzzy logic implementations six membership
types were common, namely triangular, trapezoidal,
Gaussian, generalized Bell, T1-shaped and S-shaped, with
their specific advantages and disadvantages reported
[32][33], the selection of the membership type was not an
option in this study since membership degrees of the
achievement grades to fuzzy sets were constructed by the
views of the experts. Eventually, the data collected in our
study was best expressed by trapezoidal membership type.
This finding may be specific to the educational field or
science education in particular.

Table 2. Boundaries for fuzzy sets

FuzzySet| LB(0) | LB(1) | HB (1) | HB(0)
Very-Low - 0 9 14
Low 8 18 31 43
Moderate 24 36 60 73
High 63 69 81 92
Very-High 79 83 100 -

LB (x) : Lowest boundary for value “x”

HB (X) : Highest boundary for value “x”

Very-Low Low Moderate High Very-High

08

S o8

S 07

2 06

B 05

2 o4

£ 0,37

202
0,1

0

1 6 11 16 21 26 31 36 41 46 51 56 61 66 71 76 81 86 91 96 100
Grade (0-100)

Figure 1. Fuzzy set boundaries

For the difficulty metric of questions five different fuzzy
sets (very easy, easy, moderate, somewhat hard, hard) were
used.

In fuzzy inference computation, Mamdani type of a fuzzy
inference mechanism is used in the study. Since the
quantification of the student achievement-level given the
answers to the questions is hard to be computed linearly. In
addition, expert assessments were observed to be
fluctuating (as a crisp value) on the quantity of student-
achievement level when a question is answered correctly,
but the variation between the assessments was small
enough to express the achievement as a fuzzy set. With
these observations, Mamdani type of a fuzzy computation
was evaluated to be more suitable to the problem, because
the other common alternative to fuzzy inference
mechanism, Sugeno type of fuzzy computation, is good on
scalar, whereas Mamdani is on fuzzy output calculation
[34][35].
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4.2. Algorithm for Question Selection

The questions which have multiple relations with the
competencies that are selected for measurement have
precedence over the others. In application some threshold
values were used; to stop testing, for sufficiency and
insufficiency of displayed achievement and for minimum
pace. Minimum number of questions to judge on an
achievement level was chosen to be 2, and the maximum
number of questions which can be asked on a given
competency was applied as 5. The algorithm which utilizes
these parameters is stated below.

1. Identify the competency to be measured and assign
them to a set (namely dimensions-set).

2. Assign first competency as measurement-focus. If
the dimensions-set is empty, then jump to step 9.

3. Set difficulty-level indicator as “moderate”.

4. Identify the questions which have relation with the
competency in focus with the magnitude pointed by
difficulty-level indicator.

5. Discard the asked (previously
questions in the same test) questions.

6. Chose the one which has highest relation with the
competency in focus. (the question which has high
number of relations with the competencies in
dimensions-set is preferred)

7. Direct the question to the student and store the
response.

8. Add fuzzy membership value of the student response
to the proper achievement pointer to calculate the
measured success level for each competency.

8.1.1. If the maximum number of questions for the
competency in focus is reached, or upper-threshold
value for the competency success level is reached
for the competency in focus then remove it from
the dimensions-set and return to step 2.

8.1.2. If the upper-threshold value for the difficulty-
level membership is reached then difficulty-level
pointer is incremented to one step higher, else if
lower-threshold  value  for  difficulty-level
membership is reached then difficulty-level pointer
is decremented to one step lower.

8.1.3. The displayed improvement in measured
sufficiency is compared with the minimum pace.

8.1.3.1. If equal or displayed improvement is greater
than minimum pace, then jump to step 4.

8.1.3.2. If displayed improvement is less than
minimum pace, then remove the dimension in
focus from the dimensions-set and return to step 2

9. Summed up sufficiency membership values for each
of the competencies in dimensions-set are converted
to competency sufficiency points by using
defuzzification algorithms.

used/directed
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5. RESULTS

In this section, results observed in the experiments are
reported with significant interpretations on them. Initially,
pre-test results for all three experimental groups are
presented and subsequently, in order to verify the
equivalency of the post-tests, post-test result for the control
group is elicited. Later, the effect of fuzzy logic calculation
in adaptive testing is investigated. Additionally, for
defuzzification of the test results two different approaches,
namely center-of-gravity and center-of-maximum-value,
are compared for their efficiency. Total number of
questions asked discreetly in each experiments also
compared and discussed as well. Finally, results and
interpretation on the effect of multidimensional question in
adaptive testing are highlighted.

5.1. Pre-test and Equivalency of the Post-test

Three groups took the pre-test to examine the random
distribution of students to the groups and to test the
differences in gained achievement levels among the
groups. The results of ANOVA test are shown in Table 3.

As can be seen in Table 3 there is no difference (with
confidence 0,05) in gained achievement levels among the
three groups on the basis of seven measurement targets.
The control group took a second fixed 50-question test to
examine equity of pre-test and post-test question batteries
and also to test the effects of a second test on the same
topics following the pre-test, and the test application time.

Table 3. ANNOVA test results of pre-test.

Sumof | df | Mean | F | Sig.
Squares Square
Pre-test Bw Grps 1,947 2| 974
Cmptncy 1 |Win Grps | 90,474 111] 815 | 1195 307
Total 92,421 113
Pre-test Bw Grps ,491 2| 246
Cmptncy 2 [Win Grps | 67,132 111| 605 | 406 667
Total 67,623 113
Pre-test Bw Grps 1,491 2| 746
Cmptncy 3 |Win Grps | 163,000 111 1,468 | 1232 243
Total 164,491] 113
Protest |BWGIPS | 5333 2| 2,667
Cmptncy 4 [Win Grps | 173,158 111| 1,560 | 1709 +186
Total 178,491] 113
Pre-test Bw Grps 1,070 2| ,535
Cmptncy 5 |Win Grps | 207,421[ 111 1,869 | 286 | 752
Total 208,491| 113
Pre-test Bw Grps 333 2| 167
Cmptncy 6 [Win Grps | 161,632 111| 1456 | 114| 892
Total 161,065| 113
Bw Grps 211 2 ,105 068 | ,935
Win Grps | 172,421] 111] 1,553
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Pretest  |Total 172,632 113
Pretest  |BwGrps | 17,070 2| 8535

Grand  |Win Grps | 1187,18| 111 10,69 | '/98| 453
Total Total 1204.25| 113

Bw Grps: Between Groups Win Grps: Within Groups

The data are reviewed with Paired Samples T-Test. Test
result is shown in Table 4. It is evident in table, no
significant difference with confidence 0,05 is observed
among the displayed achievement levels between pre-test
and post-test application in all seven competencies and
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Presented analysis results specify that a comparison
between pre and post-test results would not lead to an
erroneous conclusion.

5.2. The Effect of Fuzzy Logic Calculation in the
Measurement of Student Achievements.

The count of wrong and correct answers given by the two
experimental groups for each of the questions in seven
competencies are presented in Table 6.

Table 6. Correct and wrong answer counts.

total views. Experimental Group 1 Experimental Group 2
>
2| i
Table 4. Paired sample test results. 218 El suc. | O |AVE: Elsuc | o |AveE:
- - o|Z|C|W|3 " | 8 [Suc.|]C|W| 3 “| £ | Suc.
Paired Differences =) S| % % | °
1= Fl % O 1l %
95% Cnfdnce o | af o|o
stg, | Std- | Interval of the 23 1| 35] 3[38[ 92,11 33| 5| 38| 86,84
Mean Error |__Difference » =
Dvtn Mean : 2| 33| 5|38| 86,84 33| 5| 38| 86,84
Lower | Upper 11| 3| 24| 5[29] 82,76|124i87,90] 22| 8] 30| 73,33|133|84,21]
Pri—Psl|-053 [1,451| ,235 | -,530 | 424 |-224] 37| 824 4] 11] 1]12) 91,67 16] 1|17|94,12
Pr2—Ps2| 105 | 798| 130 | -,157 | ,368 | ,813| 37| 422 i 32 23; :Z;ll 32 2 ;g 2222
Pr3 —Ps3 R ) ,
— ,079 1,239 ,201 | -,328 | ,486 |,393| 37| ,697 2131 7[38] 8158 30| 8[38[78.95
ra—Frsal 026 |1,026| ,166 | -,311 | ,364 |,158| 37 | ,875 2 [ 3| 25| 6[31[ 80,65|131i86,26| 23| 6] 29[ 79,31|130|84 62
Pr5 - Ps5|- 105 | ,953| ,155 | -,418 | ,208 |-,681| 37 | ,500 4] 17| o[17]100,00 18| 0l 181.00,00
Pré —Ps6| 053 |1,064| ,173 | -,297 | ,402 |,305]| 37 | ,762 51 7| of 710000 7| o] 71L00,00
Pr7—Ps7| 132 |1,044| ,169 | -212 | ,475 |,777| 37 | ,442 1| 28|10(38| 73,68 29| 9| 38| 76,32
PrT - PsT| 290 (2,588 ,420 | -561 | 1,140,690 | 37 | 495 2| 30| 838 78,95 28|10 38| 73,68
Pr/PsX: Pre/Post-Test Competency X 3| 3] 27| 9|36| 75,00|148[79,05] 30| 6|36|83,33|148(81,08
Pr/PsT: Pre/Post test grand total 4| 22| 0]/22(100,00 21( 0] 21100,00
5] 10| 4|14 71,43 12| 3|15/ 80,00
In order to test that pre and post-tests are measuring the 1] 24/14/38| 63,16 22|16 38| 57,89
same dimensions, the correlation indexes are given in 2] 21|17|38| 55,26 23)15 38| 60,53
Table 5. A strong relation between the two tests is evident |4 | 3] 27]11]38| 71,05|161(69,57| 27| 11| 38| 71,05|159|68,55
in Table 5 with regards to correlation coefficients having 4] 25| 6|31| 80,65 26( 7(33|78,79
values between 0,57-0,74. These strong relations can be 5] 15[ 1{16] 93,75 11| 1|12|91,67
considered as a significant indicator for functional 11 22112138 63.16 29l 9] 38]76.32
equivalency of these two tests. ol 17121138] 22 72 12|24] 38/ 36.84
5| 3| 14(24(38| 36,84|165/43,64] 11|27 38| 28,95|159(42,77
Table 5. Correlation test results between pre and post 4] 12|23(35| 34,29 10|25| 35| 28,57
tests 5] 5|11|16] 31,25 4] 6| 10| 40,00
Pri_Psl | 38 659 007 2| 12(26|38] 31,58 10| 28| 38 26,32
iz P2 |38 [ 568 |.oo " sns o | s |
Pr3 —Ps3 . .
Pra_psa 2: 238 ggg 5] 3]12|15] 20,00 6| 9] 15|40,00
_ ! ! 1| 8|30|38| 21,05 11)|27| 38| 28,95
Pr5—Ps5 | 38 742 ,001 2| 4(34|38] 10,53 4|34/ 38| 10,53
Pré —Ps6 | 38 686 ,000 7 | 3] 10[28[38[ 26,32|147|15 65| 9]29]38]23,68|147|17 01
Pr7—Ps7 | 38 ,664 ,000 4] 1{18|19( 5,26 1119|120 5,00
PrT —PsT | 38 ,730 ,000 5 14(14| 0,00 0]13| 13| 0,00

Pr/PsX: Pre/Post-Test Competency X
Pr/PsT: Pre/Post test grand total

C : Correct answer count W : Wrong answer count
Count : Question count  Suc. % : Success percentage
Tot.Q.: Total question count for competency

Ave.Suc.% : Average success percentage for competency
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The data obtained from the analysis of variation among the
post-test results of three groups (control and two
experimental groups) is shown in Table 7. When Table 7 is
studied, it is determined that there is significant difference
among the success levels of three groups in the basis of
seven dimension groups. But in grand total, the difference
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measurement or competencies are not taken into account.
This means the differences in the competency level
diminish each other when the post-test result is assessed as
a cumulative grade per student.

Table 8. Scheffe test results between experiment groups.

among the groups is not significant. 5o
— 0
< .
Table 7. ANNOVA test results of post-test. 22 Mean Confidence
sgl o | O | Std. | .
o= Difference Sig. Interval
Sum of df Mean F Sig 8‘>" Groupj Group (1-0) Error Lower |Upper
Squares Square e Bound |Bound
Post-test [Bw Grps | 12948,620 2 16474,310 < kntar Exp-1 23,939(*) |6,647| ,002| 7,447 40,430
Cmptney 1win Grps| 93174,537] 111 | 839410| "713| 001 | | = ™" Exp2 | 720,988(%) [6.647| .008| 4,496 | 37.480
E Xp- ) [l ) - ) )
Post-test Bv-v Grps | 25162,237| 2 [12581,119 16431 000 § C Cnt Gr. | -20,988(*) [6,647| ,008|-37,480 | -4,496
Cmptney 2Iwin Grps| 84991,858| 111 | 765,692 |~> > - e Exp-1 2,9516,647] ,906]-13,541 | 19,442
Total 110154,095( 113 ~ EntGr Exp-1 34,932(*) 16,348] ,000{ 19,181 | 50,683
Post-test |Bw Grps | 7878,848 2 [3939,424 & ‘Exp-2_| 26,301(*)|6,348] ,000] 10,550 | 42,052
- * - -
Cmptncy 3[Wwin Grps| 93958,836 111 | 846476 | 4005 015 [ [ & o g E”t?' 34’98326(33 2322 288 ggggg 13123
= Xp- -8, ; ;400 |-24, ;
Total  |101837,684f 113 8 [ EntGr.[-26301(-[6:348 ,000]-42,052 [-10,550
Post-test |Bw Grps 6581,689 2 13290,844 Xp- Exp-1 8,631(6,348| ,400| -7,120 | 24,382
Cmptncy 4win Grps| 95328,545| 111 | 858,816 | >832| 025 | o XL | 9.185( 7,013 017| 8215 26,586
Total  [101910,234] 113 5[ Exp2 7,892%*; 7,013| ,033| 9,508 | 25,293
2 CntGr. | -9,185(*)(7,013] ,017(-26,586 | -8,215
zost-ttest ; Bv-v Grps 2081,790 2 11040,895 2784 042 E Exp-1 Exp-2 ~1293(7.013].983]-18.693 | 16.108
mptncy o|\win Grps 106551,911| 111 959,927 ! ! § L 00 Cnt Gr. -7,892(*) 7,013| ,033]-25,293 | -9,508
Total 108633,701( 113 P Exp-1 1,293]7,013| ,983]-16,108 | 18,693
Post-test |Bw Grps | 20433,848] 2 [.0216,924 < bntor XL 6,911(*)|6,723| ,019| 9,770 | 23593
Cmptncy 6[win Grps| 87943,784] 111 | 792,286 12895 000 | | & Exp-2 | 18:420( 16,7231 0261 1,740} 35,108
, , _ * - -
o] 05377632 113 7 Exp-1 Cnt Gr. 6,911(*) [6,723| ,019]-23,593 | -9,770
! ® EXp-2 11,51016,723| ,235| -5,171 | 28,191
Post-test |Bw Grps | 22699,275( 2 [L11349,638 § -2 Cnt Gr. | -18,422(*) |6,723| ,026]-35,103 | -1,740
- - *
Post-test  |Bw Grps 75236 2| 31618 s67| 423 b [ o, EntGr. | 7.360()[7,108[ ,088]-10,267 |-25,008
Grand Win Grps| 4817,032| 111 43397 ! ﬁ'." P Exp-2 10,12317,108] ,366| -7,513 | 27,759
Total Total 4892,268| 113 § -2 Cnt Gr. | -2,754(*)|7,108| ,029] 20,390 | 14,882
Exp-1 -10,123]7,108| ,366[-27,759 | 7,513
To clarify reasoning for the differentiation among the © bnior Exp-1 | -24,090(*) [6,458| ,001|-40,112 | -8,068
groups a Scheffe test is conducted and the results of this (‘c} - "Exp-2 7,226(*) 16,458 ,037| -8,796 |-23,248
test is presented in Table 8. % Exp-1 Cnt Gr. | 24,090(*) |6,458] ,001| 8,068 | 40,112
. , . £ " Exp-2 1,316 6,4 15,294 | 47
As itis seen in Table 8, the differences between the control | 4 CEE)Gr _712’:(*(; 2’422 ‘ggs 22‘228 8‘:;33
group and both experimental groups are significant in each o Exp-2 Exp-ll _’31 316 6’458 ‘566 _47’338 _15’294
competency. Meaning that control-group results in the ’ T ’ ’
O g -1 | -28,657(*)[6,782 -45,485 [-11,82
post-test are significantly different than that of both E Cnt Gr. Eip-z 13,2282*; 2’722 ‘ggg 12‘ 428 19‘232
experiment groups in each competency. However, no | O Cn?Gr 28’657(*) 6’782 ‘ooo 11‘829 45‘485
significant differentiation between the two experimental | & Exp-1 Exp-2. 31.06516.782] 6101 14237 | 27 893
groups is observed. In other words, the observed difference g Cnior |17 40’8(*) 67821 039 I-19.236 1-12 420
between post-test results of two experiment groups ineach | & [Exp-2 Exp-ll 3106516 782 610147 893 I-14 237
competency is not statistically significant. So that we o1 _’974 1’511 1813 _4'723 21776
ggfr}not say post-test results of experiment groups are ‘Tg Cnt Gr. Exp-2 1016|1511] 798| -2.734 | 4.766
ITferent in any competency. S Eou nicr 974|1511] 813] 2,776 | 4,723
On the other hand, in grand-total comparisons, it is seen & EXp-2 1,990115111 423 1,760 | 5,740
that there is no significant difference in any group pairin O Exp-p EOLGL -L,01611,511) 7981 -4,766 | 2,734
g Y group pairing. P2 Eyp1 ~1,990[1,511] ,423] 5,740 1,760

This is an interesting finding which can be explained with
the neutralization of the observed differences in each
competency when the test is assessed as a single

Cpt : Competency
Exp-x: Experiment Group X

Cnt Gr. : Control Group
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It is apparent that the control group results for two tests are
very close to each other when examined in per competency
and in group total. But in both experimental groups the
difference between the two tests are significant and in the
way to emphasize the success level. In other words, it could
be stated that the applied algorithm in computerized
adaptive testing expressed the differences in student
achievement levels in a more visible way. The data lead to
this interpretation is shown in Table 9.

Table 9. Span of the success levels in pre and post tests.

Maximum Minimum
Cpt. | Suc. | Cpt. | Suc. | Diff.

No. % No. %
Control Gr. 1 78,57 7 42,11 36,47
o 2| Expt.Gr.1 1 80,45 7 41,451 39,00
o = Expt.Gr.2 2 80,83 7 40,79 | 40,04
oo Control Gr. 2 77,07 7 40,46 | 36,61
§ & ExptGrl 1 87,90 7 15,65 72,26
Expt.Gr.2 2 84,62 7 17,01] 67,61

Expt.Gr.x: Experimental group X  Suc.% : Success percentage
Diff.: Difference Cpt. : Competency

In pre-test, the maximum difference between the highest
and the lowest sufficiency levels in the second
experimental group with 40,04 points. Whereas, the
maximum difference between the highest and the lowest
sufficiency levels in post-test is in the first experimental
group with 72,26 value. These differences between
maximum and minimum values (span) indicate that the
proposed testing methodology is more capable to
differentiate among student sufficiency levels.

5.3. Plausible Defuzzification Algorithm in Achievement
Measurement

In defuzzification of student achievement levels both the
Center of Gravity and Center of Maximum Value
algorithms were applied and the results were compared
with the pre test results on the basis of seven dimensions
using Paired T-test comparison methodology. The
comparison table for the Center of Maximum Value
calculation results is given in Table 10.

Table 10. Paired sample test results of pre-test and center
of mean defuzzification value.

Paired Differences

95% Cnfdnce| t |df| .o
std. | S | Interval of the 82
Mean Dvtn Error|  pifference 7
Mean &

Lower | Upper

Pr1—CG130,107|33,643 5,458 19,049(41,165(5,517| 37,0
Pr2—CG2132,331|36,501 5,921 20,333(44,329|5,460| 37|,000
Pr3-CG3134,403(37,500 6,100|17,956( 36,762|2,722| 37|,035
Pra-CG4|5,191 (42,834 6,949 -8,888(19,270| ,747 | 37|,460
Pr5—CG5| ,507 (46,172 7,490(-14,670 15,684| ,068| 37|,946
Pr6—CG6121,948/37,495 6,083|-34,272 -9,623|-3,604 37|,001
Pr7—CG7}131,600[32,981 5,350(-42,441{-20,759-5,90¢4 37|,000
PrT-CGT| ,086 | ,829 | ,134 | -,187 | ,358 |,638]| 37]|,527
Prx: Pre—test on Competency xPrT:Pre-test grand total
CMx: Center of Maximum Value on Competency x
CMT: Center of Maximum Value grand total

o
o
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In Table 10, it is shown that the difference between the pre
and post test results (when post test results were calculated
with the Center of Maximum Value algorithm) is not
significant in 0,05 confidence interval for the experimental
groups.

The Correlation test results between the Center of
Maximum Value calculation and the pre-test results are
shown in Table 11.

Table 11. Correlation test results between pre-test and
center of maximum defuzzification value.

N |[Correlation] Sig.
Pri-CM1 38 ,679 1 ,003
Pr2-CM2 38 ,588 | ,158
Pr3-CM3 38 ,527 | ,010
Pr4-CM4 38 ,674 | 1,043
Pr5-CM5 38 ,591 | ,007
Pr6-CM6 38 416 | ,192
Pr7-CM7 38 ,623 | ,026
PrT-CMT 38 ,792'1 1,000

Prx: Pre—test Competency x PrT: Pre-test grand total
CMx: Center of Maximum Value on Competency x
CMT: Center of Maximum Value grand total

The correlation coefficient between the two different
computations were found at moderate level (0,41-0,68).
Although, in only one of the dimensions (6") the
coefficient of correlation was weak, the coefficient
calculated for the total pairs was 0.792, close enough to the
strong relation categorization in correlation.

As for Center of Maximum Value, the Paired T test was
conducted between the Pre-test and Center of Gravity
algorithm results. The results for Paired T test is presented
in Table 12.

As shown in Table 12, the difference between the results
of pre-test and Center of Gravity calculation are significant
in five dimension pairs (pairs 1,2,3,6, and 7).

Table 12. Paired sample test results of pre-test and center
of gravity defuzzification value.

Paired Differences
95% Cnfdnce| t | df =
std. | St | Interval of the 28
Mean Dvin Error | Difference =
Mean N
Lower | Upper ~
Pr1-CM1|3,642 22,514 3,652 -3,758|11,042| ,997| 37 | ,325
Pr2-CM2 (1,725 [20,15¢ 3,270{-4,900| 8,350 | ,528| 37 | ,601
Pr3-CM3(1,989 [22,757 3,691|-5,489| 9,467 | ,539| 37 | ,593
Pra-CM4(-2,810[22,437 3,639}-10,183 4,563 |-,772| 37 | ,445
Pr5—-CM5 (4,970 [25,18] 4,085 -3,307| 13,246(1,217| 37 | ,231
Pr6-CM6 (2,921 29,284 4,751|-6,705|12,546( ,615| 37 | ,542
Pr7—CM7(1,095 [25,109 4,074|-7,158| 9,348 | ,269| 37 | ,790
PrT-CMT| -,057 | ,753| ,123 | -,305 | ,191 |-,467| 37 | ,644
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The Correlation test results between the Center of Gravity
calculation and the pre-test results are shown in Table 13.

Table 13. Correlation test results between pre-test and
center of gravity defuzzification value.

N |Correlation| Sig.
Pri-CG1 38 ,068 | ,685
Pr2-CG2 38 -,316 | ,054
Pr3-CG3 38 045 | 790
Pr4-CG4 38 -181 | ,276
Pr5-CG5 38 ,318 | ,052
Pr6-CG6 38 ,027 | 874
Pr7-CG7 3 144 | 388
PrT-CGT | 33 728,000

Prx: Pre—test Competency X PrT: Pre-test grand total
CMx: Center of Maximum Value on Competency x
CMT: Center of Maximum Value grand total

Even though the correlation coefficient for total pair (pair
8) indicates moderate relation strength, there are weak
relations between the dimension pairs (pairs 1-7).
Moreover, in pairs 2 and 4 the coefficient indicates a
negative relationship.

With the findings in comparisons between pre-test and two
different defuzzification algorithm results, it can be
pointed out that the Center of Maximum Value algorithm
produces more reasonable results.

5.4. Number of the Questions Asked

In the first experimental group a total of 1031 questions
were used in the interactive test (some of the questions
were asked more than one student). The distribution of
these questions into the seven dimensions alone with the
number of correct answers received is shown in Figure 2.

Questions asked [ Correct Answer
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Figure 2. Number of questions asked and correct answers
in experimental group 1

As can be seen in Table 6, the highest numbers for
questions asked were observed in 4th and 5th dimensions
with the values 161 and 165 respectively and the average
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number of correct answers received for these dimensions
were calculated as 69.57 and 43.64 respectively. For the 1st
dimension, in which the average number of correct answer
was the highest (87.90), the total number of questions
asked was observed as the lowest with the value 124. Also
for the 7th dimension, in which the average number of
correct answer was the lowest (15.65), the total number of
questions asked was observed as 147.

In the second experimental group a total of 1029 questions
were asked. The distribution of these questions into the
seven dimensions alone with the correct answers received
is shown in Figure 3. As it is observed in the first
experimental group, the observed highest number for
questions asked was in 4th and 5th dimensions with the
value 159. The average numbers of correct answer in these
groups were 68.55 and 42.77 respectively. For the 2nd
dimension in which the highest number of correct answer
was observed (84.62), the total number of questions asked
was the lowest with value 130. In the 7th dimension in
which the lowest number of correct answer was observed
(17.01), the total number of questions asked was 147.
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Figure 3. Number of questions asked and correct answers
in experimental group 2

As for the algorithm used, at least 2 questions were asked
in each dimension to decide on the student’s achievement
level. Therefore, in each of seven dimensions 1st and 2nd
questions were asked by design to all students but
succeeding questions (39,4™ 51 were asked depending on
the computed achievement level of the student in that
dimension. Subsequently, it is observed that the
exploitation number for the 3rd,4th and 5th questions
increases in the dimensions in which the student’s
achievement level is found at moderate level (around %50
of success level), while exploitation number for these
questions decreases as the student’s achievement level
closes to both the top and the lowest values of achievement
measurement in a dimension. This an expected outcome for
adaptive testing methodology; as the success level of an
examinee is more predictable the number of questions used
to determine the success level decreases, in other words for
uncertain conditions you have to exploit more questions.

It is apparent in Figure 2, for the first experimental group
the 3rd,4th and 5th questions in 4th and 5th dimensions
were asked more than the other dimensions. By no surprise,
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the displayed success levels of these to dimensions are
close to the median value.

The same effect is observed in the second experimental
group. In the 4th and 5th dimensions in which the
calculated success level was close to the middle value the
3rd,4th and 5th questions were asked more than the other
dimensions. This is shown in Figure 3.

The maximum number of questions asked to an examinee
is found as 31, while the minimum number is found as 22.
The average number of questions asked in two of the
experimental groups is 27.

5.5. Selection of the Initial Difficulty Level by Students

Students in the second experimental group had selected the
initial difficulty level in the adaptive test while the first
experimental group started with moderate level by default.
In Table 8 the Scheffe test results are listed. It can be seen
that the difference is not significant between the post test
results of first and second experimental groups. Moreover,
total numbers of the questions asked in first and second
experimental groups are very close to each other with the
values 1031 and 1029 respectively.

Each student in the second experimental group had selected
the initial difficulty level in the adaptive test. But only 16
students out of 38 had chosen a different level other than
middle. Nine of these 16 students’ estimates were found to
be inaccurate. Unfortunately, in the interviews conducted
after the experiment, a great majority of the students
declared that they had chosen the middle level for that they
hadn’t feel confident about their level of success in such a
computerized adaptive test. Since this was the first time
that they were subject to computerized adaptive testing.
With the help of these interviews it is derived that the
experiment needs to be performed again after the students
develop consciousness in selecting the initial difficulty
level for the questions in adaptive testing.

5.6. Multidimensional Questions

Average number of the questions asked in a dimension is
shown in Table 14 for the three possible conditions. If there
was no priori assessment value for the dimension in
question, then the average number of the questions asked
to reach judgment was observed as 3.87. If the priori
assessment was positive or negative, then the number of
the questions asked was observed as 3.26 and 4.34
respectively.

Table 14. Priori assessment and count of questions asked.

Priori Assessment Average count of Questions
Value Asked in a Dimension

Not Exists 3,87

Positive 3,26
Negative 4,34
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As can be deduced from the figures the number of the
questions asked is increasing when there exist a positive
priori assessment and decreasing whet the priori
assessment is negative.

When multi-dimensional questions are examined from the
point of their contribution to the assessment process, it is
found that the positive priori value decreases the number
of the questions asked by an average value of 0.61 and
negative value increases that number on average by 0.47.
Consequently, it is deemed necessary that the study should
be repeated with a different set of expert group and it
should be extended to cross domain experiments to
determine the contribution in cross domain dimensions.

5. CONCLUSIONS AND DISCUSSION

Integrating the fuzzy logic computation in computerized
adaptive test applications has received considerable
scientific attention. Because of their potential value in
educational settings where the interaction between the
teacher and student is limited, such as in distant education
or customized tutorial applications. There are several
scientific studies examining the fuzzy logic computation in
automatic adaptive testing environments.

In their study Suarez-Cansino, and Hernandez-Gomez [36]
studied a fuzzy inference mechanism for adaptive tests.
They have simulated question selection mechanism on a
database of questions that were labeled as high and low for
their respective complexity level. In addition, they have
classified the simulated students as poor, regular or
brilliant ones. Their simulation study is just a proof of
concept for the practicality of fuzzy computation in
adaptive testing. However, this study differs from their
work on the fuzzification of question complexity levels,
evaluation of student achievement on per competency and
experimentation of the suggested mechanism on a real
environment and actual educational setting, while
presenting more strong indicators than that of their work
for the practicality of fuzzy logic in adaptive testing.

Balas-Timar and Balas [37] have compared the efficiency
of fuzzy logic computation with Bayesian likelihood
estimation on question selection in adaptive tests.
However, in this study the efficiency of the fuzzy logic
computation is interpreted with a comparison of the results
with that of classical (fixed question set) tests.

Additionally, in their recent work Sineglazov and Kusyk
[38] examined the applicability of fuzzy logic computation
in a cumulative test assessment setting. Their findings are
consistent with that of in this study. Such that, in this study
findings indicate when the test results are considered as a
cumulative measurement, that is free from competencies,
the difference between the classical and fuzzy-logic-based
adaptive testing is not significant.

In conclusion, the contributions of the current study are
summarized in the following lines.
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With the findings in this experimental study, it is pointed
out that the fuzzy logic values and the fuzzy logic
calculation methodologies can effectively be used in
question selection algorithms of computerized adaptive
tests.

Furthermore, the fuzzy logic calculation methodology, if
used in an interactive testing algorithm like the one
proposed in this study, would be superior to the classical
(fixed question set) tests in emphasizing student’s
achievement level in competency base.

In defuzzification of the fuzzy assessments values, Center

of Maximum Value calculation methodology is found to
produce more reasonable crisp values then Center of
Gravity calculation.

It is found that there is no significant difference between
students’ selection of initial difficulty level and the usage
of middle difficulty level at the beginning in adaptive
testing, on both effectiveness of the achievement
calculation and exploitation of the questions in database.

Itis inferred that having priori assessment via utilization of
multi-dimensional questions would rationally contribute to
the measurement in a dimension. Especially, a positive
priori consideration would reasonably decrease the number
of questions asked to measure success level in a dimension.

Moreover, studies on backtracking drawback in adaptive
testing and incorporating a self-learning mechanism for the
fuzzy membership values would be valuable contributions
to the automatic adaptive testing studies.
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