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ABSTRACT
Efficiency Balanced Information is an item selection method developed by Han (2009) with the aim of this
research is to solve problems of other methods that have previously been widely applied in CAT. This study
aims to explore the effectiveness of using Efficiency Balanced Information for item selection. This research
will identify criteria that affect this method so that it is optimal when used in the CAT to predict student
abilities. This research is simulation research with two simulation software, WinGen, and SimulCAT.
Simulations are conducted by involving several variables, namely the ability estimation method (MLE,
MAP, and EAP), item parameter estimation method (1PL, 2PL, and 3PL), Efficiency Balanced Information
as an item selection method, and stopping rule based on SE which is 0.3. The simulation involves 150 items
that characters have been defined in WinGen and the researcher run in SumulCAT 30 replications. Based
on the results of the study it can be concluded (1) The most powerful item estimation method is 2PL, (2) the
ability to estimate capabilities with EAP and MAP is relatively the same and the MLE indicates the ability
interval that can be estimated narrower, (3) efficiency of administered items with EAP and MAP is

relatively the same while MLE needs more items.
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1. INTRODUCTION

Tests are one important component in
education. The test is used to determine the level of
student understanding of knowledge and concepts
[1]. [2] states that test results are the profiles used
to define a student on a particular thing. [3] argue
that test results can be used as data to reflect
learning outcomes. [4] states that the test is a
systematic procedure that can be used to identify
how much has been obtained by students in the
learning process. Thus the test is an instrument to
see certain insights owned by students. In general,
the results of a test can be used based on taking on
policy. For students, the test results can be data for
self-reflection, how much competence that was
mastered in learning. As for the teacher, test results
can be used as basic data for determining learning
strategies. Benefits for schools, test result data can
be used to assess the quality of learning

performance. The government needs data on test
results to map the quality of education.

A test result must be accurate, in the sense of
being able to represent the students' ability clearly
[4]. To be able to represent students' abilities, a test
must pay attention to measurement errors. Errors
are divided into two, namely random errors and
systematic errors [5], [6]. Systematic errors are
errors that are affected by the quality of the
instrument, the measurement process, or a
combination of both [7]. Thus a test must be based
on a strong theory so that the instrument that is
built can measure what should be measured [2] and
built with the right procedure because this
systematic error cannot be identified in a test result
[7]. Random error is an unpredictable error. These
errors can come from internal test takers or
environmental influences [8]. This random error
has a strong relationship with reliability. Therefore
the reliability of a test must be proven and
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guaranteed [9]. On a technical level, the test maker
and organizer must be very careful. Test makers
must ensure that the test design is good and the test
organizer must be able to condition a test as the
design. If a test result does not represent the
student's condition then the use of the test result is
not on target.

Efficiency and accuracy are the main issues in
the test [10]. It is in this aspect that the CAT has
advantages over traditional tests [11]. There are
contradictions in traditional tests, namely the more
test items (ineffective) the more accurate [12]. But
keep in mind that there is an element of endurance
test-takers who need attention. Usually in
Indonesia, an agreement is taken on the number of
items (40 for science and technology and 50 for
social science) to produce an accurate test result but
still within the reasonable limits of students'
endurance in doing tests. It is important because
students who actually master the material may
become unable to work on problems within their
abilities because they are already exhausted.

Regarding the substance of making a good
test, [13] states that teachers must match the level
of difficulty of the test with the level of student
ability. Students should not deal with problems
with a level of difficulty beyond their ability and
also do not work on problems that are too easy [14].
If the questions in the test are beyond their ability,
chances are they are giving up, guessing, or
cheating, so the portrait of students' original
abilities cannot be properly identified. If the
questions are done too easily then the students'
original ability also cannot be identified properly
because students do not push to limits on their
abilities. However, making test questions that are
according to the ability of the students is not easy
because the conditions of students are very
heterogeneous.

[15] state that more clearly that a single test
cannot measure accurately the ability of each
student. A test that is compatible with students'
abilities is needed. The solution that is [15] state is
an adaptive test in which the test gives questions
that are in accordance with students' abilities based
on the item information. Thus, the test can be
carried out involving fewer items but with a good
standard of accuracy [16]. Giving items according
to students' abilities makes the test results more
accurate even though they only use a few items
when compared to the classical test model. Each
additional item increases accuracy (standard error

decreases) [17]. The test requires more items only
when students answer inconsistently based on their
abilities (incorrectly answering questions with a
lower difficulty level or being able to correctly
answer questions with a very high difficulty level)
[14]. This inconsistent pattern can also be indicated
as an abnormal pattern in the process of running the
test.

Such a system is very difficult to imagine or
even impossible in a classic format. This concept
becomes very possible in the era of rapid
technological development. Technology makes all
difficult things possible [18]-[20]. In the last few
years, the assessment process has started to switch
to computer formats, from offline to online
systems. In Indonesia, national exams, college
entrance selections, and various job tests have been
carried out on a computer basis [18], [21]. Such a
system makes the opportunity for implementing an
adaptive test that combines a question bank with a
particular question viewer algorithm very wide
open [22]-[24].

In this era, the adaptive test that was
developed by measurement experts was known as
the Computerized Adaptive Test (CAT). The test
utilizes computerized technology to support
complexity in the choice of questions and infers
students' abilities based on an algorithm that is in
line with specific criteria. A question is chosen and
administered by considering the track record
(pattern) of students in answering or the ability of
test participants when taking the exam [25]. Thus,
the items taken for each student will vary so that
the safety of the test can be more awake from
cheating cases [26].

In the CAT system, the principle that is used
is the selection of items test based on consideration
of students' previous track record in answering
questions of the test [27]. The question bank will
make a unique arrangement of patterns for each
examinee depending on each performance during
the test [26], [28], [29]. Thus, the utilization of each
item becomes more efficient and on target by
remaining oriented to the level of measurement
accuracy [30], [31].

The item selection method is a very crucial
factor in CAT [10]. Each method expects the
selection of items that can approach the students'
ability in the process of working on the problem
and show the minimum error standard. [32]
developed a selection of items in CAT called
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Efficiency Balanced Information. The item selected items in CAT. The essence of the

selection technique is designed to overcome the
problem of two item selection methods that have
been widely applied in the CAT such as the Fisher
information method which were identified as not
optimal at the initial item selection stage and the
remaining items cannot function properly and
secondly, the stratification method is judged to
have a limited amount items for each stratum item
available, c-parameters are not taken into account,
and the method's ineffectiveness is related to
variable length. According to [33], if the test is
intended to estimate O with a certain degree of
precision, it is appropriate to retrieve items based
on their information function.

The method developed by [32], named
Efficiency Balanced Information (EBI), focuses on
the efficiency items expected for item selection.
Under this method, the selection of items will
depend on the EBI index. The items with the largest
EBI scores will be given to the test takers.
Following is the formula for determining the EBI
index.

There is a difference in 5'; in the items
parameters estimation of 1PL, 2PL, and 3PL. &;" is

the same as Bb; when the items parameters

estimation used are 1PL or 2PL. Whereas when
using 3PL for items parameters estimation, &, can

be searched with the formula presented by [34],
namely:

1 1+ 1+ 8¢
= h. 2
6; = b+ ——In(—"> @

In the EBI procedure, the estimated ability
level of participants (0) will be adjusted to the level
of difficulty of the items. The interval 0 in the
evaluation of item efficiency results from a
standard estimationﬂerror (SEE; €) and is set two

times the SEE of & after the jth item is selected
(notated l'.% + 2¢p).

Statistical formulas always have a character
for the subject being analyzed. Efficiency Balance
Information is a development of previous statistical
formulas that are used as a basis for determining

assessment process in CAT is the item response
theory which involves various things such as
parameter estimation methods, respondent abilities,
information functions, and standard errors. From
these aspects, it is divided into various techniques,
for example, parameter estimation can use 1PL,
2PL, 3PL, or 4PL, and it is still developing now.
Respondents' abilities were also estimated using
various methods. In connection with the many
aspects that have an influence on the analysis
process, the study of the suitability of Efficiency
Balance Information with other attributes is very
important so that Efficiency Balance Information
can be used appropriately to produce the best CAT
performance [15], [28], [35].

Thus, researchers will conduct a search related
to the effectiveness of the use of item selection
based on Efficiency Balanced Information. The
objective of the researcher in conducting this
research is to explore the criteria of the method so
that it is optimal when used as a basis for selecting
items to predict students' abilities in CAT.

2. METHOD

This research is a simulation study that utilizes
two simulation software namely WinGen and
SimulCAT. WinGen is used to generate students'
ability data and item parameters. SimulCAT is used
to simulate CAT based on students' ability data and
item parameters. The simulation is done by
involving several variables as follows:

1. Ability estimation methods [36], namely
Maximum Likelihood Estimation (MLE),
Bayesian Maximum a Posteriori (MAP), and
Bayesian Expected a Posteriori (EAP),

2. Item parameter estimation methods, namely 1-
logistic parameter (1PL), 2-logistic parameter
(2PL), and 3-logistical parameter (3PL),

3. efficiency Balanced Information as an item
selection method, and

4. stopping rule based on SE is 0.3.

The process of generating data starts with
generating students' ability data which will become
student data participants in a CAT simulation. The
provisions of the generation process carried out by
the researcher are (~ N (0,1)) with 1000 students.
Then the item data generation is done using the
WinGen software with the following criteria.
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Table 1: Description of Item Data Generation Attributes

o 1 PL 2 PL 3PL
Item Parameters Distribution - - -
n Max Min Max Min Max
Discriminant (a) Uniform 0.5 2 0.5 2 0.5 2
Difficulties (b) Uniform -3 3 -3 3
Pseudo guessing (c) Uniform 0 0.2

Then generated 150 items of questions with
predetermined characters and then analyzed with
1PL, 2PL, and 3PL. Person parameter and
parameter items data are saved and then used as a
CAT simulation database. Based on the database of
parameter items and person parameters, CAT
simulations with simulCAT (1PL, 2PL, and 3PL are
simulated using MLE, MAP, and EAP ability
estimation methods) each of which is replicated by
30 times. Examples are 1PL with MLE ability
estimation that was conducted 30 replications, 1PL
with MAP ability estimation that was conducted by
30 replications, 2PL with EAP ability estimation
that was conducted by 30 replications, and so on.

The analysis was carried out in several stages
as follows:

a. Comparing & and 0 so that the correlation
between the two is known. High correlation
data indicates that the true score and observe
score data are identical. In other words, the
observed score can reflect the true score.

b. After the replication data has a high
correlation between the true the ability and
observe ability of students, an analysis is
carried out on the average number of
administrated items (the number of items
worked on) by students until the CAT system
stops. The analysis process was carried out in

several groups which were a combination of
the item parameter estimation method and the
student's ability estimation method.

c. Based on CAT simulation data, an uncommon
event is carried out, such as (1) the system
does not stop until students have to work on an
unreasonable number of questions, (2) the
system stops immediately when starting to
work, (3) the system stops with a value
standard error, not below 0.3.

d. Data on unusual incidents will be recorded as
the basis for determining the range of the
system's ability to diagnose the respondent's
ability. Based on these data, it can be
concluded that EBI's performance in selecting
items in CAT for wvarious method
combinations.

3. RESULT

The first step in this research is to analyze the
relationship between the true abilities of students
simulated using WinGen software and the results of
the estimated ability from SimulCAT simulation. If
the correlation is high (> 0.9) then the true score
with the estimated score is near the same. The
following is a comparison of true abilities and
estimated ability that was conducted by 30 times
replicated.

Table 2: Correlation 0f|§ to 0

Correlation of true ability with estimated ability

Replication MLE MAP EAP

1PL 2PL 3PL 1PL 2PL 3PL 1PL 2PL 3PL
1 0.938 0941 0950 0957 00953 00955 00955 0954 0951
2 0.942 0955 0945 0950 0949 0945 0957 0958 0.958
3 0.941 0943 0959 0951 0949 0953 0951 0950 0.948
4 0.946 0948 0945 00955 0957 0949 0958 0.956 0.953
5 0.945 0952 0943 0952 0957 0952 0958 0951 0.945
6 0.937 0953 0943 0944 0955 0949 0956 0957 0.939
7 0941 0945 0949 00956 0952 0.953 0954 0.947 0.945
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0.934 0947 0943 0955 0950 0.952 0.962 0.960 0.955
9 0.944 0947 0949 0949 0950 0.955 0958 0952 0.935
10 0949 0944 0945 0952 0956 0.952 0.955 0.948 0.939
11 0.941 0938 0939 00958 0958 0948 0952 0952 0.947
12 0942 0949 0957 0956 0.954 0.950 0.951 0.955 0.948
13 0.937 0941 0952 0955 0952 0953 0958 0954 0.942
14 0938 0937 0954 0952 0.955 0.946 0.958 0.952 0.949
15 0.941 0937 0935 0946 0950 0.952 0954 0.959 0.943
16 0936 0947 0950 0958 0.950 0.949 0.953 0.956 0.946
17 0.941 0945 0939 0949 0951 0949 0945 0948 0.947
18 0938 0952 0953 0960 0.951 0.955 0.950 0.953 0.939
19 0.940 0955 0946 0958 0957 0949 0957 0944 0.949
20 0943 0942 0940 0952 0.956 0.950 0.950 0.952 0.958
21 0.944 0944 0940 00956 0951 0948 0958 0.950 0.948
22 0943 0948 0952 0959 0.955 0.952 0.956 0.950 0.947
23 0945 0954 0953 0953 0946 0.950 0.953 0.949 0.956
24 0941 0953 0944 0956 0.949 0.953 0.957 0.952 0.948
25 0950 0953 0946 0955 0.955 0.958 0.951 0.957 00954
26 0.937 0952 0950 0.957 0.953 0.946 0.958 0.957 0.948
27 0.940 0946 0949 0959 0939 0951 00954 00952 0951
28 0942 0944 0944 0958 0.958 0.958 0.955 0.955 0.955
29 0934 0935 0937 0946 0961 0.950 0.953 0.958 0.948
30 0945 0933 0933 0956 0.947 0.957 0.955 0.959 0.955

Based on the data in Table 2, it can be The results of CAT simulation with

concluded that there is a very high relationship (>
0.9) in each simulation. Thus it can be concluded
that there are similarities between the true ability
parameters generated through WinGen as a
database and the estimated ability parameters
resulted from the simulation results through

SimulCAT can be observed administered items data
for each simulation with a combination of
estimation ability methods and estimation items
parameters involved. The following, in Table 3, is
the average question data used (rounding off).

SimulCAT.
Table 3: Average Administered Questions Each Combination Techniques
L 1PL 2PL 3PL
Replication
MLE MAP EAP MLE MAP EAP MLE MAP EAP
1 19 18 18 10 8 8 11 9 9
2 19 18 18 10 8 8 11 9 9
3 19 18 18 10 8 8 11 9 9
4 19 18 18 10 8 8 11 9 9
5 19 17 18 10 8 8 12 9 9
6 19 18 18 10 8 8 11 9 9
7 19 18 18 10 8 8 11 9 9
8 19 18 18 10 8 8 11 9 9
9 19 17 18 10 8 8 11 9 9
10 19 18 18 10 8 8 11 9 9
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11 19 17 18 10 8 8 11 9 9
12 19 18 17 10 8 8 11 9 9
13 19 18 18 10 8 8 11 9 9
14 19 17 18 10 8 8 11 9 9
15 19 17 18 10 8 8 11 9 9
16 19 18 18 10 8 8 11 9 9
17 19 17 18 10 8 8 11 9 9
18 19 18 18 10 8 8 11 9 9
19 19 18 18 10 8 8 11 9 9
20 19 17 18 10 8 8 12 9 9
21 19 18 18 10 8 8 12 9 9
22 19 18 18 10 8 8 12 9 9
23 19 17 18 10 8 8 11 9 9
24 19 18 18 10 8 8 11 9 9
25 19 18 18 10 8 8 12 9 9
26 19 18 18 10 8 8 11 9 9
27 19 18 18 10 8 8 11 9 9
28 19 18 18 10 8 8 11 9 9
29 19 17 18 10 8 8 11 9 9
30 19 17 18 10 8 8 11 9 9

Based on the definition in CAT, effectiveness
is expressed in the number of items administered so
MAP and EAP have better effectiveness compared
to MLE. This is apparent in all item parameter
estimation methods (1PL, 2 PL, and 3PL) where
MAP and EAP require fewer items to stop the test
compared to MLE.

However, from the simulation. It is indicated
that there is some students' ability that cannot be
identified properly with item selection techniques
based on Efficiency Balanced Information. The
following are a few examples of simulation results
that show the inability of the CAT in estimating the
ability of students assessed from the SE and the
number of administered items.

301 1.836 18 1.146  ©.292 1@016101901110€100 54,78,25,66,123,59,112,20,21,68,69,87,
382 2,886 61 -3.178  0.290 @10000010000060001000000000000000001000000000000000RAR0ARH0R1
383 1.717 18 1.563 ©.297 1@181610e088181111 125,768,112 ,83,138,47,86,150,45,25,147,
797 B8.588 18 B8.116 8.299 J1a8g@lgllealsaalal 136,78,138,66,144,57

798 -3.576 @ 8.251 9.999

799 8.554 18 8.475 8.297 190191800018111801 16,78,75,127,59,118,

Figure 1: Examples of CAT Response Patterns (student ID students' true ability, administered items, students' ability
estimation, standard error (SE), response patterns, number code of administered item)

Based on the simulation data, there is an
example of 2 unusual patterns. The first case is the
second pattern (students with ID 302) from above
which shows that there are a lot of administered
items (61 items) for true abilities -2.886. The
unusual case is apparent because the average of the
model stops the personal test (SE has reached a
value below 0.3) in question 18. Thus, the CAT by
utilizing the item selection Efficiency Balanced
Information has difficulty measuring that ability. It

is assumed that the ability of -2.886 is too small to
be observed. The second example is the fifth
pattern from the top (students with ID 798 who
have the true ability -3,576) showing that none of
the items were administered and SE was in position
9999. This shows that the CAT is not moving and
unable to measure the ability of students with these
abilities. There is a conjecture similar to Example
1. The ability of -3.576 is too small to be observed
in a CAT based on the efficiency balance
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information. In 30 replications in each combination
of models found many similar cases. Thus, the
analysis must continue to map the simulation
results to identify the ability intervals of students
who can be analyzed with the CAT based on
Efficiency Balanced Information.

Effectiveness is also traced based on the
standard error for each pattern of student answers in
the simulation. In the simulation set stopping rule
based on the SE that is SE less than 0.3. Tracing the
maximum student ability that can be detected so
that the test can stop in accordance with the
command (resulting in a standard error less than the

specified stopping rule criteria). To be able to see
carefully, the ability intervals were identified
ranging from -3.5 to 3.5 with the distance between
abilities 0.01 (identification of SE against abilities -
3.5; -3.499; -3.498; -3.497; ...; 3.497; 3.498; 3.499;
3.5. Found several abilities that cannot be detected
properly by CAT based on Efficiency Balanced
Information because the simulation stopped but the
SE did not touch the number 0.3. Based on the
tracing data and item administered, it was found
that the ability intervals of students which can be
concluded by CAT based on Efficiency Balanced
Information are are shown in Table 4.

Table 4: Interval Efficiency Balanced Information Table in Detecting Students' Abilities

Abilities
Methods
Lower Bound Upper Bound
1PL -2.81 3.17
EAP 2PL -2.72 3.5
3PL -2.45 291
1PL -2.77 3.18
MAP  2pL -2.88 3.24
3PL -2.38 3.11
1PL -2.52 3.01
MLE 2PL -2.65 2.97
3PL -2.33 2.84

Detections made in Table 4 are based on
information items and the number of items
administered. The data show that there are
variations in each combination of the ability
estimation method and item parameter estimation in
30 replications. The data shows the minimum and
maximum abilities that can be estimated in CAT
based on efficiency balance information with the
usual number of items of administration and reach a
standard error of 0.3 or less.

If seen from the item estimation method, 2PL
has the longest interval in estimating students'
abilities either through EAP, MAP, or MLE. When
compared between methods of estimating students'
ability, MLE is the method whose performance is
the least because it has the shortest interval among
other methods. Likewise, when looking at the lower
and upper limits of the ability of students who are
able to detect, the EAP and MAP performance is
better than MLE with an indication that MLE has a
lower limit that is upper than others and an upper
limit that is lower than others. This means that MLE

is unable to detect certain low and high abilities that
can be detected by EAP and MAP.

4. DISCUSSION

Efficiency Balanced Information is an item
selection system in CAT that utilizes the item
information function. Simulation results show that
there are differences in results that are influenced
by the method of estimating students' ability. The
Bayesian method (showing identical results
between EAP and MAP) is more efficient than
MLE when used in a CAT based on Efficiency
Balanced Information.

The fundamental thing that distinguishes
between MLE and Bayesian is Bayesian assumes a
normally distributed population [37]. In Bayesian
or also known as posterior Likelihood [38], the
estimation results by the MLE method are
multiplied by the values in the normal distribution
according to certain ability intervals. Thus the
distribution is closer to the mean [37]. Figure 2 is a
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comparison of the ability estimation curve with the
Likelihood method and the Likelihood method
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multiplied by the distribution in the normal
distribution (Bayesian).
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Figure 2: The Curve of Ability Estimation Using Likelihood Method (left) and The Curve of Likelihood Method
Results Multiplied by Distribution in Normal Distribution (right)

Information about a test is obtained from the
sum of the value of information items by utilizing
probability data to answer correctly a student [15],
[35], [39]. Thus it is reasonable if the value of item
information is influenced by the students' ability
estimation method. The next effect is to influence
the stopping rule in the CAT because the criteria for
stopping the test are a particular SE in this
simulation, where SE according to [40] and [15]
can be determined based on the information value
of a test. Therefore, it seems clear that the
assumption of a posteriori has an impact on the
number of items administered.

The simulation results are in line with the
research of [41] which states that the performance
of EAP and MAP in estimating students' abilities is
better than that of MLE. In that study, it was said
that MLE has lower accuracy compared to the two
other methods in estimating the ability of test-
takers. Bayesian has a better ability to estimate
ability [42] especially if the number of samples is
small [43] and Bayesian has a better Mean Square
Error (MSE) [44]. In the context of conventional
tests, accurate is a small error (the smaller error, the
more accurate), while in CAT can be translated as
the efficiency of administered items. In CAT, the
fewer items administered the more efficient the
tests [45]. Ensuring quality education plays a key
role in competency development in higher
education [46].

5. CONCLUSION

Based on the results of the study it can be
concluded that the implementation of CAT based
on efficiency balance information is (1) the most
powerful item parameter estimation method is 2PL,
(2) performance of estimated students' abilities with
EAP and MAP is relatively the same while MLE is
indicated to have an ability interval that can be
estimated narrower, (3) related to the number of
items administered, the efficiency of EAP and
MAP is relatively the same while MLE requires
more items to estimate someone profile with the
ability and standard error that is same. Thus, in the
use of CAT with the item selection method based
on Efficiency Balanced Information it is
recommended to use the Bayesian method (MAP
and EAP) in estimating student ability and using
the 2PL method in estimating item parameters.

This research is limited to simulation research
using WinGen and simulCAT applications. The
research focuses on tracking the optimization of
EBI as a procedure in selecting items in CAT. To
find the optimization of EBI, the researchers
combined various parameter estimation methods
and methods of estimating students' abilities. It is
assumed that all settings in the simulation can run
well in the software during the process of
generating student ability data and item parameters
with  WinGen as well as during the CAT
implementation simulation using simulCAT.
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The results of this study can be used as a basis
for implementing EBI as an item selection
procedure in CAT. If an agency will develop CAT
for various purposes, then it can use EBI as a
procedure for selecting items with the parameter
estimation method is 2PL and the method of
estimating students' ability uses MAP or EAP.
However, for more detailed and in-depth results,
further research based on original data is needed to
demonstrate the original performance of EBI as an
item selection procedure in CAT.
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