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The item response data is the 𝑛𝑚-dimensional data based on the responses made by𝑚 examinees to the questionnaire consisting of
𝑛 items. It is used to estimate the ability of examinees and item parameters in educational evaluation. For estimates to be valid, the
simulation input data must reflect reality. This paper presents the effective combination of the genetic algorithm (GA) and Monte
Carlo methods for the generation of item response data as simulation input data similar to real data. To this end, we generated four
types of item response data usingMonte Carlo and the GA and evaluated how similarly the generated item response data represents
the real item response data with the item parameters (item difficulty and discrimination). We adopt two types of measurement,
which are root mean square error and Kullback-Leibler divergence, for comparison of item parameters between real data and four
types of generated data. The results show that applying the GA to initial population generated by Monte Carlo is the most effective
in generating item response data that is most similar to real item response data. This study is meaningful in that we found that the
GA contributes to the generation of more realistic simulation input data.

1. Introduction

The purpose of computer simulation is to model a certain
phenomenon or incident virtually in an attempt to predict
the results of a real-life situation. It is both a cost effective
and time savingmethod for testing “what-if ” scenarios? [1, 2].
A simulation can be run to conduct a virtual study in order
to predict results of a real-life situation and establish various
mathematical models (probability distribution) specifically
for certain problems. Therefore, it is possible to select the
most effective method from among various situations [3].
Simulation is used in cases where mathematical analysis is
difficult due to the complexity of the real-world situation or
experimentation is simply impossible or too costly due to the
restrictions of the real world. That is, simulation is applied
to various engineering areas, such as queuing problems
[4], inventory management problems [5], network problems
such as PERT/CPM [6], problems related to production
(production allocation, production integration, production
system balance, factory location analysis, etc.) [7–9], repair

of machinery and equipment [10], replacement problem [11],
treasury loans, and investment planning [12].

In educational evaluation, simulation is used to estimate
item parameters and the abilities of examinees [13] because it
is difficult to obtain the real item response data for estimating
the parameters of items and abilities. Therefore, when a
controlled experiment needs to be conducted to obtain
statistical results regarding item parameters in educational
evaluation, studies are conducted based on item response
data generated through simulation [14, 15]. The main advan-
tage of simulation studies is that researchers can define the
ability of examinees and characteristics of items according
to the research purposes. If they know the characteristics
of examinees and items, researchers can control data and
manipulate certain factors to evaluate the effects [13]. Until
now, when item response data is generated, based on item
response theory (hereinafter IRT), Monte Carlo, which uses
the probability distribution of examinees correctly answering
items depending on their ability, has been used [16].
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The key to simulation studies is to model problems in
real life as realistically as possible. Also, to guarantee the
validity and reliability of simulation results, simulation data
is more important than anything else [17, 18]. To evaluate the
validity of simulation results, it is necessary to use statistical
techniques to compare the results of actual systems and
simulation results. However, not enough research has been
conducted with regard to evaluating the fitness of the item
response data generated through Monte Carlo.

As computation performance improves, computer sci-
ence technology has been introduced into areas where sim-
ulation data is generated. To guarantee high quality in the
software industry, testing software is required. To achieve this
objective, we need to test software thoroughly with adequate
test data. The automatic generation of a test suite and its
adequacy are the key issues when testing a software product.
Some studies have been conducted to show that the field of
software testing used a genetic algorithm (hereinafter GA)
to generate automated software test data and improve the
performance of tests [19–22].

The GA is a computational model based on the evo-
lutionary process seen in the natural world. It is a global
optimization technique developed by John Holland in 1975
and one of the techniques for solving optimization problems.
The GA models the evolution of life and the evolutionary
mechanism using engineering methods and uses them for
solving problems and learning systems.

In the field of educational evaluation, the GA is used for
test-sheet composition [23–28]. The test construction prob-
lem (test construction problem or item selection problem)
can be formulated as a zero-one combinatorial optimization
[29]. The running time will increase exponentially with the
number of items in the item bank. This problem has been
proven to be an NP-hard problem; that is, the solution time
is not bound by a polynomial of the size of the problem [30].

The GA is known to be effective in finding the optimal
solution for NP-hard problems, and it has been utilized in
areas dealing with item data, but not for generating item
response data. In other words, studies have not validated item
response data so far, or the GA has not been utilized in the
field of educational evaluation in some cases. Accordingly,
this paper is trying to verify whether the item response
data generated for simulation studies are similar to real
item response data. Also, the GA is used for proposing
a method of generating item response data. To this end,
item response data, generated using Monte Carlo and the
GA, was compared. Item difficulty and item discrimination,
representing the characteristics of the item response data
of real examinees, were used to generate item response
data. To evaluate how similarly the generated item response
data represents the real item response data model, the item
difficulty and discrimination of the generated item response
data were compared with those of the real item response data.

2. Background

2.1. Test Theory. Item response data is that which shows
whether the examinees responded correctly or incorrectly

to the items making up a test sheet. Based on test theory,
item response data is used to estimate item characteristics
and the ability of examinees. According to test theory, tests
are analyzed indirectly by measuring the latent trait of people
(specifically the test takers) and the items making up the test
[31]. As item analysis must precede test analysis, test theory
generically refers to not only items, but also the tests and all
related theories. Test theory is divided into the classical test
theory and item response theory. This paper deals with item
response data, with item characteristics used to evaluate the
fitness of the GA. Accordingly, themethods of obtaining item
difficulty and item discrimination in the classical test theory
and item response theory are examined.

2.1.1. Classical Test Theory. According to classical test theory,
analysis is conducted based on the total score of the test tools,
with the assumption that the observed score of the test is
composed of the true score and error score. Also, as the true
score of examinees cannot be known, the mean of the scores,
obtained by infinitely repeating theoretically identical tests
for the same examinees, is used to presume the true score.
Item difficulty and item difficulty according to classical test
theory are as follows.

(1) Item Difficulty. Item difficulty is an index indicating the
degree to which an item is deemed easy or difficult. It is the
ratio, that is, probability, of examinees who answer correctly
to total examinees.The item difficulty for item 𝑖, 𝑃

𝑖
, is defined

as the proportion of examinees who get that item correct.The
formula for calculating item difficulty is shown below:

𝑃 =

𝑅

𝑁

, (1)

where 𝑃 is the difficulty of a certain item, 𝑅 is the number
of examinees who get that item correct, and 𝑁 is the total
number of examinees.

(2) Item Discrimination. Item discrimination is the index
indicating the degree to which an item discriminates exam-
inees depending on abilities. If high-ability examinees cor-
rectly answered an item and low-ability examinees failed to
answer an item correctly, this item is regarded as an item
that functions properly. In other words, if the score of those
examinees who correctly answered an item is high and the
score of those examinees who got the wrong answer for the
same item is low, this item can be said to be an item able
to discriminate examinees. In contrast, if the score of those
examinees who correctly answered the item is low and the
score of those examinees who got the wrong answer for the
item is high, this item can be said to be an item with negative
discrimination. Also, if those who correctly answered an item
get the same score as those examinees who got the wrong
answer for the item, this item will be an item that has no
discrimination, that is, an itemwhose discrimination index is
0.Therefore, the discrimination index of an item is estimated
by the correlation coefficient between the item score and



Mathematical Problems in Engineering 3

0

0.2

0.4

0.6

0.8

1

−4 −3 −2 −1 0 1 2 3 4

Pr
ob

ab
ili

ty
 o

f c
or

re
ct

 re
sp

on
se

Ability (𝜃)

Figure 1: Item characteristic curve.

the total score of examinees. The formula for the correlation
coefficient that estimates itemdiscrimination is shown below:

𝑟 =

𝑁∑𝑋𝑌 − ∑𝑋∑𝑌

√𝑁∑𝑋
2
− (∑𝑋)

2
√𝑁∑𝑌

2
− (∑𝑌)

2

, (2)

where𝑁 is the total number of examinees,𝑋 is the item score
of each examinee, and 𝑌 is the total score of each examinee.

2.1.2. Item Response Theory. Item response theory does not
analyze an item based on the total test score, but, as each has
an invariable unique trait, it is a test theory that analyzes the
item based on the item characteristic curve (hereinafter ICC)
indicating this attribute. Therefore, in item response theory,
one of the most important concepts is the item characteristic
curve. The ICC is a curve indicating the probability of
correctly answering an item as shown in Figure 1.

In Figure 1 the horizontal axis is the ability, a potential
characteristic of a person, designated as 𝜃.The person’s ability
ranges between almost none and infinitely high, but it was
standardized and converted into a score with the mean being
zero (0) and the standard deviation being one (1). Therefore,
95% of all examinees are between −1.96𝜃 and +1.96𝜃 for
the ability range. In general, when the item characteristic
curve is drawn, the horizontal axis, which indicates ability,
ranges between −3 and +3 because the ability of almost all
the examinees is in this range. The vertical axis indicates
the probability of correctly answering an item depending on
ability and ranges between 0.0 and 1.0.

Item response data is used for simulation studies based
on IRT. IRT is a test theory for measuring the characteristics
(𝜃) of examinees, which consists of the difficulty and dis-
crimination of evaluation items based on the responses to
the evaluation items. The key characteristic of IRT is that,
when parameters, such as personal ability and item difficulty,
are calculated, it approaches individual evaluation items
probabilistically with discrete results like correct answers.
That is, mathematical models are applied to test data [31].

In the IRT model 𝜃 is used to indicate the estimated
latent trait capability of examinees as measured by test items.

A variety of IRT models have been developed. This paper is
based on two parameters. According to IRT, the higher the
ability (𝜃) of examinees, the higher the probability of correctly
answering an item. In the two-parameter logistic IRT model,
the probability of examinees correctly answering an item is
defined as follows:

𝑃
𝑖
(𝜃
𝑗
) =

1

1 + 𝑒
−𝐷𝑎𝑖(𝜃𝑗−𝑏𝑖)

, (3)

where 𝑒 is mathematical constant, 𝑖 is the number of items
(𝑖 = 1, 2, 3, . . . , 𝑛), 𝑗 is examinees (𝑗 = 1, 2, 3, . . . , 𝑛), and 𝑎

𝑖

is discrimination of item 𝑖. At 𝜃
𝑗
= 𝑏
𝑖
, it is proportionate to

the slope of the item response function. 𝑏
𝑖
is the difficulty of

item 𝑖. 𝜃
𝑗
is ability of examinee 𝑗, 𝑃

𝑖
(𝜃
𝑗
) is the probability that

examinee 𝑗, who has 𝜃
𝑗
ability, will respond correctly to item

𝑖, and𝐷 is a scaling factor of 1.702.

2.2. Monte Carlo Method. The Monte Carlo method is a
concept contrary to deterministic algorithms. It is a sort of
randomized algorithm that uses random numbers to calcu-
late the value of a function [32]. As the algorithm includes
many iterative operations and calculations, Monte Carlo is
suitable for computer calculations. Monte Carlo method is
one of the techniques for randomly selecting (sampling) the
values for simulation from a probability distribution. It is also
known as a simulated sampling technique. The advantage of
Monte Carlo method is that it generates a random number
for a condition corresponding to the input, examines all
possible cases, and supports decision-making by providing
the distribution and statistics resulting from the output.

Accordingly, Monte Carlomethod is amethod of approx-
imating the desired solution or law by using randomnumbers
to create data and synthesizing the manipulated results of
sufficient numbers or random experiments when a certain
problem is given. In the field of educational evaluation,Monte
Carlo method is also used to generate item response data of
examinees [33].

2.3. Genetic Algorithm

2.3.1. The Genetic Algorithm Process. The GA is one of the
techniques used for probabilistic investigation, learning, and
optimization. It is based on two salient theories of genetics.
One is Charles Darwin’s theory of survival of the fittest; that
is, those individuals who adapt well to nature will survive,
and those who do not will die out, and the other is Mendel’s
law; that is, the traits of descendants are inherited from
the genes received from both parents [34]. The genes in
the chromosomes of higher forms of life use crossover and
mutation to evolve to an optimal state with each passing
generation.This GAwas created as part of an effort to use this
law to search for optimal solutions. The GA uses the solution
set, not single solutions, in the solution space. Accordingly,
the GA has the following advantages: the ability to increase
the possibility of global optimization and the ability to define
the performance index or evaluation function as intended by
the designer.

To search for the optimal solution, multiple individuals
will be generated; that is, solutions will be randomly selected
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from the solution set.This is called the initial population that
is searched in order to find a solution through iterative selec-
tion, crossover, and mutation. To select excellent individuals,
the evaluation function is used to evaluate how identical
each individual is to the desired solution. Selection methods
include the roulette wheel selection method, the expected-
value selection method, the ranking selection method, and
the tournament selection method.

In a study looking for an optimal solution through a GA,
how to represent the optimal solution to a problem as a single
individual and determining the standard for measuring how
suitable each individual is to the desired optimal solution
(i.e., the definition for the evaluation function) are the most
important problems. And as the parametric values may affect
the results, values will be predetermined for the GA. The
procedure for the GA, which has been explained so far, is
shown below [35].

Step 1 (generating the initial population). One of the poten-
tial solutions to a problem is randomly selected and becomes
an individual, and several individuals combine to become the
population.

Step 2 (evaluating and ending the test). Use the evaluation
function to calculate the fitness value of one individual. If the
number of iterations (𝑛) reaches the maximum, end the test.

Step 3 (selection). Increase the probability of selecting indi-
viduals with a high fitness value and sample with replacement
to reproduce the population.

Step 4 (genetic operators). Turn the selected individuals into
a population with new information through crossover and
mutation.

Step 5 (iteration). Replace the population having the new
information with the initial population; then go back to
Step 2.

2.3.2. The Genetic Algorithm Process. The GA has been
frequently used to search for optimal paths, integrate data
mining techniques, and determine optimal input variables.
Among them, the studies on test data generation for software
testing generate simulation data. In order to reduce the cost
of manual software testing and concurrently increase the
reliability of the testing processes researchers have tried to
automate it [36].

The GA is more efficient than random testing in generat-
ing test data.Their efficiency will be measured as the number
of tests required to obtain full branch coverage [19]. Srivastava
and Kim [20] presented a method for optimizing software
testing efficiency by identifying themost critical path clusters
in a program using the GA to optimize the software path
clusters. By identifying the most critical paths, testing effi-
ciency can be increased. Singh [21] presented an algorithm for
automatic generation of test data to satisfy path coverage and
a basic process flow for generating test cases for path testing
using the GA. His results show the efficiency of test data in
terms of execution time and how it generates more effective

test cases. Sharma et al. [22] presented a survey using a GA
approach to address the various issues encountered during
software testing and reported the results which showed that
the performance of testing can be improved.

In the field of educational evaluation, some studies use
the GA for test sheet composition. First, Hwang et al. [23]
proposed two GAs to cope with the test sheet-generating
problems. Experimental results show that test sheets with
near-optimal discrimination degrees can be obtained in a
much shorter time by employing GAs to the test sheet-
generating problems. Lee et al. [37] applied the immune
algorithm to test sheet problems in an attempt to improve the
efficiency of composing near-optimal test sheets from item
banks to meet multiple assessment criteria.The experimental
results indicated that the immune algorithm is quite suitable
for composing near-optimal test-sheets from large item
banks. Li et al. [38] proposed a GA with an effective floating-
point number coding strategy to generate a high quality
test-sheet. In the experiment, the execution time, success
ratio, and solution quality were compared to evaluate the
performance of the proposed algorithm. Experimental results
show that high quality test-sheets can be obtained in a much
shorter time by employing a GA to test-sheet problems than
other approaches. Xiong and Shi [25] presented the issue of
test sheet generation andproposed amathematicalmodel and
object function applying a GA to the issue of generating a test
sheet for improving the quality of test sheets.

Second, Ou-Yang and Luo [26] improved traditional
GAs and proposed a method of dynamically generating test
sheets based on learners’ learning situations.The experiments
showed that speed and efficiency of composing test sheets that
are more suitable for testing students’ knowledge level were
improved. Duan et al. [39] proposed an adaptive test sheet
generation mechanism for determining candidate test items
and conceptual granularities according to desired conceptual
scopes, and an aggregate objective function applies the GA to
find an approximate solution of mixed integer programming
problem for test-sheet composition. Experimental results
show that the adaptive test sheet generation mechanism
can efficiently and precisely generate the various test sheets
than the existing approaches in terms of various conceptual
scopes, computation time, and item exposure rates. Previous
studies found that theGA is effective in generating simulation
data for software testing and composing test sheets.

3. Research Method

3.1. Dataset. This study evaluated the validity of the algo-
rithms for generating item response data by comparing the
item response data generated for simulation studies with
real item response data. To this end, first, the difficulty and
discrimination of each item based on the real item response
data of students were calculated and sorted into criteria
for comparison. The real data used for this study is the
item response data consisting of 36 items. A total of 7,624
people participated in the study. We used four approaches to
generating item response data to verify the effectiveness of the
GA:
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Figure 2: The four approaches to generating item response data.

(1) using only random method (hereinafter RA) to gen-
erate item response data;

(2) randomly generating initial population while using
the GA (hereinafter GARA):

randomly generating the initial population and
using the GA based on real item parameters to
generate item response data;

(3) using only Monte Carlo (hereinafter MC) to generate
item response data:

using MC based on actual item parameters to
generate item response data;

(4) using the GA to generate the initial population with
Monte Carlo (hereinafter GAMC):

using Monte Carlo based on real item param-
eters to generate item response data and then
using the GA to generate item response data.

The four approaches to generating item response data are
shown in Figure 2.

To check if the generated item response data is similar to
real item response data, root mean square error (hereinafter
RMSE) was used as the measure for difficulty and discrim-
ination based on classical test theory, and Kullback-Leibler
divergence (hereinafter KLD) was used as the measure for
difficulty and discrimination based on item response theory.
The evaluation method is described in detail in Section 4.
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Figure 3: Item response data and chromosome structure design.

3.2. Chromosome Structure. The purpose of this paper is to
generate item response data most similar to actual data. The
first step of using the GA to find the optimal solution is to
define the chromosome structure. As the optimal solution
found by the GA is the item response data, it must be possible
to express the item response data as a chromosome structure
[35]. Item response data is generally configured as a two-
dimensional array. As show in Figure 3, an item response
data is defined as 𝑛 × 𝑚 matrix. A two-dimensional array as
𝑛 × 𝑚 matrix can be presented as 𝑛𝑚-tuple for constructing
a chromosome structure. It will be possible not only to use
the item response data to obtain the final score of examinees,
but also to get the parameters of each item (item difficulty,
discrimination, and guessing). The array’s columns represent
the items of a test and the array’s rows represent individual
examinees. 𝑐

𝑖𝑗
indicates the response of examinees 𝑖 (1, . . . , 𝑛)

on item 𝑗 (1, . . . , 𝑚) as

𝑐
𝑖𝑗
=

{

{

{

1: Examinee 𝑖 answers item 𝑗 correctly,

0: Other cases.
(4)
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The item response data is based on the responses made
by 𝑛 examinees to the questionnaire consisting of 𝑚 items.
In this paper, the item response data was converted into
bit-strings and the chromosome structure was defined as
shown in Figure 3.The item response data with 𝑛×𝑚matrix,
consisting of 𝑛 examinees and 𝑚 items, was converted into a
chromosome made up of 𝑛𝑚 bits, and the 𝑛𝑚-dimensional
item response data was generated as a chromosome.

3.3. Fitness FunctionDesign. Thefitness function is ameasure
index applied to judge the quality of the generated item
response data for the GA. Most studies, which apply GAs
to an item response data, used item difficulty and item
discrimination, that is, information on item characteristics, in
applying the fitness function [11]. In order to compare an item
response data based on the pretest results, the item difficulty
and item discrimination of the real item parameters must be
considered simultaneously to determine the fitness function.
In this paper, the fitness function design is based on item
difficulty and item discrimination:

DiscErr =
𝑛

∑

𝑖

√(𝑎
𝑖
− 𝑎
𝑖
)
2
,

DiffErr =
𝑛

∑

𝑖

√(
̂
𝑏
𝑖
− 𝑏
𝑖
)

2

,

(5)

where 𝑎, ̂𝑏 are the real discrimination and difficulty of
the item, 𝑎 and 𝑏 are the discrimination and difficulty,
respectively, derived from the generated item response data,
𝑖 is the item number, and 𝑛 is the total number of items.

This study defined the fitness function as the sum of the
discrimination error and difficulty error as follows:

Fitness = DiffErr + DiscErr. (6)

3.4. Initial Population. In general, the size of the initial pop-
ulation varies depending on the complexity of the problem to
solve. The initial population size in this study is set as 20 for
the generation of a set of items response data. This study set
the size of the initial population as 20. The two methods of
setting initial chromosomes for experiments are (1) random
and (2)Monte Carlo.

3.4.1. Randomly Generating the Initial Population. The algo-
rithm for randomly generating the initial population accepts
the number of items, the number of examinees, and the
probability of answering an item correctly as input values.
Random values are generated in a 𝑈(0, 1) distribution. The
number randomly generated in the uniform distribution is
compared with the probability value entered as the probabil-
ity of correctly answering the item. If the value of the number
randomly generated in the uniform distribution is smaller
than the resulting value of (2), it means that examinees
correctly answered the item, and 1 is entered in 𝑢

𝑖𝑗
. If the

above number is greater than the resulting value, examinees
do not know the correct answer of the item, so 0 is entered in
𝑢
𝑖𝑗
. Randomly generating the initial population is shown in

Algorithm 1.

Start

Generate initial population
with 30 chromosomes

t = 1

Yes
No

End

Return optimal chromosome

t ≤ tmax

t = t + 1

Evaluate chromosomes Generate new population
with 30 chromosomes

Crossover Mutation

Select top 10 chromosomes
according to ranking selection

Figure 4: Flowchart of a GA.

3.4.2. Using Monte Carlo to Generate the Initial Popula-
tion Data. The Monte Carlo method accepts the ability of
examinees (𝜃), item difficulty, and discrimination as input
values. If item parameters and examinees’ ability are set,
the probability of the examinees’ correctly answering each
item will be determined. To specify whether examinees will
answer each item correctly or incorrectly, generate a random
number from the 𝑈(0, 1) distribution. Compare the number
randomly generated from the uniform distribution with the
result of (2). If the value of the value randomly generated
from the uniformdistribution is smaller than the result of (2),
it means that examinees answered the item correctly, so 1 is
entered in 𝑢

𝑖𝑗
. Otherwise, enter 0 in 𝑢

𝑖𝑗
. In this way calculate

the item response data for each examinee. See Algorithm 2.

3.5. Genetic Operation. The process of the GA is shown in
Figure 4.

3.5.1. Selection. Selection operators model the phenomenon
of natural selection; that is, well-adapted individuals survive
and generate the next generation while ill-adapted indi-
viduals die out. Selections are made based on the fitness
function, and though there are several selection methods,
the basic principle is that individuals with a higher level of
fitness will have more opportunities to be generated in the
next generation. There are various selection methods that
are widely used, such as the fitness proportionate selection
method, the roulette wheel selection method, the expected-
value selection method, the tournament selection method,
and the elitist preservation selection [35].This paper adopted
the ranking selection method. The fitness of 30 individual
chromosomes was calculated, with the top 10 chromosomes
in terms of fitness left and carried over to the next generation.

3.5.2. Crossover. Crossover is used to generate new indi-
viduals by partially exchanging chromosomes between two
individuals. Therefore, generation of individuals with better
solutions through crossover is expected. In general, crossover
is done when individuals exchange some genes. Depending
on the types of coded genes, crossover can be defined differ-
ently. This study adopted the multipoint crossover method.
Multipoint crossover involves two or more intersections.
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Input: number of items (𝑛), number of examinees (𝑚), probability of being correct (𝑝)
Output: item response data (𝑢)
(1) for all 𝑖

𝑚
∈ 𝐼 do

(2) for all 𝑠
𝑛
∈ 𝑆 do

(3) 𝑔 = Rand(0∼1) /∗Generate a random real number between 0 and 1 ∗/
(4) if 𝑔 < 𝑝 then
(5) 𝑢

𝑛𝑚
← 1

(6) else
(7) 𝑢

𝑛𝑚
← 0

(8) return 𝑢

Algorithm 1: Random generation (RG).

Input: number of items (𝑛), number of examinees (𝑚), item parameter vector (a: discrimination, b: difficulty), ability of
examinees (𝜃)
Output: item response data (u)
(1) for all 𝑖

𝑚
∈ 𝐼 do

(2) for all 𝑠
𝑛
∈ 𝑆 do

(3) 𝑔 = Rand(0∼1) /∗Generate a random real number between 0 and 1 ∗/
(4) 𝑝 ← 1/(1 + 𝑒

−1.7∗𝑎∗(𝜃−𝑏)
)

(5) if 𝑔 < 𝑝 then
(6) 𝑢

𝑛𝑚
← 1

(7) else
(8) 𝑢

𝑛𝑚
← 0

(9) return 𝑢

Algorithm 2: Monte Carlo generation (MG).

Child

Parent 1

Parent 2

0 1 0 1

0 0 1 1

0 0 1 1

0 1 0 1

Child 1

2

· · ·

· · ·· · ·

· · ·

Figure 5: Crossover operation between two chromosomes.

Two columns are randomly set up as intersections. Figure 5
illustrates a crossover where there are two intersections. In
this study, 10 chromosomes, selected in the selection stage,
were paired, crossover was done, and 10 new chromosomes
were generated.

3.5.3. Mutation. As the population is generated repeatedly,
the childrenwill become similar to the population.As a result,
even if crossover is conducted, new individuals may not be
generated at times. Mutation makes up for the limitations
of crossover. Mutation is used to apply a certain mutation
probability to the genes of individuals and change the value
of the alleles. It is a kind of local random search that
generates new individuals. Specifically, mutation randomly
picks a certain point in the chromosomes and changes its
property. For example, if the selected value is 0, it will be
changed to 1, and if it is 1, it will be changed to 0. This is
illustrated in Figure 6; if two bits are chosen as mutation bit,
the component values of each bit will be changed according

0 1 1

0 1 0

0 0 1

1 0 1

Parent 1

Child 1

· · ·

· · ·

Figure 6: Mutation operation.

to the probability of the mutation rate. For the purposes of
this study, the mutation rate was set as 0.05.

4. Results and Discussion

The classical test theory is a method of using examinees’
total scores to analyze items. The procedure is fairly straight-
forward and estimation can be calculated easily, but it
has a weakness: depending on the characteristics of the
group of examinees, the parameters of items (difficulty and
discrimination) vary. According to item response theory, as
the unique characteristics of an item are revealed because
the estimated item parameters are unchanged due to the
characteristics of the group of examinees, the precision of
item analysis and estimation of examinees’ ability will be
enhanced. Accordingly, this study used not only the item
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parameters based on classical test theory, but also item
parameters based on the item response theory tomeasure the
accuracy of the algorithm.

According to classical test theory and item response
theory, item analysis was conducted with regard to the item
response data derived by the four methods (RA, GARA, MC,
and GAMC), and the difficulty and discrimination of each
item were obtained. We compared the real item parameters
and the generated item parameters and carried out two
experiments to evaluate the results of generated item response
data by four approaches.

As a method of comparing item parameters, (1) RMSE
was used for item parameters based on classical test theory,
and (2) KLD was used for item parameters based on item
response theory.

4.1. Measure Method

4.1.1. RootMean Square Error. WeadoptedRMSE to compare
item parameters based on classical test theory. RMSE is used
when handling the difference between the estimated value
(i.e., value predicted by a model) and the value observed
in real-life situations. In RMSE, each difference is called a
residual, and RMSE is used when residuals are synthesized
with a single measure [40]. The RMSE of a prediction model
with respect to the estimated variable 𝑋 model is defined as
the square root of the mean squared error:

RMSE =
√
∑
𝑛

𝑖=1
(𝑋obs,𝑖 − 𝑋model,𝑖)

2

𝑛

,
(7)

where 𝑋obs is the observed values and the 𝑋model is the
modeled values for item 𝑖.

4.1.2. Kullback-Leibler Divergence. We adopted the KLD as
a measure for comparing item parameters based on item
response theory. As with the method based on classical
test theory, RMSE may also be used for comparing the
difference between the real value and the estimated value
of item parameters based on item response theory. How-
ever, unlike item parameters based on classical test theory,
item parameters based on item response theory include the
ability of the examinees. Accordingly, rather than simply
comparing real values and observed values, as it is possible
to consider the ability of examinees when the probability
distribution obtained by parameters is compared, a more
accurate comparisonwill be possible. KLD is used to calculate
the difference between the two probability distributions [41].
Given the probability distributions 𝑃 and 𝑄 for two random
variables, the KLD of the two distributions is defined as
follows:

𝐷KL (𝑃 ‖ 𝑄) = ∑

𝑖

𝑃 (𝑖) log 𝑃 (𝑖)

𝑄 (𝑖)

, (8)

where 𝑃(𝑖) is the random variable of the real item and 𝑄(𝑖) is
the random variable of the generated item.

RMSE compares the value difference between two finite
groups composed of discrete components. In other words,

the size of the value of RMSE is proportionate to not only the
difference of each element, but also the number of elements.
As the ICC based on the item response is a continuous
probability variable, however, it has infinite elements, so
we need to convert it into a discrete random variable for
computer calculations. For a discrete random variable to be
similar to a continuous random variable, we may increase
the sampling size, but the computation cost will increase
proportionately. For this study we calculated KLD for 400
sample points at an interval of 0.02 between −4 and 4 to
handle the ICC as a discrete random variable. As RMSE and
KLD are different from each other in terms of sample size, the
values obtained using respective measurement methods are
used to compare relative differences from the standard value
within respective measurement methods.

4.2. Comparison of Item Parameters Based on Classical Test
Theory. Table 1 illustrates the real item parameters of 36
items and the item parameter values obtained using the four
methods (RA, GARA,MC, andGAMC). As shown in Table 1,
the RMSE value of GAMC is 1.25, that of MC is 5.32, that
of GARA is 14.56, and that of RA is 14.64. In the item
response data, generated by Monte Carlo, difficulty was 1.07
and discrimination 4.25.The difference of discriminationwas
greater than that of difficulty. This seems to be because only
the probability of examinees with a certain level of ability
correctly answering the itemwas considered and also because
the total scores of the examinees and the total score of other
examinees were not considered when item response data
was generated according to the Monte Carlo method. If the
total score of examinees who correctly answered a certain
item is high and that of examinees who incorrectly answered
the item is low, the item has a high level of discrimination.
Accordingly, if the total score of examinees is low, we should
increase the probability of being correct for items with a
low level of discrimination, and if discrimination is high,
we should lower the probability of being correct so that it
will be similar to real discrimination. As total scores are not
considered in approaches using only Monte Carlo, however,
there seems to be a large difference in discrimination.

When we used Monte Carlo to set the initial population
and applied GAs, difficulty was lowered from 1.07 to 0.41,
and discrimination was reduced from 4.25 to 0.84. It turned
out that GAs made these values converge on the real item
parameters. In other words, given an arbitrary item response
data, it can be confirmed that real item response data will be
found through crossover and mutation.

4.3. Comparison of Item Parameters Based on Item Response
Theory. In item response theory, we can derive the item
characteristic curve (ICC) by using the difficulty and discrim-
ination values. The item characteristics curve is a probability
distribution that indicates the probability of examinees’
correctly answering items according to their abilities. The
curve is determined by difficulty and discrimination. Figure 7
shows four ICCs. The horizontal axis is scaled in units
of ability (𝜃) while the vertical axis is the probability of
answering the item correctly. As show in Figure 7, GAMC is
most similar to the item characteristic curve based on real
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Table 1: Real classical test theory parameters and parameters obtained by RA, GARA, MC, and GAMC.

Item
number

Real parameters RA GARA MC GAMC
𝛽 𝛼 𝛽 𝛼 𝛽 𝛼 𝛽 𝛼 𝛽 𝛼

1 0.50 0.37 0.49 0.21 0.49 0.21 0.51 0.49 0.50 0.39
2 0.38 0.37 0.50 0.22 0.50 0.21 0.32 0.46 0.36 0.39
3 0.57 0.46 0.50 0.22 0.50 0.22 0.59 0.61 0.56 0.45
4 0.51 0.36 0.49 0.18 0.49 0.21 0.52 0.48 0.51 0.29
5 0.45 0.33 0.50 0.23 0.50 0.22 0.43 0.44 0.45 0.34
6 0.74 0.46 0.50 0.19 0.50 0.20 0.80 0.56 0.77 0.48
7 0.72 0.38 0.49 0.20 0.49 0.21 0.80 0.48 0.75 0.39
8 0.62 0.57 0.51 0.19 0.51 0.19 0.64 0.69 0.61 0.58
9 0.42 0.35 0.50 0.23 0.50 0.23 0.39 0.48 0.42 0.37
10 0.75 0.43 0.50 0.21 0.50 0.23 0.81 0.51 0.75 0.40
11 0.67 0.53 0.49 0.26 0.49 0.26 0.70 0.65 0.66 0.53
12 0.66 0.49 0.50 0.19 0.50 0.18 0.70 0.61 0.67 0.50
13 0.66 0.49 0.49 0.21 0.49 0.21 0.70 0.62 0.65 0.49
14 0.59 0.51 0.49 0.22 0.49 0.22 0.61 0.65 0.59 0.53
15 0.62 0.44 0.50 0.23 0.50 0.22 0.66 0.58 0.62 0.44
16 0.68 0.52 0.49 0.23 0.49 0.24 0.73 0.65 0.69 0.52
17 0.75 0.59 0.50 0.19 0.50 0.18 0.78 0.69 0.73 0.59
18 0.63 0.51 0.50 0.21 0.50 0.21 0.66 0.64 0.63 0.52
19 0.43 0.42 0.50 0.23 0.50 0.23 0.41 0.53 0.43 0.44
20 0.79 0.50 0.49 0.23 0.49 0.23 0.83 0.58 0.81 0.51
21 0.46 0.47 0.49 0.23 0.49 0.23 0.44 0.58 0.44 0.47
22 0.41 0.34 0.49 0.20 0.49 0.20 0.38 0.45 0.41 0.35
23 0.58 0.52 0.50 0.22 0.50 0.21 0.60 0.66 0.58 0.53
24 0.73 0.56 0.50 0.21 0.50 0.20 0.77 0.67 0.72 0.52
25 0.76 0.59 0.49 0.21 0.49 0.22 0.79 0.67 0.61 0.30
26 0.52 0.41 0.50 0.18 0.50 0.18 0.52 0.55 0.52 0.37
27 0.76 0.61 0.50 0.23 0.50 0.27 0.78 0.71 0.74 0.55
28 0.48 0.32 0.49 0.21 0.49 0.21 0.47 0.44 0.47 0.34
29 0.57 0.56 0.49 0.21 0.49 0.23 0.59 0.70 0.57 0.57
30 0.73 0.59 0.49 0.21 0.49 0.20 0.76 0.70 0.72 0.59
31 0.67 0.60 0.50 0.24 0.50 0.24 0.69 0.73 0.67 0.61
32 0.77 0.56 0.49 0.19 0.49 0.20 0.81 0.66 0.77 0.55
33 0.58 0.57 0.49 0.23 0.49 0.23 0.60 0.70 0.58 0.58
34 0.66 0.50 0.50 0.21 0.50 0.21 0.69 0.64 0.66 0.51
35 0.58 0.54 0.50 0.20 0.50 0.20 0.60 0.68 0.58 0.56
36 0.52 0.56 0.50 0.23 0.50 0.23 0.53 0.69 0.53 0.57

RMSE 4.95 9.69 4.95 9.61 1.07 4.25 0.41 0.84
14.64 14.56 5.32 1.25

data. It is clear that the initial item response data, generated
by MC, approaches the real item response data through
GAs. The GARA shows the greatest difference, and the item
response data approaches the real item response data in the
initial population, but the speed of convergence is noticeably
slow. The real item parameters based on the item response
theory and item parameters based on the three methods are
shown in Table 2.

Even if the GA is applied, themethod of randomly setting
the initial population was least accurate in both the classical
test theory and item response theory. If the initial population
is good inGAs, the probability of finding the optimal solution
will increase [42, 43]. As shown in the table, if the initial
population was generated randomly, difficulty was the value
set as the probability for correctly answering all items. In this
study, we randomly set it as 1/2, and, as a result, difficulty
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converges to 0.5 with regard to all items. If the GA is applied
to the initial population, fitness is reduced gradually, but the
speed of convergence is slow.

4.4. Comparing the Speed of Convergence of the Fitness Func-
tions inGAs. Table 3 presents the variation of fitness function
values in accordance with generations increase in GARA and
GAMC. Figure 8 illustrates the graph comparing the degree
of fitness change by generation in GAs. GAMC converges
to a certain value when the generation value reaches 50 if
the fitness value rapidly decreases initially as generations
increase. In contrast, in the GARA, fitness converges, but
convergence speed is noticeably slow.The twomethods apply
the same algorithms, but the only difference lies in the
method of setting the initial population.That is, the difference

in the initial population affects the speed of finding optimal
solutions in GAs.

As a matter of fact, the score distribution of examinees is
a normal distribution, so there are many examinees around
the mean, and the number of examinees diminishes as the
total score increases or decreases. In the real item response
data, there are examinees with diverse scores. However, if
the population is randomly initialized, data will be uniformly
distributed, and the uniform distribution will increase uncer-
tainty. Saroj et al. [44] also mentioned that the poor initial
population increases the running time for seeking optimal
solutions. In other words, in this study, the initial population
must be set up with various data so that the speed of finding
optimal solutions can be improved. Accordingly, if item
response data is generated using the GA, setting up the initial
value according to the distribution of known item response
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Table 2: Real item response theory parameters and parameters obtained by RA, GARA, MC, and GAMC.

Item number Real parameters RA GARA MC GAMC
𝛽 𝛼 𝛽 𝛼 𝛽 𝛼 𝛽 𝛼 𝛽 𝛼

1 0.060 0.713 0.200 0.148 0.198 0.149 1.114 0.210 0.050 0.790
2 0.826 0.762 0.075 0.191 0.077 0.185 1.234 0.173 0.774 0.891
3 −0.247 1.022 0.097 0.186 0.097 0.196 1.635 0.183 −0.260 0.988
4 −0.011 0.675 0.232 0.130 0.120 0.172 1.057 0.241 −0.013 0.523
5 0.399 0.633 0.046 0.210 0.050 0.192 0.968 0.147 0.374 0.668
6 −1.110 1.143 0.047 0.145 0.048 0.142 1.733 0.181 −1.221 1.229
7 −1.251 0.842 0.228 0.160 0.165 0.179 1.310 0.174 −1.439 0.880
8 −0.392 1.507 −0.228 0.127 −0.211 0.137 2.209 0.161 −0.378 1.567
9 0.583 0.678 0.023 0.186 0.020 0.214 1.160 0.192 0.513 0.767
10 −1.204 1.046 0.019 0.165 −0.017 0.185 1.492 0.223 −1.363 0.935
11 −0.644 1.321 0.151 0.246 0.145 0.257 2.001 0.179 −0.650 1.314
12 −0.674 1.132 0.150 0.130 0.153 0.127 1.731 0.215 −0.721 1.192
13 −0.673 1.138 0.153 0.165 0.153 0.165 1.761 0.219 −0.662 1.151
14 −0.345 1.183 0.314 0.189 0.309 0.192 1.865 0.164 −0.348 1.282
15 −0.530 0.971 0.097 0.186 0.101 0.177 1.503 0.202 −0.564 0.950
16 −0.705 1.339 0.246 0.161 0.244 0.163 2.004 0.206 −0.764 1.281
17 −0.878 1.888 0.044 0.145 0.048 0.131 2.696 0.193 −0.861 1.717
18 −0.489 1.214 0.055 0.174 0.054 0.176 1.859 0.202 −0.497 1.277
19 0.471 0.851 0.102 0.192 0.101 0.194 1.371 0.203 0.390 1.015
20 −1.170 1.521 0.116 0.196 0.115 0.199 2.114 0.196 −1.315 1.495
21 0.287 1.037 0.185 0.192 0.176 0.195 1.646 0.212 0.304 1.126
22 0.661 0.668 0.185 0.139 0.183 0.141 1.067 0.138 0.607 0.708
23 −0.277 1.245 −0.071 0.209 −0.071 0.208 1.928 0.166 −0.284 1.284
24 −0.870 1.629 0.128 0.152 0.131 0.149 2.367 0.132 −0.914 1.336
25 −0.900 1.989 0.119 0.187 0.113 0.197 2.705 0.189 −0.836 0.528
26 −0.029 0.841 0.159 0.126 0.146 0.137 1.360 0.215 −0.068 0.738
27 −0.875 2.170 0.088 0.187 0.061 0.300 3.053 0.701 −0.930 1.505
28 0.237 0.585 0.257 0.158 0.260 0.156 0.940 0.191 0.259 0.659
29 −0.229 1.436 0.221 0.182 0.153 0.211 2.278 0.223 −0.223 1.469
30 −0.804 1.897 0.347 0.171 0.350 0.169 2.733 0.241 −0.785 1.679
31 −0.570 1.813 0.028 0.225 0.029 0.222 2.723 0.189 −0.574 1.707
32 −0.984 1.872 0.166 0.130 0.163 0.132 2.687 0.189 −1.076 1.567
33 −0.242 1.476 0.160 0.208 0.164 0.204 2.326 0.254 −0.240 1.541
34 −0.629 1.198 0.092 0.178 0.093 0.176 1.864 0.191 −0.662 1.210
35 −0.259 1.355 −0.030 0.160 −0.030 0.158 2.104 0.205 −0.251 1.407
36 −0.024 1.446 0.012 0.172 0.012 0.180 2.292 0.213 −0.045 1.520

KLD 810.08 779.37 88.29 55.97

data seems to be more effective than randomly determining
the initial population.

5. Conclusion

The purpose of this study is to prove the effectiveness of
the GA in generating item response data. To this end,
we compared the item response data we generated using
conventional Monte Carlo method with the item response
data we generated using the GA. As comparison methods,
we used RMSE for item parameters based on classical test
theory and applied KLD to item parameters based on item

response theory to compare the differences in the probability
distribution.

The experiment results showed that theGA can be used to
effectively create item parameters of generated item response
data similar to real item parameters. Even though GAs are
used, if the initial population is randomly set up, however,
it was confirmed that the convergence speed is slow. As the
random method does not guarantee the diversity of genes
in two-dimensional item response data, the running cost for
finding optimal solutions will increase. If the GA is applied
for generating an item response data, it turned out to be most
effective to set up the initial population with Monte Carlo
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Table 3: Variation of fitness function value.

Generation GARA GAMC
1 16.2200 5.2779
10 16.2180 2.9801
20 16.2157 2.0759
30 16.2124 1.9571
40 16.2108 1.8969
50 16.2072 1.8909
60 16.2051 1.8890
70 16.2024 1.8890
80 16.2011 1.8890
90 16.2008 1.8890
100 16.1974 1.8890

and then apply the GA. In other words, the item response
data, generated by the Monte Carlo, can be thought of as
having gone through a process of seeking optimal solutions
through the GA. This study found that we must use the GA
to generate data similar to real item response data, but we
must use Monte Carlo to generate the initial population.This
study is meaningful in that we found that the GA contributes
to generating more realistic data for simulation.
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