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Abstract

In previous language teaching studies, there were still
some issues that have rarely been discussed or been of
concern. One of the issues is the limitation to provide the
appropriate test items according to the degree of the
students’ capability in computerized adaptive testing.
However, the difficulty level of a test item relies on
expert judgment, which it is too time-consuming and
expert-dependent. In order to effectively achieve
automatic adjustment of the difficulty levels of test items
to implement computerized adaptive testing, an attempt is
made to address this issue by developing an adaptive
English learning platform. This platform was used to
analyze the difficulty levels of the items along with 162
individual ability values from the massive data of the
53,191 item answer records. The research results showed
that analyzing the records using big data analysis and the
item response theory enables the platform to
automatically determine and adjust the difficulty levels of
the items and to provide the fitting test items that match
learner capabilities in computerized adaptive testing.
Therefore, teachers do not have to manually adjust the
difficulty levels of the test items. In addition, students can
use computerized adaptive tests to improve their learning
performance.

Keywords: Item difficulty Index, Item response theory,
Computerized adaptive testing

1 Introduction

Currently, combinations of information technology
and education being commonly used in teaching [1-2].
Furthermore, the introduction of information
technology can enhance adaptive learning, since it
allows students to have more learning opportunities [3-
4]. In addition, Tseng [21] indicated that online tests
are more convenient than traditional paper and pencil
tests (P&P tests). Many studies have confirmed that the

combination of appropriate digital learning tools and
materials can promote learning motivation in students
[23-25] and enhance their learning performance in
English courses [26]. Through the convenience of
online platforms, teachers can effectively evaluate and
monitor students’ academic performance virtually [27].

Although online tests can bring learning benefits to
English courses, they may also cause some problems
related to English learning. One of the issues is
whether the level of the test items in online tests is
consistent with the learner’s ability level. To better
implement adaptive online testing, computerized
adaptive testing (CAT) has been developed to resolve
issues where traditional computerized tests use
inappropriate test items. In addition, CAT makes full
use of computer operations, storage, and transmission
to dynamically select test items that meet the current
ability of the examinee and provides test content
specific to the individual [5-6].

One of the important conditions for CAT to function
properly is estimating the difficulty of the test items
correctly, and the item response theory (IRT) is usually
used as the mathematical model to estimate the item
difficulty index [7]. It is not difficult to achieve
successful computerized adaptive testing if each test
item has already been given its corresponding
difficulty level. However, it is suggested here that
determining how to quickly adjust the difficulty of
individual test items among a large number of test
items has become a very difficult problem for CAT to
solve. In a test system with a large number of test items,
it may be difficult to obtain the number of pre-test
samples required by the IRT model for parameter
estimation of the test items, and when increasing the
test items, it is necessary to re-estimate the parameters
of the test items, which results in the generation of big
data that is difficult to analyze manually. To solve this
problem, it has become a trend to automatically
analyze big data [8]. Big data are currently an
important research field contributing to the development
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of internet and web technologies [9].

However, it was found here that the difficulty of
English grammar items could not be automatically
adjusted in previous studies, as well as the fact that the
test items in big data collected by online learning
platforms creates the biggest challenge related to
adjusting item difficulty. To solve the limitations of
previous research, in this study, an adaptive English
learning platform is developed, and a method to
automatically estimate an item difficulty index based
on IRT is proposed. A big data analysis of a large
number of test question answer records collected by
students on an adaptive English learning platform is
used to automatically adjust the difficulty index of each
test item.

Section 2 reviews and discusses the relevant
theoretical background; Section 3 introduces the
research methods of this study, including the adaptive
English learning platform developed by this study, the
formulation of test difficulty, and the experimental
methods; Section 4 describes the data analysis and
interpretation of the experimental results of this study;
Section 5 discusses and summarizes this study.

2 Literature Review

This section reviews and discusses the basic theory
and related applications of the test difficulty,
computerized adaptive testing, and the item response
theory. According to the survey of this study, no study
can automatically adjust the difficulty of test items
according to the students’ answer records and provide
appropriate questions according to the students’ ability
values to carry out computerized adaptive testing. The
following is a detailed overview of the application of
various theories and related research.

2.1 Item Response Theory

The item response theory (IRT) evaluates the ability
of the examinee or the position of a continuous range
of psychological dimensions, as based on the
information reflected by the test items, and is a
psychometric theory that describes the position of the
examinee’s ability level in the scale space according to
the examinee’s response to individual test items. In
addition, IRT uses item information to express the
accuracy of the test. The higher the amount of
information, the more accurate the test is to measure
the ability position. According to the local
independence assumption of IRT, the sum of all the
item information of an examinee on the test paper is
test information. This means that, when testing, it is
not necessary to provide the same test items to all the
examinees, meaning it can be used flexibly according
to individual needs, which makes the test more
efficient. This is the basic concept of CAT according to
the actual situation. The larger the amount of the

information provided by the test to the examinee, the
smaller the measurement error of the test to the
examinee, and the more accurate the ability position
estimation [10].

On the other hand, the commonly used estimation
methods of the ability parameters of the examinees are
Maximum likelihood estimation (MLE) method [29]
and Maximum a posteriori Bayesian (MAPB)
estimation [30]. The commonly used estimation
methods of the test items are Joint maximum
likelihood (JML) estimation [31], Marginal maximum
likelihood estimation [32], and Conditional maximum
likelihood estimation [33].

This study used the model proposed by Rasch [11].
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This model is expressed as p(X =1|6,b)=

Where X is the score of the subjects to answer an item.
For example, X=1 means the subject answers the item
response correctly, X=0 means the subject did not
answer the item response correctly; 0 is the ability
value of the subjects; b is the difficulty parameter of an
item.

2.2 Item Difficulty Index

There are two commonly used methods to estimate
the item difficulty index. First, the item difficulty index
can be expressed by the percentage of all the
examinees who answered correctly or passed the test
[12-13]. Second, the examinees can be ranked
according to the total score of the test, then the two
groups with the highest score and the lowest score can
be designated as the high score group and low score
group, and then, the percentage of the two groups who
answered correctly or passed a test can be calculated,
respectively. Finally, the average percentage of the two
groups can be taken as the item difficulty index. The
higher the P-value, the lower the degree of difficulty;
the smaller the P-value, the higher the degree of
difficulty [14-15].

2.3 Computerized Adaptive Testing

The traditional test method is to test all examinees
with the same set of test items; however, the same
items are not appropriate for some types of tests,
meaning it may be too difficult or too simple for
examinees with high or low abilities to test with the
same items. As it is impossible to accurately identify
the ability level of the examinees by testing with
inappropriate items, the significance of the test is lost.
In order to improve the weakness of traditional testing,
the basic concept of Computerized Adaptive Testing
(CAT) is to select the test items that are most suitable
for the current ability level of the examinees for testing.
Whenever an item is completed, the test system will
immediately evaluate the ability level of the examinee,
and take this evaluation as the basis for selecting the
next test item, that is to say, whether the examinee
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answers correctly or not will affect the difficulty of the
next test item. As CAT is a test method specially
designed for individuals, this dynamic selection
strategy can be used according to the ability level of
different examinees. Due to this dynamic selection
strategy, which determines the difficulty of test items
based on the ability level of the examinees, CAT can
shorten the test length and accurately evaluate the
ability level of the examinees, in order to achieve the
goal of testing according to individual ability [16-17].

Triantafillou, et al. [18] integrated the function of
computerized adaptive testing into mobile devices by
means of mobile technology to develop the CAT-MD
learning tool and explored the process of students’ use
of CAT-MD in physical subjects. The study showed
that CAT-MD can provide accurate results according
to the difficulty of the test items. In addition, the
advantage of using a mobile device is that it can be
operated anywhere. Cisar, et al. [19] used computer
adaptive tests to evaluate students’ knowledge of
program courses and compared the differences
between paper and pencil tests (P&P tests) and
computer adaptive tests. The research results showed
that students who use computer adaptive tests can get
higher scores. Compared with P&P tests, these students
are more able to maintain a good attitude in class, and
they experience less pressure in the computerized
adaptive test. It was pointed out that information
technology can provide more learning environments
for a second language and that computer adaptive
testing can adjust the range of questions according to
the survey of students [20]. Tseng [21] measured the
feasibility of evaluating the level of English vocabulary
knowledge through computerized adaptive testing, and
explored the differences between CAT and P&P tests.
The study showed that CAT can not only replace
traditional P&P tests but also perform better than P&P
tests in vocabulary estimation.

According to the previous discussion, most studies
have confirmed the effectiveness of CAT. However, in
studies focused on English education, there has been
no discussion of the application of grammar test items.
Also, determining how to adjust the difficulty of test
items based on student answers has not been deeply
discussed in studies on language learning, and
determining how to automatically adjust the difficulty
of a large number of test items is a challenge in
computerized adaptive testing. This study thus
provides an exploration of how to analyze and
automatically adjust item difficulty based on a large
amount of answer records, so as to solve the problem
of dynamic adjustment of test difficulty. In addition,
this study is intended to verify whether the ability
value automatically assessed by the CAT is the same as
the ability value obtained with the P&P tests in order to
calculate the accuracy of the system. Finally, this study
also provides an exploration of students’ English
learning performance.

The research questions addressed in this study are as
follows:

1. Through analyzing the answer records of the test
items through big data, is it feasible for the automatic
test item difficulty index estimation method to be used
in the CAT?

2. What is the degree of conformity between the
ability value automatically assessed by the CAT and
the ability value obtained using the P&P test?

3. Do students exhibit improved English learning
performance after they use the adaptive English
learning platform to conduct the CAT?

3 Method

This study developed an adaptive English learning
platform, in which CAT is based on IRT to design a
method for estimating an item difficulty index. By
analyzing students’ test records, the system can adjust
the difficulty index of each test in an automatic manner,
and then, automatically provide the appropriate test
difficulty according to students’ ability values to
achieve the purpose of CAT. Moreover, according to
the automatic adjustment method of the difficulty of
test items, this study can effectively analyze the answer
records of big data, spare the evaluation time of experts
and teachers, and expand the test item database at any
time to automatically estimate and quickly define the
difficulty of new test items.

3.1 Automatically Adjusting Item Difficulty
Index

In this study, 53,191 test answering records were
collected as the basis of the estimation method for the
item difficulty index, and the item difficulty index
could be divided into N levels. In addition, the ability
evaluation of the examinee was also considered in the
estimation process of the item difficulty index.
Therefore, before analyzing the answering records, this
study gives different expectation values according to
the model proposed by Rasch [11] for the right answer
probability of the following different ability values
corresponding to different test levels. The Eq. (1) is as
follows:

6-b,

R (1)
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The examinee of different ability values and the
difficulty index of a certain test item is expressed by
the correct answer rate, and the calculation is expressed
by Eq. (2).
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where Diff; is the abnormal rate of correct answers of
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group k whose difficulty index is level / in item i, R}
is the number of the correct answers in group k with
difficulty level / for item i, and N} is the total number
of group k with difficulty index level / for item i.

The sum of Diff; is the abnormal rate of correct

answers of group k£ when the difficulty index is level /
in item 7, and its calculation is expressed in Eq. (3).

Diff, :iDiffﬂk 3)

where Diff, is sum of the abnormal rate of correct

answers when the difficulty index is level /. When the
abnormal rate of correct answers of the difficulty index
of a test item is the smallest, it is the item difficulty
index of the test item, which is calculated by Eq. (4).
Where, D is the difficulty index of a test item.

Table 1. Example of the test items in the database

D = min(Diff,,, Diff,y. ... Diff,) )

3.2 Adaptive English Learning Platform

An adaptive English learning platform provides
1,517 English test items for students to engage in CAT.
Each test record is stored in the database by the
platform, including the number of correct answers,
number of test items, personal ability values, test time,
etc. In addition, the number of English searches and
vocabulary practice are recorded. This study divided
the test items and personal ability values into 9 levels,
ranging from 0.1 to 0.9. Table 1 is an example of the
test items in the database. These data include the
difficulty level of test items, number of correct answers,
number of incorrect answers, and the total answers.

. difficulty level of  number of correct number of incorrect number of
item # ; total answers .
test items answers answers adjustments
1 0.1 286 246 532 7
2 0.2 276 354 630 5
3 0.4 262 275 537 5
4 0.8 200 273 473 8
5 0.9 216 246 462 6

This platform is based on the IRT to design an
estimation method of the automatized item difficulty
index in order to achieve CAT. It provides grammar
and vocabulary tests, which comprise a total of 1,517
English test items. The grammar tests and vocabulary
tests are based on student ability values, meaning the
system automatically adjusts the difficulty index of the
test bank according to the students’ answer records to
realize the purpose of CAT.

3.3 Participants and Experiment Procedure

This study investigated 162 undergraduate students
in the department of computer science and information
engineering at a university in Taiwan. The researcher
conducted experiments and data collection in a
professional English course. The participants were 20
years old. The researcher and teacher coordinated the
experiments and the course. All students have a
background in  information engineering and
participated in the experiment voluntarily. In addition,
before the experiment, none of the participants had
engaged in CAT activities previously in a professional
English course.

The experimental procedure is shown in Figure 1.
The participants took a 20-minute pre-test to test their
prior knowledge of English. Every week, the teacher
invited a total of 162 students to take a 30-minute CAT
on the adaptive English learning platform. The CAT
includes both a grammar test and a vocabulary test. All

of the participants used the adaptive English learning
platform for a 16-week CAT in the professional
English course. After 16 weeks of adaptive English
learning on the platform for professional English
learning, the participants took a 20-minute post-test to
complete this experimental activity.

s ™
Participant
N=162
\. J
Pre-test 20 mins
Vhaiainiainie kel e N
: Y [}
] . = -
\ Computerized adaptive testing of 30 mins
: grammar test and vocabulary test
l\ _______________________________________ ,l
Y
Post-test 20 mins

Figure 1. Experimental procedure of this study

3.4 Data Collection and Data Analysis

+ Data collection

The pre-test and post-test results for 162 students
were collected, and the scores were normalized. The
normalized scores ranged from O to 1. In addition,
1,517 English test items on the adaptive English
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learning platform were provided, and 53,191 item
answer records were collected from the 162 students
who took the CAT on this platform.

+ Data analysis

According to the research questions, four different
data analyses were conducted, which are described as
follows:

1. The adaptive English learning platform developed
in this study provided 1,517 English test items, and
53,191 item answer records that were collected through
the CAT were used to calculate and analyze the
number of automatically adjusted difficulty levels for
all test items and the average number of adjustment
convergences.

2. The students’ ability values automatically
assessed in CAT were collected as well as the P&P test
scores for the post-test. Then, the students’ ability
values and P&P test scores were divided into high
ability and low ability groups based on a percentile
rank of 50. Through this method, the values for the
high-ability groups (the students’ ability value
automatically assessed by the CAT and the students’
ability values in the P&P test) and the low-ability
groups (the students’ ability values automatically
assessed by the CAT and the students’ ability values
for the P&P test) could be used to verify whether the
ability values obtained through automatic assessment
in CAT were the same as those obtained using the P&P
test and determine the system accuracy of the CAT.

3. A paired sample t-test was used to analyze the
pre-test and post-test P&P test scores of 162 students in
order to explore the learning performance of students
after the use of CAT on the adaptive English learning
platform.

4 Results

The adaptive English learning platform of this study
can automatically determine the difficulty level of test
items based on item response theory to effectively
realize the CAT. In order to evaluate the feasibility of
automatically adjusting the difficulty levels of test
items, and to explore the learning performance of an
adaptive English learning platform combined with
CAT for students in the professional English course.
This study collected 162 students’ usage behaviors of
the adaptive English learning platform, analyzed
53,191 answer records, discussed the adjustment times

and convergence of the difficulty level of the test items.

In order to verify the degree of conformity between the
student’s ability value automatically assessed by the
CAT and the student’s ability values of the P&P test,
this study evaluated the accuracy of CAT of the
adaptive English learning platform. In addition, this
study analyzes the pre-test and post-test scores of all
students to evaluate whether students can improve their
learning performance through using the adaptive

English learning platform.

4.1 Automatically Item

Difficulty Index

Adjusting  the

The first research question addressed in this study
was to explore the feasibility of CAT in automatically
adjusting the difficulty levels of test items. Therefore,
this study was based on the use of the IRT to
automatically adjust the difficulty levels of the test
items. The procedure used to automatically adjust the
difficulty levels of the test items is shown in Figure 2.
On the adaptive English learning platform developed in
this study, an initial value for the difficulty of the 1,517
test items in the database is set first. After the students
had undergone CAT, the adaptive English learning
platform automatically analyzed all English test items
and the 53,191 item answer records collected through
CAT. Using the automated test item difficulty index
estimation method, this platform could automatically
calculate each English test item and continuously
adjust the difficulty level to the final test item. After
automatic calculation and adjustment, the final
difficulty level of each test item was automatically
updated in the database.

Start

Initialize 1517 items
difficulty index
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Figure 2. Flowchart of automatically adjusting
difficulty levels of test items

A total of 1,517 English test items in the database
were analyzed, and the item difficulty index was
divided into 9 levels. Based on 53,191 item answer
records, the system automatically adjusted the
difficulty levels of the test items a total of 9,385 times.
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In addition, when an item difficulty level had been
adjusted six times, on average, the final difficulty level
of the test item was acquired. In other words, when an
examinee conducted a test of new test items on the
platform, each test item had to be adjusted about six
times before it would converge to the final difficulty
level of the test item. In addition, the system proposed
by this study will automatically adjust the difficulty of
the test items every week (as shown in Figure 3).

Adjusted Test Items

Week #
Figure 3. The trend of the difficulty adjustment

For the adaptive English learning platform
developed in this study, CAT can provide appropriate
test items according to the students’ ability values and
can record the students’ answers. According to the
students’ answer records, the system automatically
adjusts the difficulty levels of the test items according
to the IRT and updates the setting values of the
difficulty level of the test item in the database. Based
on the IRT, the more item information there is, the
higher the accuracy of the difficulty assigned by the
system to the examinee will be. Based on this result,
the system saves expert evaluation time by
automatically determining and adjusting the difficulty
levels of the test items and quickly achieving a stable
weighting through the use of a large amount of answer
data, thus allowing the difficulty levels of the test items
to meet the students’ ability levels more quickly.

4.2 Accuracy of Computerized Adaptive
Testing in Adaptive English Learning
Platform

The second research question addressed in this study
was an effort to determine the degree of conformity
between the ability values automatically assessed by
CAT and the ability values obtained from the results of
the P&P test. Therefore, ability values for 162 students
automatically assessed using CAT were collected,
ranked from high to low, and classified into high
ability and low ability groups with a Percentile Rank of
50%. The scores on the P&P tests for the 162 students
were also sorted from high to low and divided into
high ability and low ability groups according to a
Percentile Rank of 50% in order to use the ability
values of the students to calculate and verify the
accuracy of the CAT.

In this study, the ability values of the students
automatically assessed with CAT were compared with
their ability values from the P&P tests. If the ability
value of an examinee automatically assessed by CAT
and the P&P test scores in the post-test were in the
group with the same level of ability, this indicated that
the proposed system could accurately and
automatically determine the ability values of the
examinee and provide the appropriate difficulty levels
for the test items, which was also in line with the
purpose of CAT. As shown in Table 2, after the
comparison made in this study, 140 students’ ability
values automatically assessed using CAT were the
same as those obtained with the P&P test, so the
accuracy of the platform was as high as 86%,
indicating that the accuracy of CAT provided by the
adaptive English learning platform was as high as 86%.
In addition, there were a total of 82 students from the
high ability group, of which 74 students’ ability values
automatically assessed by CAT were consistent with
the ability values obtained using the P&P test, for an
accuracy rate of 90%. There were a total of 80 students
from the low ability group, of which 66 students’
ability values automatically assessed using CAT were
consistent with the ability values obtained with the
P&P test, giving an accuracy rate of 8§2%.

Table 2. The accuracy of the student ability automatically assessed with CAT and that obtained with the P&P test

number of the students

automatically assessed by CAT number of the students accuracy
low ability group 66 80 82% (60/80)
high ability group 74 82 90% (74/82)
total 140 162 86% (140/162)

4.3 English Learning Performance

The third research question of this study was
intended to explore whether students could improve
their English learning performance by using the CAT
proposed for use on this platform. Therefore, this study

the collected pre-test and post-test P&P test scores for
the 162 students were normalized in a range from 0 to
1, and a paired sample t-test analysis was conducted.
Table 3 shows the results of the paired sample statistics.
The mean of the pre-test was 0.52, and the standard
deviation was 0.22. The mean of the post-test was 0.61,
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and the standard deviation was 0.22.

Table 3. Paired sample statistics of pre-test and post-
test

N M SD
Pre-test 162 0.52 0.22
Post-test 162 0.61 0.22

According to the results shown in Table 2, the mean

of the post-test was higher than the mean of the pre-test.

Table 4 shows that the difference between the mean of
the post-test and pre-test reached a significant
difference (r =-7.057, p < 0.001), which means that the
CAT on the adaptive English learning platform indeed
enhanced the students’ English learning performance.

Table 4. Paired sample #-test result of pre-test and
post-test

M SD df ¢
Pre-test - Post-test -0.087 0.012 161  -7.057***
*p <.05, ¥*p <.01, ***p < .001.

5 Discussions and Conclusions

In this study, an adaptive English learning platform
and a method to automatically estimate the item
difficulty index based on the IRT were developed. The
purpose was to save expert evaluation time by
automatically determining and adjusting the test item
difficulty through the analysis of big data, so as to
achieve the purpose of the use of CAT more efficiently
and also to effectively improve students’ English
learning performance.

Despite the fact that previous researchers were
unable to evaluate the difficulty of test items in an
automated way, in the current study, the difficulty level
of 1,517 English test items was automatically
calculated, where the difficulty level was adjusted
9,385 times in order to successfully obtain the best
difficulty levels for the test items after an average of
six adjustments based on 53,191 item answer records.
From the results of this study, it was apparent that the
database achieved a convergence effect with six
updates, on average. According to the first research
question, the results of this study confirmed the actual
benefits and feasibility of automatically adjusting the
difficulty levels of the test items, meaning it is not
necessary to manually evaluate tens of thousands of
answer records. In addition, 53,191 item answer
records of the test items were collected through the
CAT. By automatically adjusting the difficulty of the
test items, it was easy to use the huge amount of
answer records to quickly evaluate the best difficulty
of the test items, so the students’ ability values could
be automatically assessed through CAT and items
could be provided that were consistent with their

ability. According to the automatic item difficulty
index estimation method, CAT on the adaptive English
learning platform made it possible to automatically
adjust the difficulty index of each test item and
automatically calculate the difficulty index of each test
item and the average number of convergences through
the system. This method effectively reduced the time
required for manually estimating the difficulty levels of
the test items as well as the limit of the number of test
items. In the future, with increases in new item banks
or through student usage, test difficulty could be re-
estimated by automatically adjusting it, thereby
effectively improving efficiency and reducing the
burden and errors associated with manual evaluations.
This result confirms the proposed system’s
contribution to the development of technology and to
effectively moving the future development of adaptive
systems in English education forward based on
previous research [22].

The second research question of this study was
intended to explore the degree of conformity between
the ability values automatically assessed by CAT and
the ability values obtained from the results of the P&P
test. According to the results, among the 162 students,
140 had the same ability value automatically assessed
by both CAT and the P&P test. This means that CAT
had a system accuracy of 86% (among which, the
accuracy of the high ability group was 90%, and the
accuracy of the low ability group was 82%). In other
words, the higher accuracy of the system calculated by
this method means that the ability values, as
automatically estimated by the CAT, are similar to
those obtained using the P&P test. This also means that
this system can provide tests at different difficulties for
different students, thus, effectively achieving the
purpose of CAT and confirming the effectiveness of
the CAT in learning assessments, which is consistent
with the viewpoints mentioned in previous studies [5,
21].

As stated above, the CAT used on the adaptive
English learning platform not only automatically
adjusts the difficulty levels of the test items, but also
automatically assesses student ability so as to provide
test items that match the ability levels of students and
achieve the ultimate purpose of CAT. Therefore, in the
present study the pre-test and post-test scores of 162
students were analyzed to explore whether their
English learning performance could be improved by
students using CAT on the adaptive English learning
platform. According to the results and addressing the
third research question posed in this study, students
using an adaptive English learning platform for CAT
can significantly improve their English learning
performance in professional English courses. This is
consistent with the viewpoints mentioned in previous
studies [28]. It was also found from the evaluation of
English learning performance that students using CAT
in the adaptive English learning platform significantly



1606 Journal of Internet Technology Volume 22 (2021) No.7

improve their post-test scores and learning progress.

In summary, the IRT, and big data technology were
used in the present study to automatically adjust the
difficulty levels of the test items and resolve the
limitations characteristic of previous research. A
method was proposed to estimate and automatically
adjust the item difficulty index based on the IRT,
which not only resolved the challenge of manual
evaluation brought by big data but also automatically
and efficiently determined the test difficulty in items in
a large database. An objective analysis was made of
answered items based on big data records in order to
automatically adjust the item difficulty index in all test
item databases. This reduces that time required for
experts and teachers to quickly determine the difficulty
of test items as well as the time required for manual
adjustment of item difficulty to bring the items more in
line with the ability levels of students and achieve the
purpose of CAT. These students can also improve their
English learning performance through the use of CAT.
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