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Abstract

Computerized adaptive testing (CAT) is a context-based adaptive assessment. How-
ever, the assessment result may not be valid because the examinee might cheat or
guess the answers. Although there are many guessing detection methods, there are
not many discussions about their implementation into CAT. Therefore, this paper
presents an example of a modification of an existing software so the newly modi-
fied software can detect guessed answers and be able to select questions adaptively.
The system can detect assuming behavior by recording the examinee’s answer time.
Also, the designed system can like questions adaptively by connecting Fuzzy logic,
which calculates what level the question should select for the next iteration. The sys-
tem is responded well by elementary and college students. A total of 56.6% felt the
system was straightforward to use. The detection methods can detect guessing behav-
ior of about 73%. However, the system’s sensitivity is low if the method is forced to
classify answers which answered in a long response time / general guessing. Never-
theless, when we limit the data classified within 10s response time (rapid-guessing),
the method’s sensitivity rises to 68.78%.
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1 INTRODUCTION

Lately, technology has been widely used as a medium to support the learning process. The learning process usually consists
of studies and evaluations. The evaluation itself is a process to assess knowledge, ability to understand, and attainment of the
examinee’s skill evaluation [1]. Indonesian elementary schools have three assessment goals: attitude, knowledge, and skills [2].
Knowledge evaluation is divided into several levels: remembering, understanding, applying, analyzing, evaluating, and creating.
These levels can be assessed using several tests such as multiple-choice, written tests, oral test, and assignments. This is also
applied in junior high schools and high schools, with the same assessment method in the latest curriculum [2–4]. In Indonesia,
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assessment is usually used to test abilities and new student admissions screening, measure learning outcomes, and as a deter-
minant of graduation. Also, assessment can be used to determine the resource allocation effectiveness in each competency [5],
select the student’s learning path [6], and adjust the learning content according to the student’s abilities [7].
Computerized Adaptive Testing (CAT) is one of the assessment methods that can adjust the question’s difficulty based on the
examinee’s ability interactively [8]. The most uncomplicated CAT research uses a Rule-Based System to select questions based
on the examinee’s answers [9, 10]. The research that uses Item Response Theory (IRT) modeled the question’s difficulty and the
probability examinee answer the question correctly mathematically to select the following questions [11–13]. Other studies use
fuzzy logic and bloom taxonomy to select questions [14]. While other adaptive assessment methods that use Tree usually select
question scenarios from the pre-defined graph (Tree-CAT) [15], Merged Tree-CAT [16] is a computational time improvement
version of Tree-CAT. Some studies use four parameters logistic (Item difficulty, item discriminant, probability, and response)
on Mamdani fuzzy interference [17]. However, there aren’t many CATs that use time as a parameter except Lendyuk et al. [18],
who combine RBS with fuzzy rules. The study can select test difficulty based on the true-false percentage and time needed to
answer a test level.
Not only question selection, but CAT can also estimate the examinees’ ability. However, that ability assessment maybe not is
invalid because they are cheating or guessing the answer [19]. There are many methods to detect rapid guessing, such as time
threshold. It can be defined using manual inspection of time distribution [20–23], question features such as several characters [24, 25],
common k-seconds threshold [26], and mixture model [20]. These detection methods should be able to improve the accuracy of
CAT’s adaptive assessment since Wise claims rapid-guessed answers should be excluded for scoring [27]. However, there aren’t
many discussions about its implementation on adaptive assessment (CAT), even though rapid-guessed answers can threaten the
validity of the assessment.
Therefore, this study aims to present a software design modification so that the existing system can select questions adaptively
based on the examinee’s ability and detect rapid guessing. This study proposed a modified CAT that can count the examinee’s
guessing behavior. We modify ExamITS, known as the TOEFL test platform, by logging several metadata that can be used
to detect rapid guessing behavior. This paper discusses previous research about CATs and detection in Section 2. At the same
time, the proposed system design and method will be presented in Section 3. Section 4 shows the results and its discussion.
ConclusionThe conclusion of this study will be described in Section 5.

2 PREVIOUS RESEARCHES

From the literature study conducted, we found several CATs architectures. We group the CATs into four groups based on their
methods, i.e., Rule-based system, Item response theory, Fuzzy logic, and Tree. The summary of our literature study is described
in Tabel 4. From the table, we can see that most research is about software design. Also, most of these methods do not count
rapid-guessing detection in their system.

TABLE 1 Previous research about CATs.
Researcher Method Focus Key Points
Louhab et al. [9] RBS Software Design Mobile-based CAT system based on

examinee’s profile based
Pan and Lin [10] RBS Software Design IEEE-standardized MVC CAT
Vega et al. [11] IRT Software Design Maximum Information IRT on Higher

Education
Uto and Ueno [12] IRT Improvement GRM modification of IRT
Cui et al. [13] IRT Implementation Implement IRT on Squirrel AI
Chrysafiadi et al. [14] Fuzzy Fuzzy + Bloom Combining fuzzy and cognitive theories
Lendyuk et al. [18] Fuzzy Select Fuzzy rules for learning path construction
Ridwan et al. [17] Fuzzy Fuzzy 4PL Software

Design
Ability estimation

Delgado-Gómez et al. [15] Tree Tree-CAT Pre-generated Tree for adaptive tests
Rodríguez-Cuadrado
et al. [16]

Tree Tree-CAT time
improvement

Improvement of Tree-CAT
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FIGURE 1 RT Distribution of answers.

Fuzzy logic was initially proposed by Zadeh [28]. In its development, Mamdani introduced a new inference model, which is
currently known as Mamdani Inference System [29] or min-max fuzzy. This method was used by Ridwan et al. on the CAT 4PL
(item difficulty, item discrimination, probability, and examinee’s answers) Ridwan et al. [17]. To determine the probability value
of the i-th question, equation (1) is used where θ is the student’s ability to be estimated, c is the guessing factor which was 0.25
constant value, ai is i-th item discrimination, and bi is i-th item difficulty. Item difficulty is calculated by equation (2). While
item discriminant is calculated by equation (3), where u is the highest 50% participant (upper bound) and l is the lowest 50%
(lower bound).

𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝑖(𝜃) = 𝑐𝑖 + (1 − 𝑐𝑖)
𝑒1.7𝑎𝑖(𝜃−𝑏𝑖)

1 + 𝑒1.7𝑎𝑖(𝜃−𝑏𝑖)
(1)

𝑏 =
𝑛𝑢𝑚𝑏𝑒𝑟𝑜𝑓𝑖𝑛𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑎𝑛𝑠𝑤𝑒𝑟𝑠

𝑛
(2)

𝑎 =
(

number of incorrect answers
𝑛𝑢

)

𝑢
−
(

number of incorrect answer
𝑛𝑙

)

𝑠
(3)

There are several methods to detect rapid guessing behavior. The most commonly used is time threshold, as rapid guessing
usually happen when examinee answer the question faster than the time they need to read and solve the question. Rapid guessing
detection with response time (RT) threshold was done by Schnipke et al. using RT distribution on 17.415 GRE-CBT participants
Schnipke [30]. The RT distribution mapped into a graph shown in Figure 1 is then analyzed. Inspection is carried out by manually
selecting a time threshold that separates the two distributions of correct and incorrect answers. From the figure, it can be seen
that the frequency of incorrect answers is very high in the first 8 seconds. Also, it can be seen that the frequency of correct
answers starts increasing after 8 seconds. Thus, the threshold time in this scenario is 8 seconds. Therefore, the answers in the
first distribution (1) are categorized as guessing behavior, and the second distribution is then classified as solution behavior.
In contrast to k-seconds which use a 3-5 seconds threshold regardless of the context of a question Wise [27], the Surface feature
uses the question’s characteristics such as the question’s length, the existence of an image or table, and the subjects being tested.
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TABLE 2 Threshold Surface Feature.
Criteria Threshold
Mathematical Problem / Spatial Reasoning 1 5 seconds
< 200 characters 2 3 seconds
200 – 1000 characters 3 5 seconds
> 1000 characters 4 10 seconds

Thus, the features of a question adjust the time threshold. Each of the proposed thresholds is described in Table 2. Slim et al. use
the context of a question and the subject of the test 1,2,3,4 [25]. At the same time, Wise and Kong [24] use the amount of character
and the existence of an image or table in questions 2,3,4. However, both studies did not explicitly explain the evaluation results
of their methods.
Unlike the explained method that uses a time threshold, Lin et al. processed the logit ability of an examinee (e) and item difficulty
(b) to detect pseudo guessing. Lin et al. claim that if there is a big difference between examinee logit ability and question’s
difficulty, then the answer is pseudo-guessed. Lin et al. classify answers as pseudo-guessing if b – e ≤ 2. These detection results
were then used to refine the existing Rasch model by deleting all pseudo answers from the dataset [31]. From the experiment
result on elementary students, Lin claims that the ability assessment precision of high-ability students increases.

3 MATERIAL AND METHOD

3.1 Material
Figure 2 shows the technical design of ExamITS modification into a system that can select questions based on students’ abil-
ity. The architecture consists of the Laravel-MVC application connected with Flask by REST API and MySQL database. The
database stores various data such as questions, question metadata, and user profiles. The REST API and AJAX data from JSON
format simplify data exchange between systems. This application is then installed on an elastic cloud to reduce the server’s
upgrade complexity.
In developing CAT with rapid guessing detection, it is necessary to log metadata or examine activity history. The recorded
metadata is adjusted to the type of test used. In the classical exam, the metadata recorded is the examinee’s response time (RT).
The response time starts when the examinee opens a question and ends when they answer a question. Meanwhile, in adaptive
assessment (CAT), additional metadata that needs to be recorded are RT and question’s index, such as item difficulty and item
discriminant. The recorded metadata is then used both in CAT and guessing detection.
The user interface design in this paper is shown in Figure 3-Figure 7. The interface is made responsive, considering that not all
participants have computers or laptops. Most of the elementary students in this study use smartphones. Thus, a web design with
a responsive interface that suits any device such as laptops, tablets, and smartphones is a must. Figure 3 presents a dashboard
that shows the personal information of the examinee and a list of tests that can be taken. Figure 4 and Figure 5 show the layout
of a question for classical test and adaptive assessment. The system shows an alert if the examinee is detected using another
application, as shown in Figure 6. While Figure 7 shows an example of the interface’s responsiveness.

𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝑖(𝜃) = (1 − 𝑐𝑖)
𝑒1.7𝑎𝑖(𝜃𝑖−1−𝑏𝑖)

1 + 𝑒1.7𝑎𝑖(𝜃𝑖−1−𝑏𝑖)
) (4)

𝑐 =

{

1, 𝑅𝑇 < threshold
0, 𝑅𝑇 ≥ threshold

(5)

𝑐 =

{

1, (𝑏 − 𝑒) ≥ 2
0, 𝑅𝑇 < 2

(6)

The statechart diagram of the system is shown in Figure 8. The figure shows that the CAT will stop selecting questions in the
6-th iteration when there is no estimated ability between it and the previous (i¬-1) iteration or when the exam time is up. As for
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FIGURE 2 The technical design of the proposed system.

FIGURE 3 The dashboard. FIGURE 4 The classical exam layout.

the first iteration, the selected questions will be medium-leveled. Also, the time examinee needs to answer the data is recorded
when they open the question and send it to the server with their answers. Then, the system needs to classify the answer category
to estimate the next question’s difficulty.

4 RESULTS AND DISCUSSION

The system proposed in this study consists of 4 main parts: user interface, personalized exam based on the examinee’s school,
classical exam, and CAT. The system is tested on elementary students, bachelor students, and magister students with 111 partic-
ipants. The subject of the tests is mathematical problems, software engineering, and software management. Test difficulty and
subject are adjusted with the participant’s education level. Also, the test is carried out with several guessing detection methods,
namely RT Distribution, Surface Features, K-Seconds, and Ability Logit pseudo guessing. From the data collected, 24.9% of
answers are detected as guessing. The accuracy of each method is described in Table 4. From the table, pseudo-guessing detec-
tion has the worst results. It occurred because the difference between the question’s difficulty and the examinee’s ability is too far
apart. Most of the answers are detected as guessing behavior. Thus, resulting in a high result of false-negative and low accuracy.
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FIGURE 5 The adaptive assessment layout. FIGURE 6 The possible cheating detection.

(a) (b)

FIGURE 7 The responsive interface of the dashboard and exam layout.

Meanwhile, Table 4 shows the confusion matrix of time-based methods on data whose response time is below 10s. The purpose
of this limitation is to show how the method detects rapid-guessing. The table presents that although the accuracy drops, the
sensitivity increases. This means the system sensitivity to detect rapid-guessing is better. Also, we can infer from Table 4 that
the high accuracy and low sensitivity results are due to the high value of true negative–solution behavior. This happened because
the data classes were imbalanced. Also, most of the answer’s response times are above 10 seconds for both guessing and solution
behavior. Therefore, the detection methods produce many false-negative values – guessing behavior detected as a solution –
since its time threshold maxed at 10 seconds. Nevertheless, we can infer from the table that RT Distribution is the best detection
method to detect guessing behavior.
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FIGURE 8 The statechart diagram of the Proposed System.

TABLE 3 The accuracy of each detection methods of overall data.
Method Accuracy Sensitivity Specificity Precision F1-Score
RT Distribution 73,39% 12,62% 93,13% 37,41% 17,87%
K-Seconds 73,07% 3,29% 95,90% 20,89% 5,69%
Surface features 72,78% 8,00% 93,99% 30,35% 12,66%
Ability Logit 7,70% 0,00% 8,95% 0,00% 0,00%
Modified K-Seconds 73,54% 2,11% 96,91% 18,36% 3,79%

TABLE 4 The accuracy of data which answer’s response time below 10 seconds (time-based rapid guessing).
Method Accuracy Sensitivity Specificity Precision F1-Score
RT Distribution 45.54% 68.78% 35.85% 30.89% 42.64%
K-Seconds 56.42% 32.29% 66.54% 28.80% 30.44%
Surface features 53.51% 56.50% 52.26% 33.16% 41.79%
Modified K-Seconds 61.46% 25.11% 76.69% 31.11% 27.79%

Meantime, the classification of examinee’s answers with a response time below 10 seconds shows a lower accuracy but a higher
sensitivity. This higher sensitivity result is due to lower false-negative values. While a higher value of false-positive values
causes low accuracy – solution behavior is detected as guessing. This happened for several reasons, such as the question needing
several seconds or revisiting (re-answering the previous question). The results of questionnaires regarding the system developed
are shown in Figure 9. Based on the examinee’s feedback, 56.6% stated that the system was straightforward, and only 3.% felt
the system was challenging to use. While from Figure 9b, only 2.2% of participants did not recommend the system to be used
as an exam platform in their schools/institutions. Nevertheless, most of the participants agreed and recommended the system be
applied. From the questionnaire results, it can be concluded that the system is straightforward. Even the examiners recommend
the system to be used in their schools. Furthermore, the cheating detection alert received a good response.

5 CONCLUSION

In this study, we modified the classical test system so that it can detect guessing behavior and assess the examinee’s ability
adaptively (CAT). 56.6% of participants stated that the designed system was straightforward to use from the data collected. Only
2.2% did not recommend this system to their schools. Even the examinees highly recommend the use of the system. We also
show that the system can not detect general guessing, although it has decent accuracy. Nevertheless, the system shows a higher
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(a) Ease of use of the system (b) Examine feedback on the system compared to their existing platform.

FIGURE 9 The results of the examinee’s questionnaire of the developed system.

sensitivity while detecting rapid-guessing, i.e., 68.78%. The guessing detection methods can be implemented to the system by
adding response time (RT) logs and question’s difficulty. The guessing results are then inserted into CAT’s guessing factor. The
CAT can easily be added to an existing system by connecting it to the fuzzy system through REST API.
In this study, we modify the system so it can assess and select questions adaptively. Furthermore, we tried to count guessing
behavior into CATs. We found that the system can detect rapid-guessing pretty well. However, there are several other examinee
behaviors, such as hesitation, where examinee hesitate whether their answer is true or not. Therefore, we’d like to count the
examinee’s different behavioral patterns during a test into CATs and investigate how they affect CAT’s performance and how to
implement its detection.
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