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The question bank for the Biology - Genetics course has been used for years
without a systematic quality assessment based on difficulty and discrimination
parameters, relying instead on subjective instructor judgment. This study aims
to evaluate the quality of 100 online multiple choice questions (MCQs) on the
Cell Structure. The three-parameter logistic item response theory (3PL-IRT)
model was applied. Data were collected from 1278 test results of students in the
48 and 36 courses during the 2022-2023 academic year and analyzed using the
“Itm” package in R. The analysis revealed that 97% of the questions
demonstrated acceptable discrimination across varying difficulty levels: 1%
very difficult, 12% difficult, 35% moderate, 49% easy, and 3% very easy
questions. Discrimination levels included 42% very good, 26% good, 29%
average, 1% poor, and 2% very poor. Overall, 87% of the questions were
considered high quality, though 10 questions with high guessing levels require
revision to enhance reliability. The use of 3PL-IRT models is essential for
evaluating and refining question banks, ensuring their reliability and
effectiveness in assessing student abilities and supporting learning in the
Biology - Genetics course.
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Ly thuyét dap Gmg cau hoi (IRT)
M6 hinh ba tham s (3PL-IRT)
Cau hoi tric nghiém

Phan mém R

Sinh hoc — Di truyén

Ngan hang cau héi cua hoc phan Sinh hoc — Di truyén da duoc st dung
trong nhiéu nim nhung chua c6 danh gia hé théng vé chat lugng dua trén
cac tham s do kho va kha nang phéan biét, ma chu yéu dya vao nhan dinh
chu quan cua giang vién. Nghién ctru nay nham danh gia chat lugng cia 100
céu hoi tric nghiém tryc tuyén thuoc chu d& Ciu trac té bao, bang cach ap
dung mo hinh Ly thuyét dap Gmg cau hoi ba tham sé (3PL-IRT). Dir li¢u
duoc thu thap tir 1.278 két qua lam bai cua sinh vién khoa 48 va 36 trong
nim hoc 2022-2023, va duoc phén tich bang goi “lItm” trong phan mém R.
Két qua cho thay 97% cau héi c6 kha ning phéan biét dat yéu cdu & cac mirc
d6 kho6 khac nhau: 1% rat kho, 12% khé, 35% trung binh, 49% d& va 3% rét
d&. V& muc do phan biét: 42% rét tét, 26% tbt, 29% trung binh, 1% kém va
2% rat kém. Nghién ctu ghi nhan 87% cau hoi dugc danh gia 1a co chat
luong cao, tuy nhién 10 cau hoi c6 mirc do dodn mo cao can dugc chinh stra
dé nang cao do tin cay. Viéc ap dung mé hinh 3PL-IRT la can thiét trong
danh gia va cai tién ngan hang cau hoi, nhiam dam bao tinh tin cay, hiéu qua
trong viéc do luong ning luc ngudi hoc va hd trg qua trinh hoc tap caa sinh
vién trong hoc phan Sinh hoc — Di truyén.
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1. Introduction

In the field of educational measurement, researchers utilize psychological scales and
achievement tests to assess students' abilities and attitudes toward academic achievement [1].
CTT (Classical Test Theory) has flourished since the 1960s. However, CTT has some limitations
such as it depends on the sample of students, meaning that the difficulty and discrimination of
items can vary depending on the group of participants. Moreover, CTT impacts the evaluation of
participants' latent abilities, as the same test may appear easy for a high-performing group but
challenging for a low-performing group. This also implies that a student's ability can be
overestimated when taking an easier test compared to a more difficult one [1], [2].

IRT (Iltem Response Theory) was developed to solve CTT limitations and has been widely
applied in measuring and evaluating items [3], [4]. IRT is based on the premise that a student's
probability for answering correctly an item increases as their ability level rises, and conversely,
the probability decreases as the item difficulty increases [2], [5].

The strength of IRT lies in its ability to describe the relationship between a participants' ability
and the parameters of each item through the analysis of their responses to the items [5], [6]. IRT
separates item characters from participants and participants' abilities, enabling educators and
educational administrators to design standardized tests with equivalent levels of difficulty and
accurately measure students' abilities [1].

Rasch developed a model describing the relationship between the probability of a correct
response and a responder’s ability through the item characteristics function (ICF) [7]. High-
difficulty items reduce the likelihood of correct responses from participants [1], [8]. Baker
categorized the difficulty parameter (bj) of items into five levels and identified that items with
high difficulty levels (bj > 2) are more challenging for participants. The higher the difficulty level
of an item, the lower the probability of a correct response from students. Specifically, Baker
classified bj into the following levels: very difficult if bj > 2, difficult if 0.5 < bj < 2, medium if -
0.5 <bj < 0.5, easy if -2 < bj < -0.5, and very easy if bj < -2 [7].

Thissen and Orlando proposed the 1PL-IRT model, where the parameter aj represents the
discrimination power of items [8]. Birnbaum [9] extended this model by assigning unique
discrimination values to each item, leading to the 2PL-IRT model. This model describes the
relationship between the probability of a correct answer and the item parameters, enabling the
evaluation of items' ability to differentiate between students with ranging levels of ability [7].
Items with high discrimination effectively distinguish between high-ability and low-ability
students, whereas items with low discrimination fail to do so.

Baker classified aj into five levels: very good, good, moderate, poor, and very poor. ltems
with very good discrimination (aj > 1.7) demonstrate a strong ability to differentiate between
students [7]. Good items have discrimination values of 1.35 < aj < 1.7, moderate items fall within
0.65 < aj <1.35, poor items are within 0.35 < aj < 0.65, and very poor items have aj < 0.35. High
discrimination values lead to a stark difference in the probability of correct responses between
high-and-low-ability students. This highlights the critical role of item discrimination in
determining a test's effectiveness in measuring and evaluating students' abilities.

In MCQ tests, students may tend to guess answers, either randomly or based on personal
reasoning to eliminate options. To account for this, Birnbaum [9] introduced the guessing (cj) to
the two-parameter IRT model, resulting in the three-parameter IRT model. This enhancement
measures the degree of guessing in response patterns.

In Vietnam, IRT has attracted considerable interest and research across various fields.
However, its application in education remains limited, particularly at Can Tho University of
Medicine and Pharmacy (CTUMP). A study by Cao and Pham [10] identified several factors
affecting online MCQ test performance, but aspects such as item difficulty and discrimination in
formative assessments have yet to be addressed. Research efforts have primarily focused on
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applying 1PL-IRT to 3PL-IRT models to improve measurement and assessment processes,
especially in the development of MCQ tests. This study aims to assess the quality of 100 online
MCQs on the topic of “Cell Structure”, collected from regular online assessments in the Biology—
Genetics course at CTUMP, using the 3PL-IRT model. IRT provides a robust framework for
evaluating item difficulty, discrimination, and guessing.

2. Methods

In the teaching process, regular assessments are essential in evaluating each student's progress
in a course. Regular tests account for 30% of the overall course grade. Therefore, regular
assessments are a routine activity evaluated through MCQs. To evaluate the quality of the items
in the question bank for each lesson, the regular test links are designed according to the specific
questions of each lesson. The data were collected from 1,278 MCQ online tests on the topic of
Cell Structure for students in Course 48 and Course 36 during the 1% and 2™ semesters of the
2022-2023 academic year in the Biology—Genetics course. The participants included full-time
medical students (Course 48) enrolled in the 2-credit program, articulated training students
(Course 36) enrolled in the 2-credit program, and full-time bachelor students (Course 48)
enrolled in the 1-credit program. The students came from 10 disciplines: General Medicine,
Dentistry, Preventive medicine, Traditional medicine, Pharmacy, Midwifery, Medical Laboratory
technique, Nursing, Public Health, and Medical Imaging technique. All participants studied the
topic of Cell Structure within the Biology—Genetics course.

The format of the regular assessment was carried out through a Microsoft Form link, sent to
students with specialized accounts, and each account was allowed only one attempt. The time
limit for the test was 75 minutes for 100 questions. The link was sent between 8:00 PM and 9:15
PM on November 12, 2022, during the first semester, and between 8:00 PM and 9:15 PM on
February 27, 2023. The test submission deadline was set for 9:15 PM GMT. Students completed
the regular test on their mobile devices, laptops, or personal computers with Wi-Fi connectivity.
The test consisted of 100 multiple-choice questions with four options, one of which was correct.
The questions were randomized for each student's account to limit the possibility of cheating or
sharing answers, as students could not submit their answers after the time limit expired. The
system would not allow the test to be submitted if any question was left unanswered.

Before analysis, the dataset was verified to ensure data integrity. The Microsoft Forms
platform used in this study was configured so that each student could submit their response only
after completing all items. Consequently, there were no missing responses. The questions and
answer options were randomized for each student to reduce the potential for copying or guessing
patterns. All valid submissions completed within the 75-minute time limit were included in the
Item Response Theory (IRT) analysis. The data was collected in an Excel file, with 1,278
students' responses (including those submitted on time and those resubmitted due to technical
issues). The answers were coded as binary data, with a value of 1 for correct answers and 0 for
incorrect answers.

We used Excel and the “Itm” package in R to analyze the data. This package is specifically
designed to assess question quality based on the parameters in the suitable model. The data was
imported into R, analyzed, and the best-fit model was chosen to evaluate the difficulty and
discrimination of each question in the regular test. The 100 MCQs were evaluated using the “1PL
IRT” model with rasch(data), the “2PL-IRT” model with Itm(data ~ z1), and the “3PL-IRT”
model using tpm(data). The parameters of each question (difficulty and discrimination) were
calculated using the coef(data) function. The best-fit model was chosen based on the results from
the three above models and an ANOVA comparison (anova(modell, model2)). The best model is
the one with the smallest AIC, BIC, and log-likelihood values [11]. Additionally, Toland [12]
also recommended that the model with smaller AIC and BIC values is the most appropriate. Once
the best model was selected, it was used to assess the quality of the items in the regular test.
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The 3PL-IRT model was found to be appropriate for analyzing the questions, as it clarifies the
relationship between the learners' ability and the probability of answering an item correctly [13].
The 3PL-IRT model consists of 3 main parameters: (1) discrimination (a), (2) difficulty (b), and
(3) guessing (c). These parameters help identify the characteristics of each item in the test. Baker
classified the difficulty (bj) and the discrimination (aj) of the questions (bj) into 5 levels: very
difficult (bj > 2), difficult (0.5 < bj < 2), medium (0.5 < bj < 0.5), easy (2 < bj < —0.5), and very
easy (bj < —2). For the levels of discrimination are very good (aj > 1.7), good (1.35 < aj < 1.7),
moderate (0.65 < aj < 1.35), poor (0.35 < aj < 0.65), and very poor (aj < 0.35). According to
Baker [7], a good item is one where the learner’s guessing probability is not greater than 0.35 (0
<c<0.35).

To evaluate the quality and parameters of each question, we conducted an analysis of the Item
Characteristic Curve (ICC). The ICC illustrates the relationship between the participant's ability
score (0) and the probability of answering a question correctly [8]. The model parameters (a, b, c)
were computed and used to plot the ICC. Additionally, based on the guessing (c) values, the
students were divided into two groups: those with acceptable guessing ability (0 - 0.35) and those
without (with (c > 0.35).

3. Results and discussion
3.1. Evaluation of model fit with data

Based on AIC, the 3PL-IRT model (127939.7) has a lower value than the 2PL model
(128411.8), indicating that 3PL-IRT fits the data better. However, when examining BIC, 3PL-
IRT (129485.6) has a higher value than 2PL-IRT (129442.4), but the difference is only 43.2,
which is not substantial enough to discard the 3PL-IRT model. The result from the Likelihood
Ratio Test (LRT), with an LRT value of 672.15 and p<0.001, shows that the 3PL-IRT model
significantly improves the fit compared to 2PL-IRT, which is statistically significant and
demonstrates that the guessing parameter (c) in the 3PL-IRT model provides real value.
Therefore, the 3PL-IRT model is the better choice, despite its slightly higher BIC, as it has a
lower AIC and the LRT indicates a significant improvement in the ¢ parameter (Figure 1).

Likelihood Ratio Table

AIC BIC log.Lik LRT df p.wvalue
fit_2PL_1tm 128411.8 129442.4 -64005.92
fit_3PL_1tm 127939.7 129485.6 -63669.85 672.15 100 <0.001

Figure 1. Results of comparison of AIC, BIC and LRT between 2PL-IRT and 3PL-IRT models
3.2. Evaluation with 3PL-IRT model

From the results above, the study used the 3PL-IRT model to analyze the frequent assessment
tests of 1,278 student submissions from Cohort 48 and Cohort 36, who participated in the first
and second semesters of the 2022-2023 academic year on the topic of Cell Structure in the
Biology - Genetics course at CTUMP. The detailed results of the analysis using the 3-parameter
model are presented in the Appendix.

The frequent assessment test contains 1 (1%) very difficult question, 12 (12%) difficult
questions, 35 (35%) medium-level questions, 49 (49%) easy questions, and 3 (3%) very easy
guestions. Regarding the discrimination, the test includes 42 (42%) questions with very good
discrimination, 26 (26%) questions with good discrimination, 29 (29%) questions with average
discrimination, 1 (1%) question with poor discrimination, and 2 (2%) questions with very poor
discrimination. According to Baker [7], a good question is one where the student’s predictive
value is < 0.35 (0 < ¢ < 0.35). The results showed that 87 (87%) questions were of good quality
with predictive values within the acceptable range. The detailed results of the question evaluation
for the frequent test using the 3PL-IRT model are presented in Table 1.
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Table 1. Characteristics of the MCQs evaluated using the 3PL-IRT model

Characteristics Levels N =100
Very difficult 1 (1.0%)
Difficult 12 (12%)
Difficulty Moderate 35 (35%)
Easy 49 (49%)
Very easy 3 (3.0%)
Very good 42 (42%)
Good 26 (26%)
Discrimination Average 29 (29%)
Poor 1 (1.0%)
Very poor 2 (2.0%)

Guessing To be considered 13 (13.0%)
Acceptable 87 (87%)

The results of this study show that the difficult questions were classified as 49% as easy, 35%
as moderate, 12% as difficult, and 1% as very difficult, and 3% as very easy. In terms of
discrimination, 42% of the questions demonstrated very good discrimination, 26% were good,
and a smaller proportion (1%) showed poor discrimination. These findings can be compared with
[13] - [16] which all applied IRT to evaluate test items and design. When comparing the
difficulty of the items with the findings of Adetutu and Lawal [14], there is a notable difference
in the distribution of easy and difficult questions. In [14], 49% of the items were rated as very
easy, with only 2.9% classified as very difficult. This indicates that Adetutu and Lawal's test
focused heavily on accessibility and ease, likely aiming to encourage student engagement and
confidence [14]. In contrast, this study included a more balanced distribution, with 49% of
questions rated as easy and 35% as moderate, showing an attempt to cater to a wider range of
student abilities, allowing for more precise differentiation in performance. Nguyen and Pham
[15] also emphasize the importance of balancing the difficulty levels of test items to avoid
overwhelming students with either too many easy or very difficult questions. Their research
suggests that an ideal test design should include a mix of easy, moderate, and difficult questions
to get better discrimination and reliable measurement of student abilities. In this regard, the
present study aligns with Nguyen and Pham [15] recommendations by including a moderate
proportion of easy and moderate questions (84%). However, the presence of only 1% very
difficult questions might limit the test's ability to challenge high-performing students, as Nguyen
and Pham warn against a test with too few challenging items [14]. For a formative test at
CTUMP, Cao [16] shows that 82% of the questions are easy, 13% are of moderate difficulty, and
4.2% are very easy.

Similar to Mulyono et al. [13], our study also confirms that the 3PL-IRT model effectively
captures the variability in item behavior and supports decisions about which questions should be
retained or revised. However, the context of application differs significantly. While Mulyono et
al. analyzed large-scale literacy items for primary students, our study focused on one topic at the
higher-education level [13]. This difference explains the higher proportion of easy and moderate
items in our dataset and the lower occurrence of high guessing parameters, as university students
are expected to engage with content more deliberately. Both studies highlight the value of using
the 3PL-IRT model to improve test validity and ensure the quality of MCQs in different
educational contexts.

The distribution of questions in different groups is shown in Table 2. Questions in the poor
discrimination group include 1 average difficulty question, while very poor discrimination
includes 2 very easy questions. These questions need to be reviewed, revised, or removed from
the question bank. The data on student guessing ability from the results provide preliminary
insights for the subject to consider making appropriate revisions.
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Table 2. Difficulty and discrimination of questions in the regular test

Discrimination Poor, N=1 Very poor, N =2 Average, N = 29 Good, N =42

Difficulty
Very easy 0 (0%) 2 (100%) 1 (3.4%) 0 (0%)
Easy 0 (0%) 0 (0%) 17 (59%) 18 (43%)
Moderate 1 (100%) 0 (0%) 9 (31%) 15 (36%)
Difficult 0 (0%) 0 (0%) 1 (3.4%) 9 (21%)
Very difficult 0 (0%) 0 (0%) 1 (3.4%) 0 (0%)

Regarding discrimination, both this study and Nguyen and Pham [15] emphasize the
importance of ensuring that test items can effectively differentiate between students' varying
abilities. In this study, 42% of the questions showed very good discrimination, which is in line
with Nguyen and Pham’s recommendation for highly discriminative items to identify both high
and low performers [15]. However, Adetutu and Lawal [14] found that their test had a larger
proportion of questions with lower discrimination, which might suggest their focus was more on
assessing general competence rather than distinguishing across performance levels. The relatively
low discrimination (1%) observed for a small ratio of questions aligns with Nguyen and Pham’s
findings that poorly discriminating items need to be revised or excluded to improve the overall
reliability of the test [15]. Additionally, Cao [16] shows that 42% of the questions have very high
discrimination, 33% are good, 20% are acceptable, and 5% have low discrimination and need
revision in an online formative test.

The x-axis represents the ability level of respondents, while the y-axis shows the probability
of answering each item correctly (Figure 2). The ICC analysis helps identify questions with low
discrimination, inappropriate difficulty, or questions that are heavily influenced by guessing. The
ICC analysis was performed by estimating the 3PL model for each question. Most curves exhibit
an S-shape, reflecting the relationship between ability and the probability of a correct response,
where higher ability leads to a higher probability. However, some curves, such as ltem 89,
deviate from the standard pattern, suggesting these items may not accurately measure the
intended ability.

Item Characteristic Curves

1.0

0.8

0.6

Probability

04
1

0.2

Item89

0.0

T
4 2 0 2 4

Ability

Figure 2. Item Characteristic Curves - ICC of 100 cell structure online MCQs
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Additionally, to observe students' guessing behavior, Figure 3 illustrates the following: The
points in the figure vary in size and color, reflecting the guessing levels for each question. Larger
points represent higher levels of guessing, while the colors range from blue (low guessing) to red
(high guessing). On the left group (c < 0.35), most questions are concentrated near the center
with difficulty levels ranging from -2 to 0 and discrimination values between 0 and 2. However,
some questions, such as Q31 and Q89, have extremely low difficulty (-7.5) and poor
discrimination, as indicated by their positions near the bottom of the chart. These questions may
be ineffective in assessing ability. In contrast, in the right group (¢ > 0.35), the questions are
concentrated within a difficulty range of 0 to 2.5, with relatively good discrimination (0.5 - 2.5).
Notable questions, such as Q30 and Q83, are represented by large, red points, indicating they are
easy to guess and have high guessing levels. This can reduce the reliability of these questions in
distinguishing respondents based on their true abilities. A detailed analysis of these
characteristics can help refine and improve the question set to ensure reliability and accuracy in
ability assessment.

Guessing <= 0.35 Guessing > 0.35
4 Qs

0
i Guessing

E "y 1 o1
g
= Q8 -
£ ® s
2 Guessing
e @® o1
Q31
° @® o2
0 @ o3
@ o4
@ s
Q89
L ]
75 5.0 25 0.0 25 75 -5.0 -25 0.0 25
Difficulty

Figure 3. The difficulty and discrimination by guessing groups

Overall, these results strengthen the argument that applying IRT, particularly the 3PL-IRT
model, is an effective approach for assessing test item quality. The convergence between our
findings and those of previous studies [13]-[16] supports the robustness of the model and its
adaptability across different subjects and educational levels. Nevertheless, while the present
study demonstrates promising results for online assessments, it was conducted within a single
university and focused on a specific topic. Future research should extend this approach to larger
and more diverse datasets across disciplines to confirm the generalization of these findings.

4. Conclusion

The selection of an appropriate IRT model for evaluating question quality in a question bank
is essential. To assess student guessing behavior effectively, the 3-PL IRT model should be
applied. The study shows that 97 items from the periodic test are of good quality and can be
included in the question bank. However, 10 out of these 97 questions require further
consideration due to high guessing levels, necessitating improvements to enhance the quality of
the items and MCQ banks. These items can be classified according to difficulty levels to ensure
their appropriate inclusion in final examinations. Ongoing evaluation and analysis of other
questions within the bank are critical to developing a robust and well-rounded question bank that
satisfies both quantitative and qualitative criteria. This will provide significant support to students
in their learning process and contribute to the overall effectiveness of the subject.
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This study has some contextual limitations related to data collection. The assessment was
conducted online without direct supervision, which limited control over students’ testing
behavior. In addition, the data were collected from a single educational institution and focused on
one topic. However, the 3PL-IRT model itself proved to be robust and appropriate for analyzing
MCQ test data under these conditions.
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