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Abstract: in biology learning, test instruments are essential for assessing students’ understanding
of complex concepts. A test instrument is a crucial factor in learning evaluation; however, its
implementation remains minimal. This descriptive quantitative study aims to analyze the quality of
test items using the classical approach in terms of validity, reliability, difficulty index, discrimination
power, distractor effectiveness, and the Rasch model analysis. The data consists of 30 multiple-
choice questions from a biology midterm exam administered to 40 students. Classical test data
analysis uses Microsoft Excel, while Rasch model analysis uses Winsteps software. The validity
test results from both approaches show 14 valid questions and 16 invalid ones. The reliability scores
are 0.619 (adequate) for the classical approach's Cronbach's Alpha, 0.85 (good) for the Rasch
model, and 0.65 (weak) for personal reliability. The classical test theory and the Rasch model
categorize item difficulty into four levels. The classical approach produces five categories for item
discrimination, while the Rasch model identifies three groups based on the item separation index
(H=3.45) and two groups based on respondent ability (H=1.96). Distractor effectiveness shows
93.3% functional distractors in the classical test and 80% in the Rasch model. The Rasch model
offers greater precision in measuring student ability and detecting bias. Both models should be
integrated for comprehensive item analysis. Future tests should focus on improving invalid items
and the quality of distractors.

Keywords: difficulty level; distractor effectiveness; item discrimination; reliability; validity

Introduction

The quality of education is very important for the progress of a country. The quality of education is not
only determined by the role of educators but also by the learning process. Educators play an important
role in designing and implementing the learning process, as well as conducting evaluations and
assessments to achieve learning objectives. The terms evaluation and assessment are often used
interchangeably, although they have significant differences. Assessment involves collecting data on
student performance through various methods, such as quizzes and reflective questions, to inform
teaching and learning strategies (Vorwerk & Engenhart-Cabillic, 2022). Evaluation, on the other hand,
synthesizes assessment data to make high-stakes decisions about student competence. This process
requires high-quality narrative feedback to ensure robust evaluation (de Jong et al., 2022).

An educator must have the ability to develop assessment tools that are aligned with indicators of learning
goal achievement (Milania & Murniati, 2022). In biology learning, midterm exams are critical for
assessing students' understanding of complex biological concepts. However, in practice, the quality of
the test items often does not reflect the intended learning outcomes, leading to an inaccurate
measurement of student abilities. Many assessments do not adequately reflect the core concepts of
biology, which is critical for integrated learning (Cliff, 2023). Educators must have assessment literacy to
distinguish between Assessment for Learning (AfL) and Assessment of Learning (AoL), which affects
their teaching practices and student engagement (Wu et al., 2021). To achieve this, educators must be
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trained in the implementation of assessments, from tool creation to detailed analysis and decision-
making based on the results obtained.

However, in reality, the lack of teachers' ability to create evaluation instruments causes the quality of the
tested questions to be unknown. A major problem in the biology midterm exam is the lack of item quality
analysis, which causes questions to be unable to accurately assess students' knowledge or skills. Poorly
structured questions may not reflect the cognitive processes students use, leading to an inaccurate
assessment of their knowledge and skills (Steiner & Frey, 2021). Inadequate evaluation tools can lead
to significant differences in the assessment of student performance, thus undermining the validity of
educational outcomes (Kok & Priemer, 2023). Such issues in biology midterm exams may hinder
effective learning, as students may not receive accurate feedback. Inadequate feedback from flawed
assessments may hinder students' understanding of their strengths and weaknesses. As a result,
educators may face challenges in tailoring instruction to meet the needs of their students (Angell et al.,
2024).

Evaluation is used to determine the quality of instruments and to ascertain whether learning objectives
have been achieved. Therefore, analyzing the quality of biology midterm exam items is essential to
ensure that the assessments accurately measure student learning and provide valuable insights for
educators to improve instruction. Conducting item analysis is essential to improve the quality of the
instrument to ensure that items have high validity and reliability. This is especially important for teachers
who aim to accurately assess student understanding. Validity refers to how well an instrument measures
what it is intended to measure (Jones et al., 2019). Reliability ensures consistent results across multiple
contexts. The development of validated instruments demonstrates the importance of reliability in
educational assessment (Batista et al., 2021). Other elements that support the quality of test items
include difficulty level and discrimination power. Distractors in multiple-choice tests can also be used to
measure students' understanding (Sumantri & Retni Satriani, 2016).

Item quality can be analyzed using Classical Test Theory (CTT) and Modern Test Theory (Retnawati,
2016). Modern Test Theory employs Item Response Theory (IRT), developed by Georg Rash, making
modern theory known as the Rasch model (Retnawati, 2014). Many testing programs still refer to CTT
in test design and result assessment due to several advantages of CTT over IRT. For example, CTT
models can be implemented with basic statistical tools, unlike ltem Response Theory (IRT), which often
requires sophisticated software and expertise (Fischer & Rose, 2016). CTT can produce reliable
estimates even with smaller sample sizes, which is beneficial in educational settings where data may be
limited (Prenovost et al.,, 2018). CTT designs typically require minimal resources, making them
accessible to a wide range of institutions, especially in resource-limited environments (Gray et al., 2020).
CTT produces total scores that are easy to understand and interpret, making them easier to use in
context practice (Morgan-Lopez et al., 2020).

However, one of the disadvantages of CTT is that it assumes all items contribute equally to the total
score, which can misrepresent the data, especially in heterogeneous populations (Sen et al., 2016).
This does not allow test items to match ability levels. IRT models, such as the Rasch model, can handle
various item characteristics and respondents' abilities, leading to more accurate assessments (R. Liu &
Jiang, 2020). Using IRT, the ability level and difficulty index of items can be mapped on a line using a
logit scale (Subali et al., 2019).

The Rasch model transforms raw scores into logit values, facilitating a direct comparison between item
difficulty and person ability (Van Zile-Tamsen, 2017). This transformation is important for maintaining the
integrity of parameter estimates, as it ensures that items and individuals are evaluated on the same scale
(Finch & Edwards, 2016). The model allows for the independent estimation of person and item
parameters, ensuring that ability measures are independent of the specific items used (Baghaei et al.,
2017). Infit and outfit MNsQ are important fit statistics in Rasch analysis that assess how well each item
fits the Rasch model. Values close to 1 indicate a good fit, while values outside the range of 0.5 to 1.5
indicate a mismatch (Poorebrahim et al., 2021). The Rasch model also allows for various ways to analyze
differential item functioning (DIF) to detect item bias that may unfairly favor or disadvantage certain
groups, thus increasing the likelihood of developing fair measurement scales (Hope et al., 2018). With
the concepts of unidimensionality, local independence, reliability, and fit, Rasch measurement has
contributed to research (Aryadoust et al., 2021).

Based on the above issues, research on the results of CTT and Rasch model analysis is essential to
determine the extent to which these two approaches are effectively used in learning evaluation. This
research aims to compare the analysis of validity, reliability, difficulty level, discrimination power of
guestions, and distractor effectiveness through both CTT and Rasch model approaches, and to identify
the advantages of the Rasch model over classical test theory, including the detection of biased
measurements and test takers' abilities. The instrument used in this research is the Mid-Semester
Assessment test for Grade XlI. An important effort to improve and develop evaluation instruments is the
item analysis of the Mid-Semester Assessment instrument. This analysis also enhances the objectivity
of tests to determine the achievement of learning objectives.

CTT and the Rasch Model each offer significant advantages in the analysis and evaluation of test
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instruments. CTT enables simpler and faster data analysis, as the results can be easily calculated and
interpreted (Fujimoto et al., 2019). In addition, CTT facilitates detailed item analysis, allowing educators
to evaluate item quality based on difficulty and discrimination power, which contributes to the overall
improvement of test quality (Saat, 2020). CTT also supports the validation of assessment instruments
and promotes fairness and consistency in assessment, which are crucial on a broader educational scale
(Jimam et al., 2019). Another advantage is its ability to provide useful information for educational
decision-making through simple statistical method mapping (Aaij et al., 2022).

On the other hand, the Rasch Model offers a high level of reliability by enabling differential item
functioning analysis, ensuring that test items function consistently across different groups (Bejerholm &
Lundgren-Nilsson, 2015). Rasch also provides more accurate interval-level data, which supports more
precise statistical analyses and interpretations (Robinson et al., 2019). In addition, the Rasch Model
ensures that items measure one underlying trait (unidimensionality), which is critical to the validity of
assessments and the interpretation of test results (Wilberforce et al., 2019). With its ability to identify
items that function differently across different groups, the model increases fairness in scoring and
optimizes response categories, resulting in more reliable measurements (Murphy et al., 2019).

Method

This research was conducted from February to March 2024, involving students from Class XII IPA 1 at
Madrasah Aliyah Negeri 2 Kota Tangerang. The research population consisted of 40 students,
comprising 28 female and 12 male participants. The study employed a descriptive quantitative method
to analyze the quality of the assessment instrument based on several key elements: validity, reliability,
difficulty level, discrimination power of questions, and distractor effectiveness. The analysis utilized both
Classical Test Theory (CTT) and the Rasch model, facilitating a comprehensive evaluation of the
assessment tool. The assessment instrument utilized in this study was the Mid-Semester Assessment
for the Biology subject, consisting of 30 multiple-choice questions. Each question was carefully designed
to assess specific biological concepts based on the curriculum objectives for Class Xl students. These
objectives covered a range of topics, from plant growth to metabolic processes, and the questions were
grouped based on corresponding indicators. Table 1 summarizes the indicators and corresponding
guestions.

Table 1. Summary of Indicators and Corresponding Questions

Indicator Questions Number
Understanding the Characteristics of Plant Growth 1,2,3
Identifying Types of Seed Germination 4,5
Understanding Plant Hormones and Their Effects on Growth 6, 10
Analyzing the Role of Light and Hormones in Plant Growth 7,8,9, 11
Understanding Catabolic Reactions and Metabolic Processes 12,14
Analyzing the Properties and Functions of Enzymes in Metabolism 13, 15, 16
Understanding the Stages of Aerobic and Anaerobic Respiration 17, 18, 20, 21, 22
Understanding Photosynthesis and Its Reactions 19, 23, 24, 25
Comparing Different Types of Fermentation 28
Analyzing the Glycolysis Pathway and Subsequent Reactions 29
Understanding the Role of CO2 and ATP in Photosynthesis and 26, 27, 30

Respiration

The data collected from the assessment were analyzed using both Classical Test Theory (CTT) and the
Rasch model. CTT analysis was conducted using Microsoft Excel, focusing on the validity, reliability,
difficulty level, discrimination power, and distractor effectiveness of the questions. The Rasch model
analysis was performed using Winsteps software version 4.5.2, enabling a more sophisticated evaluation
of item characteristics and providing insights into the advantages of Rasch analysis over CTT, including
its ability to detect biased measurements and accurately assess the abilities of test-takers.

In the Rasch Model, item discrimination is analyzed based on the individual ability levels of test takers.
This discrimination reflects how well each item can distinguish between high and low-ability participants.
In addition, the respondent separation index is used to identify different groups of respondents based on
their ability levels. To determine this separation, the strata equation (H) is used, which is calculated by
the Formula 1.

_ [(4 xseparation )+1]
- 3

H

@)
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The H value provides information about the number of ability groups of respondents that can be identified
based on the Rasch analysis results. Thus, the Rasch Model provides a more in-depth view of the ability
distribution of test takers and the suitability of items in the assessment instrument.

Results and Discussion

Validity
Instrument validity is a crucial element in research to ensure that the measurement tool accurately
assesses the intended construct. In educational instrument analysis, validity takes several main forms,
including content validity, construct validity and criterion validity. Content validity assesses the extent to
which an instrument covers relevant and comprehensive content areas, ensuring that every important
aspect of the theoretical construct it seeks to measure is represented. Instruments that have good
content validity reflect the learning objectives appropriately (Echevarria-Guanilo et al., 2019).

Construct validity, on the other hand, evaluates whether the measuring instrument assesses the
theoretical construct it is intended to measure, as described by Mazurek et al. (2020). Construct validity
can be evaluated through factor analysis or other statistical methods to ensure that the items in the
instrument measure the expected dimensions. In the Rasch model, construct validity is evaluated using
Item Outfit Mean Square (MNSQ) and Item Oultfit Z-Standard (ZSTD), which compare the expected
response with the observed response (Kdhler & Hartig, 2017). The MNSQ Infit and Outfit statistics help
assess how well items fit the expected model, ensuring that each item contributes meaningfully to the
overall construct being measured (Stanley & Edwards, 2016). An item is considered valid if it meets the
following three criteria:

a) Outfit MNSQ (Mean Square) Value :0,5 < Outfit- MNSQ < 1,5

b) Outfit ZSTD (Z-Standard) Value :-2,0<ZSTD < +2,0

c¢) Point Measure Correlation Value : 0,4 < Point Measure Corr < 0,85 (Sumintono & Widhiarso,
2015). This indicates that the item measures the same construct across student groups, ensuring
consistency of measurement.

Criterion validity involves the correlation between the results of a measurement tool and another
measure that has been recognized as a standard. Criterion validity can be obtained by predicting the
results of one test with the results of another test that is considered relevant (Ayres et al., 2021). In
Classical Test Theory (CTT), criterion validity is often assessed through Pearson's product-moment
correlation (r). An item is considered valid if the r value obtained exceeds the critical value of the table,
indicating a significant correlation with the total score (Ronk et al., 2016). On the other hand, the Rasch
model provides a more detailed approach through Point Measure Correlation analysis, which assesses
the relationship between student ability and items, strengthening the overall validity of the instrument.
The results of the Rasch model analysis can be seen in Table 2 and Table 3.

From the 30 test items analyzed using CTT and the Rasch model, 14 items were found to be valid, while
16 items were categorized as invalid. Although both models identified a similar number of valid and
invalid items, the underlying reasons for invalidity varied, providing insight into the strengths and
weaknesses of each measurement model.

CTT identifies the validity of test items primarily based on the correlation between students’ performance
on individual items and their total test scores. While this method is straightforward and provides a general
overview of item validity, it is sensitive to the sample used and may not account for bias in individual
items. For example, in items 17 and 18, CTT could not provide meaningful results, as these items had a
division by zero error (marked as #DIV/0!), indicating that all students answered them correctly or
incorrectly, preventing further analysis. This limitation in CTT means that it cannot handle items where
performance is homogeneous across test-takers (Zlatkin-Troitschanskaia et al., 2017).

In contrast, the Rasch model offers several advantages over CTT by focusing on each test item
independently of the test-taker's total score. This model can detect biased items and identify the
measurement error associated with individual test items (Eden, 2018). For items 17 and 18, the Rasch
model identified these as "item-free person" items, meaning they did not contribute to distinguishing
between high- and low-ability students. The Rasch model was able to indicate that these items should
either be revised or discarded, as they provided no meaningful differentiation in terms of student ability.
Moreover, Rasch's analysis provides detailed information about the difficulty level of each item and how
well each item fits within the overall test framework.

Each question in the assessment instrument was designed to evaluate specific indicators related to
biological concepts. The valid questions effectively measured students’ understanding of the
corresponding indicators, while the invalid questions failed to provide meaningful results due to various
factors, including their inability to discriminate between different levels of student ability (Tzafilkou et al.,
2022).
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Table 2. Output Table for Validity Testing Using Winsteps Application

ENTRY TOTAL TOTAL MEASURE MODEL INFIT OUTFIT PTMEASUR EXACT MATCH Item
NUMBER SCORE COUNT MNSQ ZSTD MNSQ ZSTD ALCORR EXP OBS% EXP%

3 7 40 3.36 44 92 -.21 71 -.62 45 .33 85.0 83.4 S3
28 14 40 2.28 .36 1.31 1.97 1.83 3.23 -.02 .38 60.0 70.4 8
22 15 40 2.15 .35 1.35 2.30 1.38 1.81 .03 .38 57.5 69.4 S22
21 18 40 1.79 .34 1.16 1.35 1.31 1.75 19 .38 60.0 66.8 S§21
23 19 40 1.67 .34 .85 -1.30 .81 -1.17 .53 .38 80.0 66.2 S23
26 23 40 1.20 .34 1.02 21 .97 -12 .36 .37 62.5 66.1 S26
16 29 40 44 .38 .9 -.56 .78 =72 .46 .33 80.0 74.4 S16
20 29 40 44 .38 1.05 .33 1.12 A8 27 .33 75.0 74.4 S20
24 29 40 44 .38 1.20 1.12 1.21 77 14 .33 65.0 74.4 S24
1 30 40 .29 .39 .98 -.05 .89 -.25 .36 .32 75.0 76.5 S1
7 30 40 .29 .39 1.03 .20 1.02 A2 .30 .32 75.0 76.5 s7
29 30 40 .29 .39 .78 -1.21 .64 -1.19 .57 .32 80.0 76.5 S29
27 31 40 A3 40 .87 -.56 74 -.68 .46 .31 825 78.6 S27
30 31 40 A3 .40 .87 -.55 73 -73 .46 .31 82.5 78.6 S30
13 32 40 -.03 .42 77 -.97 .60  -1.06 .55 .30 85.0 80.7 S13
2 34 40 -42 .46 .82 -.53 .59 -.81 48 27 87.5 85.3 S2
10 34 40 -.42 .46 1.17 .65 .62 1.21 .04 .27 82.5 85.3 $10
9 35 40 -.65 .50 .98 .06 .83 -12 .28 .26 87.5 87.5 S9
19 35 40 -.65 .50 .87 -.29 .75 -.29 .38 .26 87.5 87.5 S19
6 36 40 -.92 .55 1.10 .37 .90 .07 A7 24 90.0 90.0 S6
15 36 40 -.92 .55 .89 -15 .66 -.36 .36 24 90.0 90.0 S15
25 36 40 -.92 .55 1.15 48 1.22 .53 .08 .24 90.0 90.0 S25
4 37 40 -1.26 .62 1.10 .35 .93 A7 14 21 92.5 92.5 S4
8 37 40 -1.26 .62 1.0 .20 .64 -.25 .26 .21 92.5 92.5 S8
12 37 40 -1.26 .62 91 -.04 72 -13 .30 21 92.5 92.5 S12
14 37 40 -1.26 .62 .87 -1 .64 -.26 .35 .21 92.5 92.5 S14
5 39 40 -2.46 1.03 1.02 .33 .64 14 14 A3 97.5 97.5 S5
1" 39 40 -2.46 1.03 1.00 .31 .52 .01 18 A3 97.5 97.5 S11
17 40 40 -3.69 1.83 MINIMUM MEASURE .00 .00 100.0 100.0 S17
18 40 40 -3.69 1.83 MINIMUM MEASURE .00 .00 100.0 100.0 S18

MEAN 30.6 40.0 -25 .58 1.00 A 91 A 81.6 81.9

P.SD 8.3 .0 1.60 .37 15 8 .32 1.0 1.4 9.5

Table 3. Results of Analysis Using CTT and Rasch Model

No. Result Question Number
Classical Test Theory Model Rasch
1. Valid 1,2,3,12,13, 14, 15, 16, 19, 23, 1, 2, 3, 13, 14, 15, 16, 19, 23, 24, 26,
26, 27, 29, 30 27, 29, 30
2 Not Valid 4,5,6,7,8,9, 10, 11, 17, 18, 20, 4,5,6,7,8,9, 10, 11, 12, 17, 18, 20,
21,22, 24, 25, 28 21,22, 25,28

The valid questions, such as 1, 2, and 3, measured students’ understanding of plant growth
characteristics, successfully differentiating between students with varying levels of comprehension.
Questions 13 through 16, which focused on enzyme functions in metabolism, also demonstrated high
validity by providing clear insights into students' grasp of complex biological processes.

Many of the invalid questions, such as 4 through 11, failed to discriminate between students of different
abilities. For example, question 6, related to plant hormone functions, was invalid in both models due to
the homogeneity of student responses, indicating a lack of complexity or ambiguity in the question
design. These items may require revision to introduce more nuanced distractors or to cover more
challenging aspects of the concepts being tested.

Invalid questions, particularly items 17 and 18, provided critical insights into the limitations of both CTT
and Rasch analysis. In CTT, these items resulted in undefined values due to the lack of variance in
student responses (all students answered correctly). In the Rasch model, the same items were flagged
as problematic because they failed to discriminate between high and low-ability students, as all
participants performed uniformly (De Sa et al., 2019). This lack of differentiation means the items did not
effectively measure the intended construct. The Rasch model, however, was able to identify these issues
more precisely, suggesting that the items did not contribute meaningful information to the overall test
and should be revised or excluded from future assessments (Korbee et al., 2022).

Additionally, the Rasch model revealed that some questions, such as item 12, were valid according to
CTT but borderline in terms of Rasch's item-fit analysis. This discrepancy suggests that while the
question correlated well with the total score in CTT, it did not perform as well in differentiating ability
levels according to the Rasch model. Therefore, these items should be carefully reviewed to determine
whether minor revisions could enhance their effectiveness.

Based on these findings, invalid items could be revised to improve their ability to differentiate between
different levels of student understanding. This may include: 1) revising distractors to make incorrect
answers more plausible; 2) adjusting question-wording to avoid ambiguity or unexpected clues; and 3)
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ensuring that items cover a range of difficulty levels to differentiate between students of different abilities.
In addition, incorporating more challenging aspects of biological concepts can help improve the validity
and reliability of test items (Blacquiere & Hoese, 2016).

Reliability

Instrument reliability is an important aspect in the evaluation of measuring instruments to ensure the
consistency and stability of the results obtained. Reliability, defined as the ability of an instrument to
produce consistent results across a range of conditions, is crucial in ensuring that the data generated is
reliable in scientific research (Babu & Kohli, 2023). Good reliability ensures that the measurement tool
can be used repeatedly in various situations without compromising the validity of the findings obtained.
Strong reliability allows researchers to draw more accurate and trustworthy conclusions, contributing
significantly to the quality of research and reliable data-based decision-making (Mohajan, 2017).

The reliability of testing instruments is often assessed through Cronbach's Alpha, a method in Classical
Test Theory (CTT) that measures internal consistency between items in an instrument. A test item is
considered reliable if it has a correlation coefficient value of -1.00 < p < +1.00 (Retnawati, 2016). An
alpha coefficient above 0.7 is generally considered to indicate acceptable consistency, with coefficients
between 0.79 and 0.84 reflecting good reliability (Jacobs et al., 2017). Reliability is categorized as weak
if <0.67, while > 0.94 is considered excellent (Sumintono & Widhiarso, 2015).

Strong reliability indicates that the instrument can capture stable traits in individuals, even when they are
faced with different challenges or conditions (Baldan et al., 2021). In the Rasch model, reliability is
assessed through two main indicators: person reliability and item reliability, which provide insight into
measurement reliability at both the student and item levels. The Rasch model also uses the person
separation index to group respondents based on their ability, providing an additional dimension in
assessing measurement consistency. In this analysis, higher Rasch reliability values compared to CTT
indicate superiority in instrument measurement consistency (Krélikowska et al., 2023).

Reliability testing in the Rasch model can be analyzed from Table 4 output in the Winsteps application.
The Table 4 was the results of the reliability analysis of the PTS instrument using CTT and the Rasch
Model.

Table 4. Results of Reliability Analysis via CTT and Rasch Model

Reliability CTT Reliability of the Rasch Model

Alpha Value Category Person Category Item Category
Cronbach Reliability Reliability

0.619 Adequate 0.63 Weak 0.85 Good

The reliability analysis provides crucial insights into the consistency of the test instrument. In Classical
Test Theory (CTT), a Cronbach's alpha value of 0.619 was obtained, which falls under the "adequate"
category according to commonly accepted reliability standards (Retnawati, 2016). Cronbach's alpha of
0.619, while adequate, indicates that test items may not consistently measure the intended concept,
requiring refinement (Elliott et al., 2020). This indicates that while the test demonstrates some degree of
internal consistency, there is still room for improvement to ensure that the items consistently measure
the intended biological concepts. Higher Cronbach's alpha values, closer to 1.0, would indicate higher
reliability, Cronbach's values above 0.9 indicate excellent reliability (Van Vliet et al., 2021). However, the
current value indicates that the test can provide a satisfactory measure of student knowledge.

In contrast, the Rasch model offers a more detailed view of test reliability. The item reliability value
obtained is 0.85, the Rasch model item reliability value of 0.85 is classified as “good”. This indicates that
the items used in the midterm exam are strong in measuring the targeted biology skills. The Rasch
model's ability to evaluate each item individually provides valuable information about which items perform
well and which need revision. In addition, the person reliability score of 0.63, which is classified as
“‘weak”, indicates that students' answers lacked consistency. An individual reliability score of 0.63 is
considered “weak”, indicating variability in students' answers (Lewis et al., 2020). This may suggest that
the biology exam questions may be too difficult or too easy for some students, leading to inconsistencies
in their answers.

The difference in reliability results between CTT and the Rasch model can be attributed to their distinct
focuses. While CTT evaluates the overall test, the Rasch model offers a more granular analysis down to
the performance of individual items, providing a clearer picture of which items contribute to or detract
from the test's reliability. This is one of the Rasch model's main advantages, as it allows for more targeted
revisions and improvements in item quality (Gaitan-Rossi et al., 2021).

The biology test items included in this study appear to be realistic in covering understanding biological
concepts. However, the relatively low reliability values from the Rasch analysis suggest that some items
may not be optimal in differentiating between students of different ability levels. This may indicate that
some questions were too easy or difficult, or some distractors were ineffective, leading students to guess
the correct answer instead of choosing the correct one based on their understanding.
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To address this, further item-level analysis, particularly using the Rasch model, can be conducted to
revise questions that do not contribute meaningfully to the accurate measurement of students' knowledge
and skills. By adjusting the difficulty level of specific items and ensuring that all distractors are valid, the
reliability and validity of the test as a whole can be improved (Sumintono & Widhiarso, 2015).

Difficulty Level

The difficulty index (p-value) is calculated as the ratio of correct responses to the total number of
responses. This index ranges from 0-100% or 0.0-1.0 (Musa et al., 2021), as in Table 5. A higher index
(closer to 1) indicates that more participants answered the item correctly (Seide et al., 2019). A higher
difficulty index correlates with a greater percentage of correct answers, indicating that items with higher
values are easier for participants. This is important for creating a balanced assessment that can
effectively differentiate between different levels of knowledge (Orozco et al., 2022). In CTT, the criteria
for the item difficulty index are as follows (Lestari & Yudhanegara, 2015).

Table 5. Item Difficulty Index in Classical Test Theory (CTT)

Difficulty Index Interpretation
IK =0.00 Very difficult
0.00<1K<0,30 Difficult
0.30<IK=<0.70 Moderate
0.70<IK<1.00 Easy
IK=1.00 Very easy

Meanwhile, in the Rasch model, the difficulty level of an item is based on its size value. ltems with a
measure < -1 are considered very easy, indicating that most respondents can answer them correctly
with little effort (Gay et al., 2016). Items that range from -1 to O are classified as easy, indicating that they
are accessible to most respondents (Nielsen et al., 2017). Iltems with a measure between 0.1 and 1 are
considered difficult, reflecting a higher level of challenge for respondents. Items that exceed a measure
of 1 are categorized as very difficult, indicating that only a few respondents can answer them correctly
(Rodrigo et al., 2019). Difficulty level analysis in the Rasch model can be observed from the measure
values listed in Table 6 (discussed under validity). Based on the CTT and Rasch Model analysis results,
the data for difficulty levels are as follows.

Table 6. Difficulty Level Analysis Results via CTT and Rasch Model

CTT Difficulty Level Rasch Model Difficulty Level
Category Number of Total Number Category Number of Total Number
Questions of Questions Questions of Questions
Very difficult Very difficult 3, 21, 22, 23, 26, 6
28
Difficult 3 1 Difficult 1, 7, 16, 20, 24, 8
27, 29, 30,
Moderate 21, 22, 23, 26, 5 Moderate
28
Easy 1,2,4,6,7,8,9, 20 Easy 2, 6,9, 10, 13, 8
10, 12, 13, 14, 15,19, 25
15, 16, 19, 20,
24, 25, 27, 29,
30
Very easy 511,17, 18 4 Very easy 4, 5, 8, 11, 12, 8
14,17, 18

The analysis showed significant differences between the CTT and Rasch models in categorizing item
difficulty. In CTT, the majority of items (20) were classified as easy, whereas in the Rasch model, only 8
items fell into this category. In addition, the Rasch model identified 6 items as very difficult, while CTT
did not identify items in this category.

The Rasch model's identification of 6 very difficult items suggests that these items may require a higher
level of cognitive ability than other items, potentially making them unsuitable for the intended population.
These items, particularly item numbers 3, 21, 22, 23, 26, and 28, should be reviewed to ensure that they
are appropriate for the knowledge and skills expected of students. Similarly, the identification of 8 very
easy items (items 4, 5, 8, 11, 12, 14, 17, and 18) by the Rasch model raises concerns about whether
these items effectively measure the targeted concepts or are too easy for most students.

CTT and the Rasch model show that the two models provide different perspectives on item difficulty,
CTT relies on aggregate data, which can obscure individual item performance and lead to biased
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interpretations of item difficulty (O’Brien et al., 2021). Whereas the Rasch Model evaluates items based
on their ability to differentiate between different ability levels of respondents, offering a more nuanced
understanding of item difficulty (Kassim et al., 2023). The model also allows for the identification of
differential item functioning, which CTT does not adequately address.

Item Discrimination

Item discriminating power measures how effectively an item can distinguish between high and low-ability
students on a test. High discriminating power indicates that the item is effective in identifying differences
in ability levels among test-takers (McKeigue, 2019). The discrimination index ranges from 0.00 to 1.00,
where higher values indicate better discriminating power. The discrimination index is essential to ensure
that the assessment effectively distinguishes different levels of ability among test takers, which is
important for accurate measurement in an educational setting (Teresi et al., 2021).

The results of the discrimination index analysis using CTT, as shown in Table 7, indicate that most of
the items in the test exhibited low discriminating power, with 15 items falling into the ‘Low’ category (D <
0.20). Items that are too easy or difficult do not provide meaningful information about the ability of test
takers, resulting in a low discriminating power index (Hagquist, 2019). Meanwhile, 8 items fell into the
‘Medium’ category (0.20 < D < 0.40), 5 items fell into the ‘High’ category (0.40 < D < 0.70), and only 1
item showed ‘Very High’ discriminating power (D > 0.70). High discriminability in test items enables
accurate measurement of the underlying construct, ensuring that judgments reflect true differences in
ability or symptoms rather than demographic bias (De Sa et al., 2019). High item discrimination
contributes to test reliability and validity, as it ensures that items are not biased towards certain groups,
thus increasing fairness in assessment (Liuzza et al., 2021).

Table 7. Criteria for Differentiating Questions and Analysis Results Using CTT

The magnitude of Differentiating Power Number of Questions  Total Number of

the D grade Category Questions
D<0 Very low 22 1
0<D=<0.2 Low 4,5,6,9, 10, 11, 12, 14, 15
5,17, 18, 21, 24, 25, 28
02<D<04 Fair / Medium 1,7,8,19, 20, 26, 27, 30 8
04<D<07 Tall 2,3,13,16, 23 5
0.7<D<=1 Very high 29 1

In the Rasch Model, item discrimination is analyzed based on the ability levels of individual test-takers.
Additionally, respondent separation indices can be used to identify respondent groups. To determine
grouping, the strata equation (H) is utilized, as Formula 2.

H = [(4x separation)+1]

a ()

The Rasch model provides a more sophisticated item discrimination analysis. The model calculates the
item and respondent separation index to determine how well test items differentiate between different
ability groups (Garrido et al., 2019). The item separation index measures the ability of test items to
differentiate between groups, while respondent separation indicates the degree of differentiation among
test takers. The item separation index measures item discrimination, indicating how well test items can
differentiate between individuals of different ability levels (Jin & Jeon, 2019).

The item separation value was 2.34, resulting in a stratum (H) value of 3.45, indicating that the items
could categorize students into three different ability levels. In addition, the respondent separation was
calculated as 1.22, with H = 1.96, indicating that there are two groups of respondents with different ability
levels. The separation values are observed from the output table in the Winsteps application, as in Table
8.

The findings of Li et al. (2016) highlight that high item separation values indicate that test items are well-
directed and sufficiently challenging for the population tested. High item separation values indicate that
items are effective in distinguishing between high- and low-ability respondents, improving the overall
reliability of the assessment. The item reliability index of 0.85 in Table 8 further confirms the quality and
consistency of the test items in differentiating student ability.

The Rasch model offers a powerful approach to analyzing item discrimination, enabling a deeper
understanding of student performance. Compared to CTT, which relies solely on percentage-based item
indices, the Rasch model incorporates a probabilistic framework that adapts to test-takers individual
abilities, ensuring a more accurate and meaningful interpretation of test items (Nielsen et al., 2017). The
results show that while there are some areas for improvement in test design (e.g., items with low
discrimination in the CTT), the Rasch model provides deeper insights into how these items function in
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differentiating groups of students, which is critical to ensuring the validity and reliability of assessments.

Table 8. Problem Differentiation Analysis Using the Rasch Model

Summary of 40 Measured Person

TOTAL COUNT  MEASURE  MODEL INFIT OUTFIT

SCORE S.E. MNSQ ZSTD MNSQ ZSTD
MEAN 23.0 30.0 1.57 55 99 07 91 .06
SEM 5 0 15 02 04 13 07 14
P.SD 32 0 92 12 23 83 46 85
S.SD 33 0 93 A2 24 84 47 86
MAX. 29.0 30.0 419 1.08 1.55 1.88 2.04 247
MIN. 13.0 30.0 -63 44 52 -1.40 20 1.2
REAL RMSE 58 58  TRUE SD 71 SEPARATION Person REABILITY 60
MODEL RMSE 56 56  TRUE SD 72 SEPARATION Person REABILITY 62
S.E. Of Person MEAN = =.15

Person RAW SCORE-TO-MEASURE CORRELATION = .97
CRONBACH ALPHA (KR-20) Person RAW SCORE “TEST” REABILITY = .63 SEM = 1.97
Summary of 28 Measured ltems

TOTAL COUNT  MEASURE MODEL INFIT OUTFIT

SCORE S.E. MNSQ ZSTD MNSQ ZSTD
MEAN 30.0 40.0 00 49 1.00 13 91 06
SEM 1.6 0 26 03 03 16 .06 19
P.SD 8.2 0 1.36 A7 15 81 32 97
S.SD 8.3 0 1.38 18 15 83 33 99
MAX. 39.0 40.0 3.36 1.03 1.35 2.30 1.83 3.23
MIN. 7.0 40.0 -2.46 34 77 -1.30 52 -1.19
REAL RMSE 53 TRUE SD 125  SEPARATION 2.34 Item REABILITY 85
MODEL RMSE 52 TRUE SD 125  SEPARATION 2.40 Item REABILITY 85
S.E. Of Person MEAN =.26

Effectiveness of Distractors

Multiple-choice tests are widely used in the learning assessment process due to their ability to streamline
the evaluation process and provide rapid assessment of a wide range of knowledge and skills (Trampush
et al., 2017). The objective nature of multiple-choice tests also minimizes bias in scoring, resulting in a
clearer assessment of students' cognitive abilities (Barbic et al., 2018). In multiple-choice tests, the use
of good stems and plausible answers (options) along with incorrect choices (distractors) can reveal
underlying misconceptions among test-takers (F. Wang et al., 2020). Therefore, effective distractors
become an important element in assessing students' conceptual understanding. Well-constructed
distractors not only challenge test-takers to think critically but also provide a clear framework for
evaluating knowledge, both through recall and recognition (Ye et al., 2022).

Distractor efficiency has a significant impact on the Difficulty Index and Discrimination Power of multiple-
choice items. Recent research has shown that items with efficient distractors tend to have lower difficulty
and higher discrimination power, indicating their effectiveness in differentiating between students'
diverse levels of understanding (Rezigalla et al., 2024). Thus, in both Rasch analysis and the Classical
Theory of Tests, effective distractors not only serve as a diagnostic tool to evaluate student
understanding but also improve item quality in terms of more valid and reliable measurement.

The effectiveness of distractors in the Rasch model can be observed in the Table 9.

Table 9. The Snippet of the Results of the Analysis of the Rasch Model Representing the Effectiveness
of the Distractor

ENTRY DATA SCORE DATA ABILITY S.E. INFT OUTF PTMA Item
NUMBER CODE VALUE COUNT % MEAN P.SD MEAN MNSQ MNSQ CORR.

3 E 0 2 5 .99 45 .45 4 5 -15 S3
C 0 7 18 1.07 74 .30 .6 .6 -.25
B 0 3 8 1.46 .35 .25 .6 7 -.03
A 0 21 53 1.51 .88 .20 11 11 -.07
D 1 7 18 2.46 .81 .33 .8 7 45

28 B 0 13 33 1.34 .67 19 1.0 9 -18 S28
A 0 1 3 1.44 .00 7 .8 -.02
C 0 8 20 1.84 1.06 .40 1.7 25 15
D 0 4 10 1.91 46 .27 1.3 1.4 12
E 1 14 35 1.54* 1.07 .30 1.5 2.0 -.02

22 A 0 1 3 -.63 .00 A A -.38 S28
D 0 24 60 1.64 .76 .16 1.3 1.3 .09
B 1 15 38 1.60* .98 .26 1.5 1.4 .03

" A 0 1 3 .54 .00 1.0 5 -.18 S11
D 1 39 98 1.60 91 15 1.0 1.0 18

17 E 1 40 100 1.57 92 15 .0 .0 .00 S17

Table 10 is a comparison table of the effectiveness of the distractor of PTS questions that have been
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analyzed using CTT and the Rasch Model.

Table 10. Comparison of Effectiveness of Distractors in PTS Items Analyzed Using CTT and Rasch

Model
Distractor Classical Test Theory Rasch Model
Effectiveness Number of Total of Percentage Number of Total of Percentage
Questions  Number Questions Number
Questions Questions
Functions 1,2, 3,4, 5, 28 93,3% 1, 2,3, 4,5, 24 80%
6,7,8,9,10, 6,7,8,9 11,
11, 12, 13, 12, 13, 14,
14, 15, 16, 15, 16, 19,
19, 20, 21, 20, 21, 23,
22, 23, 24, 24, 26, 27,
25, 26, 27, 29, 30
28, 29, 30
Not 17,18 2 6.7% 10, 17, 18, 6 20%
functioning 22,25, 28

In CTT, distractors are considered effective based solely on student selection, suggesting a direct
measure of distractor performance (Gao et al., 2019). The Rasch model evaluates distractors not only
by student choice but also by their impact on overall ability estimates, providing a more nuanced
understanding of distractor effectiveness (Cecilio-Fernandes et al., 2017). This model allows for detailed
analyses of item functioning, revealing how distractors can affect the measurement of students' true
abilities (Goh et al., 2017). High-quality distractors play an important role in improving test diagnostics
(Blanco et al., 2023), and the use of overly obvious distractors can reduce test performance by increasing
correct responses higher than they should be (Gao et al., 2019).

For example, in question 3, 7 students (18%) answered correctly by selecting option D, while distractor
A was selected by 21 students (53%), B by 3 students (8%), C by 7 students (18%), and E by 2 students
(5%). This shows that the distractors are functioning well (effective). According to Yow & Priyashri (2019),
well-constructed distractors encourage students to think critically by evaluating each option in more
depth, rather than relying solely on memorization.

In the Rasch model analysis, the effectiveness of distractors is also seen from the increase in average
ability. In question 3, the average proficiency for each option was E =0.99, C=1.07, B=1.46, A=1.51,
and D (correct answer) = 2.46, indicating an increase in average proficiency and that the distractor was
effective. In contrast, in question number 28, the average proficiency for each option was 1.34, 1.44,
1.84, 1.91, and 1.54, indicating a decrease in average proficiency, so the distractors were considered
ineffective. Papenberg & Musch (2017) emphasize that tests with few high-quality distractors are more
effective than many low-quality distractors, as they can produce more reliable scores.

Furthermore, in question 17, all test takers chose option E, which indicates that the distractors were not
functioning properly. Distractors that are too similar to the correct answer can cause increased anxiety
and confusion in students, negatively impacting their performance (Rogowska et al., 2022).

Overall, analyzing the effectiveness of distractors using the Rasch model is more comprehensive
because it considers changes in student ability more accurately, thus being able to distinguish between
students who have mastered the material and those who have not. Therefore, the use of this model can
improve the diagnostic ability of a test (Blanco et al., 2023).

Differential Iltem Functioning (DIF) or Measurement Bias

Differential Item Functioning (DIF) refers to a situation where individuals from different groups, but having
the same underlying ability, do not have the same probability of answering an item correctly. This signals
a bias in measurement and may result in unfairness in the assessment results. DIF is an important issue
in measurement using Rasch models and Item Response Theory (IRT), which assume that the
probability of answering an item correctly depends only on individual ability, not on group characteristics
(Goel & Gross, 2019). If there is a violation of this measurement invariance assumption, there will be
misinterpretation of scores and potential bias toward certain groups (Y. Liu et al., 2019). Therefore, DIF
detection is essential to maintain validity and fairness in tests, especially in the context of educational
assessment.

DIF can be caused by various factors, including differences in culture, language, or group characteristics
such as gender and socioeconomic status (Cheema, 2019; Runge et al., 2019). For example, on some
items, biological or cultural differences can cause certain groups to have different responses to the same
item (Hagquist, 2019). Detection and treatment of DIF can be done using statistical analyses such as
the Rasch model, which allows for the identification of items that function differently among such groups
(Chen et al., 2019). In the Winsteps application, bias is observed through Item: DIF, between/within in
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the output Table 11 (Sumintono, 2016).

Table 11. Results of DIF Analysis Using the Rasch Model

Person SUMMARY DIF D.F. PROB. BETWEEN-CLASS/GROUP Item Name
Classes UNWTD MNSQ
2 10231 1 8791 .0239 -1.04 1 S1
2 1.1041 1 2934 1.1971 .60 2 S2
2 4937 1 4823 5319 .07 3 S3
2 1.7433 1 .1867 1.9850 1.02 4 S4
2 1414 1 7069 4685 .00 5 S5
2 1.3214 1 .2503 21741 1.10 6 S6
2 .0231 1 8791 .0239 -1.04 7 s7
2 8855 1 .3467 1.5561 .81 8 S8
2 2.0448 1 1527 2.3078 1.15 9 S9
2 .0107 1 9175 0.101 -1.19 10 S10
2 1414 1 7069 4685 .00 1 S11
2 .8855 1 .3467 1.5561 .81 12 S12
2 2241 1 6359 2349 -34 13 S13
2 .8855 1 .3467 1.5561 .81 14 S14
2 .0876 1 7673 0914 -.69 15 S15
2 1612 1 6880 .1684 -.48 16 S16
2 .3591 1 .5490 .3813 -1 19 S19
2 1612 1 6880 .1684 -.48 20 S20
2 1.9648 1 1610 2.2077 1.11 21 S21
2 1.9601 1 1615 2.1852 1.10 22 S22
2 2.5445 1 1107 2.9175 1.38 23 S23
2 1516 1 6970 .1583 -.50 24 S24
2 .7060 1 4008 7566 .28 25 S25
2 .0969 1 7556 .1003 -.66 26 S26
2 5.6410 1 0175 7.2570 2.46 27 s27
2 2.6467 1 .1038 3.0276 1.42 28 S28
2 .0231 1 8791 .0239 -1.04 29 S29
2 5190 1 4713 5512 .09 30 S30

The results of the DIF analysis using the Rasch model, as shown in Table 11, identified that item S27
had a probability value of 0.0175 (smaller than 5%). A common threshold for identifying significant DIF
is a probability value of 0.05, which indicates a potential bias in item responses (Wyse & Mapuranga,
2009). This indicates a significant difference in the item responses between the tested groups, which
may suggest the presence of sex-related bias in item S27. To maintain measurement fairness, this item
needs to be revised so as not to disadvantage one group, in this case, a particular gender group.

In general, the other items analyzed in this table showed no significant DIF, as indicated by probability
values greater than 0.05 for most items. This indicates that the items function equally among the groups
tested and do not require further revision.

DIF is an important indicator in ensuring the validity of assessment instruments. In this context, DIF
analysis helps in maintaining that the multiple-choice test used can provide a fair measurement without
bias towards a particular group. Previous studies support the importance of considering demographic
factors such as gender and age in DIF analysis (De S& et al., 2019), which was also found in this study
on item S27. Detection and management of DIF will improve the overall validity and reliability of the test,
as well as ensure fairness to all test takers.

Individual Abilities

Individual abilities in the Rasch Model refer to participants' abilities or skills measured based on their
responses to test items. Each participant is mapped on a logit scale, which describes the individual's
level of ability relative to the difficulty of the test item. This logit scale allows for a more accurate analysis
of how much ability a participant has to solve a given item, with participants who have higher logit values
considered to have a higher ability to solve the item than participants with lower logit values. The Wright
Map is a visual tool that helps map individual ability against item difficulty, thus facilitating a clearer
interpretation of the interaction between participant ability and item characteristics (Le et al., 2022;
Nielsen et al., 2017; Parra-Anguita et al., 2019).

This Rasch Model provides the advantage of separating individual ability and item difficulty on the same
scale, allowing visualization of the distribution of test-taker ability and item difficulty simultaneously (Tesio
et al., 2024). This makes the Rasch Model superior to classical test theory (CTT), which tends not to
account for item and participant variability independently (L. Wang et al., 2022).

The application of the Rasch Model can be seen in the construct map in output Table 1.0 in the Winsteps
application. In the Figure 1, individual abilities are identified on the left side (in logit units), while item
difficulty levels are on the right side.
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Figure 1. Wright's Map of the Rasch Model Individualization Ability

Based on the Wright Map in Figure 1, the distribution of test taker ability and item difficulty can be seen
clearly. The map depicts test takers' ability on the logit scale on the left side and item difficulty on the
right side. As can be seen, student 32P has the highest ability, which is positioned at the top of the logit
scale. This student can cope with all items, including the most difficult item, S3, which is at the top of the
item difficulty scale. This indicates that student 32P's ability is higher than the difficulty of the items
available.

In contrast, student 01P showed the lowest ability among all participants, positioned at the bottom of the
logit scale. This student was unable to complete even the easiest items, such as S17 and S18, which
are at the bottom of the item difficulty scale. Thus, this student performed below the difficulty level of the
items in the test.

The use of the Wright Map in this analysis is very useful for identifying gaps or differences in ability
between test takers and item difficulty. For example, the large gap between students 32P and 01P
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indicates a wide range of abilities among participants, which demands adjustments in item difficulty to
accommodate the entire spectrum of test takers' abilities (Vaccarino et al., 2023). The Rasch model
facilitates more accurate and focused measurement by mapping individual ability more precisely to item
difficulty (Bradley & Massof, 2017; Jacob et al., 2019).

Thus, test takers' abilities can be mapped more granularly and accurately using the Wright Map. This
allows educators and researchers to assess how precisely the items are aligned with the ability of the
individual being tested, as well as providing insights for further interventions that may be needed at
different ability levels (Le et al., 2022).

An advantage of the Rasch model over CTT is its ability to accurately measure individual abilities and
analyze the alignment of abilities with response patterns among test participants and items using a
scalogram. Vertically, from top to bottom, the scalogram indicates high to low abilities, while horizontally,
from left to right, it shows items from easy to difficult. The scalogram can be observed in Figure 2.

GUTTMAN SCALOGRAM OF RESPONSES:

Person |Item
[11 1 11 12 1 1123 212222222
| 785148246559920370179604631283

32 +111111111111111111111111111101  32P
8 +111111111111111111111111111010 08P
14 +111111111111111111111101110110 14L
19 +111111111111111111111110101110 19P
23 +111111111111110111111111111001 23P
9 +111111111111111111101111001110 09P
16 +111111111111111111101111110001 16P
25 +111111111111110111111111011001 25P
29 +111111111111111111111111110000 29P
40 +111111111111111111111111110000 40P
3 +111111111111111111011111010001 03L
4 +111111111111111111011101111000 04L
13 +111111111101111111111101010011 13P
20 +111111111111111111111110001010 20L
11 +111111111111111111110011110000 11P
12 +111111111111011101111011110100 12P
21 +111111111111111110111110011000 21P
2 +111111011111111111011101110000 O2P
18 +111111110011111111111110001010 18P
24 +111111100111110011111101111001 24P
28 +111111111111011111111001100100 28P
30 +111111111100111101111111100100 30L
34 +111111111100111101111111101000 34L
39 +111101111111111111111010000110 39L
26 +111111111111101010100111011010 26P
33 +111111111111111110111010100000 33P
36 +111111111111111110001110101000 36P
38 +111101111110110100111111100110 38L
5 +111111111011111101001110000110 0O5L
7 +111111111110111111010011000100 07P
22 +111111111111101011110011100000 22L
35 +111110011111101110011101111000 35P
10 +111111110111111111101000000100 10P
15 +111111111111100101100110100100 15L
17 +111110110111011111100110011000 17P
37 +110101111111111011000101100110 37P
31 +111010101001111011111111000100 31P
6 +111111111111110000010011001000 O06P
27 +111111111111001000100001000010 27L
1 +111111001010001000010001001010 01P

[11 1 11 12 1 1123 212222222
| 785148246559920370179604631283

Figure 2. Analysis of Abilities Using a Scalogram with Rasch Model

In the analysis of individual ability using the Rasch model, one of its main advantages is the ability to
convert raw scores into linear measures of ability. This allows for a clearer understanding of student
ability relative to the difficulty level of a given item (Tesio et al., 2024). Based on the analysis results of
the Guttman Scalogram, several things stand out regarding the discrepancy in students' response
patterns, which may indicate unintentional guesses or errors.
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For example, student 39L appeared to be inattentive because he was unable to answer the easiest item
(item 4) but managed to answer several more difficult items such as item 7 and item 29. This pattern
indicates a mismatch that may occur due to a lack of understanding of the concept or guessing behavior
(Ibrahim et al., 2015). According to Tesio et al. (2024), this can be identified as part of the Rasch model's
ability to detect inconsistent patterns and signal potential guessing.

In addition, students 29P and 40P showed identical response patterns, suggesting the possibility of
collusion. As described by (Bramley, 2015), the Rasch model allows educators to identify non-genuine
or cheating response patterns, especially if there are striking similarities between two test takers. This
analysis increases the validity of the assessment, as it can separate genuine ability from potential
cheating or random guessing (Darmana et al., 2021).

In the case of student 37P, there was a pattern where the student failed to answer an easy question
(item 5) but was able to answer a difficult question (item 28), which exceeded his logit ability. A similar
pattern was seen for student 31P, where the easy item (item 11) was not answered correctly, but the
difficult item (item 22) was answered correctly. This may indicate luck or guessing, as explained by Goh
et al. (2017), that the Rasch model is able to detect responses that indicate guessing behavior and
distinguish between genuine ability and unintentional guessing (Pretz et al., 2016).

Further research has also shown that Rasch analysis can effectively identify response patterns that do
not match true ability, which can help in distinguishing genuine concept understanding from responses
generated by chance (Seamon et al., 2019). In cases like this, Rasch analysis helps in maintaining the
accuracy of the assessment, ensuring that students' scores reflect their genuine ability and are not the
result of random responses (Andrich et al., 2016).

Conclusion

This study demonstrates that both Classical Test Theory (CTT) and the Rasch model provide valuable
insights into the characterization of biology test items, though they offer different perspectives.
Specifically, CTT highlighted that while 14 items were valid, 16 were deemed invalid, and the reliability
(Cronbach's Alpha) was at a sulfficient level of 0.619. In contrast, the Rasch model produced a more
detailed analysis, indicating a higher overall reliability of 0.85, with person reliability at 0.65, suggesting
areas for improvement in the consistency of student responses. In terms of item difficulty, CTT
categorized most items as easy (20 items), while the Rasch model provided a broader classification,
identifying 6 very difficult and 8 difficult items, which underscores the model's capacity for more nuanced
item calibration. Item discrimination revealed that CTT showed more variability in categorization, with
most items rated as having low to moderate discrimination. The Rasch model, however, consolidated
discrimination into fewer categories but with clearer item separation indices (H = 3.45), suggesting
greater precision in distinguishing item difficulty across the respondent population. Regarding distractor
effectiveness, CTT indicated that 93.3% of distractors were effective, while the Rasch model showed
that 80% were effective, highlighting a potential gap in distractor performance that could benefit from
further refinement using Rasch analysis.

CTT offers a more general evaluation of test reliability and item difficulty, but its analysis of item
discrimination and distractor effectiveness may lack the depth provided by the Rasch model. The Rasch
model provides a more refined understanding of item difficulty and respondent ability, detecting finer
distinctions in both item and person parameters. The Rasch model identifies patterns of guessing and
potential item bias that were not as evident in the CTT analysis, making it a more robust tool for identifying
test anomalies and improving test quality.

This research is limited by the small sample size of 40 students from one class, which may affect the
generalizability of the findings. Future studies should consider larger and more diverse sample sizes to
strengthen the conclusions and applicability of the results. Future research should explore larger
samples to verify the generalizability of these findings across different contexts. Additionally, combining
CTT and Rasch model analyses can provide a more comprehensive evaluation of test instruments.
Educators should consider utilizing the Rasch model for deeper insights into test validity and reliability,
especially in identifying inconsistencies in item performance and student responses. Further exploration
of item bias detection in high-stakes assessments is also recommended.
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