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Abstract

Background/purpose. This study aims to validate the computer-based
physics test (CBPsyT) construct through confirmatory factor analysis
(CFA) to ensure that CBPsyT is suitable for its intended use. However,
CFA studies are based on weak theoretical perspectives, a lack of
testing of alternative theoretical views, or insufficient evidence for
construct validity, so item response theory (IRT) analysis needs to be
added to this study.

Materials/methods. The research is exploratory and includes a
guantitative approach. We developed CBPsyT according to test
development procedures consisting of twelve steps and administered
it to 516 students. Construct validity analysis based on the CFA and IRT
perspectives using the R program.

Results. The relationship between indicators and latent constructs, with
multiple representations in CBPsyT, is indicated by indicator loadings>
0.70, which denote a strong relationship between the two. Internal
consistency is demonstrated by a composite reliability > 0.80, and CFA
model fit values indicate that the hypothesized model is consistent with
the empirical data. The IRT results add that discrimination and difficulty
scores range from -2 to +2. The test information function indicated that
the instrument was reliable for ability (Theta) scores ranging from -3 to
+3.

Conclusion. The test quality profile was complete when CFA and IRT
were combined. To the best of our knowledge, this article provides
practical information on the psychometric characteristics of CBPsyT
and guides new researchers in demonstrating construct validity.
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1. Introduction

Estimating the construct of a test instrument in a measurement is important because the results
reveal the true nature of the instrument in question (Weyers et al., 2023). Construct validity is one
type of validity, similar to content validity and predictive validity, and is used to assess the extent to
which a research instrument or test actually measures the abstract concept or construct to be
calculated in accordance with the research objectives (Ohiri et al., 2024). Without construct validity,
research risks mismeasuring other irrelevant concepts, resulting in erroneous conclusions and
lowering the quality of the research (Malone et al., 2021). Several previous researchers (Jiang et al.,
2023; Phanniphong & Na-Nan, 2025) confirmed the importance of construct validity through factor
analysis, but other researchers (Bean & Bowen, 2021; Thissen, 2022) argue that factor analysis needs
to be supported by IRT to provide more in-depth information about the quality and difficulty level of
items and the ability of respondents, both of which complement each other for a comprehensive
evaluation of the instrument.

The CBPsyT is a computer-based measurement tool used to assess the multiple-representation
abilities of high school physics students. This instrument was developed using the test development
steps outlined by Kyriazos and Stalikas (2018). In addition to evidence of content validity from
experts, the CBPsyT requires construct validity to provide more meaningful information than content
validity alone. Construct validity via CFA is intended to test whether the developed measurement tool
actually measures the desired construct, based on existing theories or hypotheses (Kang et al., 2025).
Test outcomes can be shown through regression weights, standardized regression weights,
convergent validity, extracted variance, construct reliability, and discriminant validity (Kang et al.,
2025; Said et al., 2011). However, CFA studies based on weak theoretical foundations, a lack of testing
alternative theoretical perspectives, or limited evidence may not adequately support construct
validity (DiStefano & Hess, 2005). CFA ensures that test data conform to predetermined theoretical
constructs, thus improving data validity, while IRT focuses on the relationship between item
performance and respondent ability (Kang et al.,, 2025). IRT offers detailed insights into item
discrimination and difficulty when measuring constructs, providing comprehensive information
about items and test performance. The CFA and IRT analyses in this study complement each other by
providing unique and supporting information about the quality of the CBPsyT we developed.
Combining these methods offers strong evidence of validity, which is crucial for effective research
and practice.

The function of IRT in developing measurement tools is to analyze item characteristics and
respondents' latent traits to create more valid and reliable assessments (Yang & Kao, 2014). IRT helps
select high-quality items, design adaptive tests, and ensure that measurement tools perform well
across different levels of respondent ability, leading to more accurate and fair results. The key
parameters in IRT are item discrimination, item difficulty, and guessing factors (Min & Aryadoust,
2021). The discrimination parameter (a) shows an item's ability to distinguish individuals at different
trait levels. The difficulty parameter (b) measures the challenge of an item, with higher values
indicating greater difficulty. The guessing parameter reflects the probability of guessing the correct
answer, which is especially relevant for multiple-choice questions. IRT offers valuable insights by
assessing a person's ability more precisely through analysis of item features such as difficulty, rather
than relying solely on the number of correct answers. Additionally, IRT can automatically adapt
guestions to match participants' abilities, helping test developers understand and improve question
quality.

The Item Response Theory model has been widely applied in education to understand the
relationship between responses to test items and the underlying latent ability of test takers (Garcia
et al., 2018). Item Response Theory analysis enhances construct analysis in CFA by providing more
detailed information about individual item performance and validating construct validity through
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reliability and measurement invariance checks across different groups, which CFA alone cannot
measure (Kamata & Bauer, 2008). IRT also helps test the assumptions underlying CFA and
supplements its analysis with a method that is more sensitive to scale quality, especially in short
scales. IRT and CFA work together because CFA is used to confirm the structure of psychometric
models. At the same time, IRT offers detailed insights into the performance of each test item,
resulting in a comprehensive view of assessment quality and the constructs being measured (Kim &
Yoon, 2011). CFA confirms the presence of latent constructs, and IRT explains how specific items
within these constructs function, forming the basis for test development and refinement. This study
assesses the construct validity of computer-based physics tests (CBPsyT) while analyzing them from
an IRT perspective to gain a more complete understanding of the constructs and gather information
for test development.

Multiple representation constructs in physics are a learning approach that utilizes various
formats to present the same physics concept, such as verbal explanations, diagrams, graphs, and
mathematical equations. This approach is crucial because it enables students to develop a deep
understanding and overcome difficulties in solving physics problems by connecting different
perspectives on a concept. Multi-representation is important for teachers to assess because it helps
students build a deep understanding of concepts, improves problem-solving skills, and complements
the experience gained from a single representation. By assessing students' multi-representation
skills, teachers can determine how well students integrate various formats, such as diagrams, graphs,
equations, and words, to gain a more comprehensive understanding of science and mathematics
concepts.

2. Literature Review

Multiple representation skills are necessary in physics, given the structure of physics, whose
concepts are abstract and often related to complex natural phenomena. One suitable learning
strategy in physics is multiple representation-based learning. Almost all subjects offer various
representations, such as photographic images used as text illustrations, and explanatory diagrams
that provide meaning to the text (de Jong & van der Meij, 2012). Multiple representation skills refer
to the ability to present or reapply the same concept in different formats, including images, diagrams,
graphs, and verbal and mathematical representations (Treagust & Duit, 2017). Multiple
representations are used to complement each other, as a single representation is often insufficient
to convey all the necessary information for learning physics. The implication is that multiple
representations are used in teaching to promote learning.

Multiple representations are categorized into two main types: quantitative representations,
which include mathematical representations, and qualitative representations, which include images,
graphs, and diagrams (Treagust & Duit, 2017). Experts often use qualitative representations, such as
images, graphs, and diagrams, to help them understand problems before using mathematical
equations and solving them quantitatively. Diagrammatic representations are more concrete and
often used to facilitate understanding of abstract concepts, whereas mathematical representations
are more necessary when solving quantitative problems (Ofosu et al., 2020). The ability to use
multiple representations, including mathematical, verbal, diagrammatic, and graphical
representations, is essential when studying physics. The goal is not only to complement each other
but also to encourage students to build a deeper understanding of a situation (Carpenter et al., 2020;
Yoon et al., 2021). The primary reason for using multiple representations is to leverage the diverse
learning processes that different representations facilitate.

The objectives and functions of assessment are fulfilled when the measurement tool possesses
strong psychometric properties. Psychometric properties refer to characteristics that evaluate a
measurement tool's reliability and validity. Reliability indicates the consistency and stability of the
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tool, while validity measures its accuracy and precision in assessing the intended construct (Allen &
Yen, 1979; Taherdoost, 2018). Validity is classified into types: (1) content validity, (2) criterion validity
(both concurrent and predictive), and (3) construct validity (including discriminant and convergent
validity) (Cohen & Swerdlik, 2018). Validity is a unified concept encompassing content, criterion, and
construct validity. Evidence supporting validity is not presented separately but integrated
comprehensively and aligned with the test's purpose.

Factor analysis, a series of psychometric tests used to examine the dimensions (internal
structure) of a measurement construct, is perhaps the most commonly used method for testing
construct validity in social science research (Faller et al., 2006; Husain & Aziz, 2022; Orcan, 2018).
Factor analysis offers insights into reliability, item quality, and construct validity. Its main goal is to
determine whether and how well the items on a scale can represent the underlying hypothesis of the
construct or constructs, known as factors. It is also a highly sensitive analytical method for identifying
problematic items and deciding the number of factors (Beavers et al., 2013). Confirmatory Factor
Analysis (CFA) is a “theory testing strategy” that relies on measurement modeling to assess whether
the factor structure of an existing measure remains consistent when applied to a new sample of
participants (Plucker, 2003; Walton et al., 2023).

In confirmatory factor analysis, researchers first formulate hypotheses about the underlying
factors of the measurements they use, and they can impose constraints on the model based on these
prior hypotheses (Arifin & Yusoff, 2016). Confirmatory Factor Analysis (CFA) provides information on
how well a theoretical model describing the relationships between latent constructs and their
indicators fits the actual data (Ghazali & Nordin, 2019). This information includes an overview of the
model, such as which indicators relate to each latent factor and the correlations among factors, as
well as the theoretical and empirical support for the model. The results also include the instrument's
validity and reliability, such as factor loading values, correlation coefficients, Average Variance
Extracted (AVE), and model fit indices. Through CFA, we can measure whether the items consistently
represent the construct, ensuring the construct validity and reliability of the measurement
instrument (Herwin & Nurhayati, 2021).

Nowadays, experts and researchers refer to item response theory as the criterion for the validity
and reliability of a test or other measurement instruments. Several psychometric experts, such as
DeMars (2008), Hambleton & Jones (1993b), and Lord (1953), are interested in the idea that
measurement practices would be improved if test items and statistics could be treated as
independent samples, which would lead to more accurate measurements. The meaning of validity in
IRT indicates that the characteristics of test items are not influenced by the sample from which they
are estimated. Even if the same items are given to different groups, they will produce the same scores
and rankings. The Item information function estimates reliability coefficients in IRT for dichotomous
and polytomous data. Item response models are also referred to as robust models because their
underlying assumptions are highly rigorous and therefore unlikely to be satisfied by test data.

ltem response theory uses a fundamentally different approach from classical test theory. ltem
response theory is a non-linear model that provides the probability of a correct response to an item
as a function of item characteristics and test taker ability (Embretson & Reise, 2000: 20). ltem
response theory is based on two main postulates, namely: (1) test takers' performance on a test item
can be predicted or explained by a set of hidden factors, or abilities, and (2) the relationship between
test takers' performance on an item and the characteristics underlying item performance can be
described by an item characteristic curve (Hambleton et al., 1992: 7). This distinguishes item response
theory from classical test theory.

The information function of items and tests in IRT is useful for determining the accuracy of
measurement at a certain ability level and expressing the strength or contribution of test items in
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revealing the latent trait measured by the test (Hambleton & Jones, 1993). The Item information
function assists in test development by identifying which items are suitable for the model, thereby
aiding in test item selection. This information function is important to consider in test development
because the greater the information function, the better the test item. The information function has
an inverse relationship with measurement error. The greater the item information for a given ability
level, the less error is involved in estimating the ability of test takers (Hambleton & Jones, 1993: 42).
This means that the more tests are given at a certain ability level, the smaller the error associated
with the estimated ability, and vice versa.

3. Methodology
3.1. Procedures

The research is exploratory and includes a quantitative approach. This study uses adaptation
instruments in the context of development research. The procedure for developing the adaptation
instrument is based on the test instrument development model. This process consists of eleven
important stages, including determining test objectives, descriptions, and specifications; operational
definitions; scoring; expert item reviews; test prototypes; determining test subjects; readability tests;
experts’ revisions; empirical trials; and analyzing test characteristics. These stages have been
undertaken to develop a valid and reliable instrument to assess high school students' physics skills.

3.2. Participants

This quantitative study involved 516 high school students in Kupang, East Nusa Tenggara
Province, Indonesia. All students who took the test were grade Xl students from six different schools.
The students were selected considering comparable background materials, test construction, and
topics covered. The convenience sampling method was used in this study due to the large population
size and the researcher’s inability to obtain a representative random sample from the accessible
population. This study utilized a comprehensive assessment to evaluate the validity and reliability of
the developed instrument. Data were collected through a computer-based test that generated
answers from 516 participants from six different high schools. All participants in this study had
provided informed consent through a written permission form included at the beginning of the study.

3.3. Instrument

The test instrument used in this study is a computer-based physics test (CBPsyT) consisting of 20
multiple-choice questions. The physics material covered in this test is mechanics.

3.4. Data Collection and Model

To achieve the objectives of this study, we conducted computer-based physics tests on 516 high
school students. The following section covers these methods and their respective results.
Hypothetically, the CBPsyT model comprises four aspects: verbal representation (RV), diagram
representation (RD), graphic representation (RG), and mathematical representation (RM).

Table 1. Aspects and indicators of the CBPsyT instrument

Aspect Indicator Item Code
Verbal Constructing interpretations of physical principles or laws RV1, RV2
representation verbally or in writing from mathematical forms, images, or
(RV) symbols

Connecting physics concepts to everyday life verbally or in R3, RV4

writing about physics issues
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Constructing metaphors or analogies by connecting similar RV5, R6
concepts to things that are often encountered or experienced
in everyday life

Diagram Creating a free-body diagram or other types of diagrams RD1, RD2, RD3
representation
(RD)

Grouping the various forces acting within a system RD4, RD5, RD6
Graphic ldentifying the data presented on the graph RG1, RG2
r:zresenta’uon Review the results based on the conclusions obtained through RG3, RG4
(RG) the graph.

Mathematical  Create relevant equations based on physical system RM1, RM 2
representation considerations

(RM) Predicting the implications of mathematical formulas on RM3, RM4

changes in an object or physical principle

3.5. Data Analysis Techniques

The analysis was conducted in two stages. First, CFA was used to confirm the construct validity
of the identified factor structure. The following are the steps required to demonstrate CFA: (1)
checking the adequacy of the KMO sample, (2) defining the construct and measurement model. (3)
specifying the number of factors and loading patterns based on theory, ensuring that the model can
be identified, which means that all parameters can be estimated with certainty. (4) estimate the
model parameters: use estimation techniques such as Maximum Likelihood Estimation (MLE) or the
least squares method to estimate the relationship between latent and manifest variables. CFA
construct validity analysis includes convergent validity tests to ensure that the items measure the
same construct and discriminant validity tests to ensure that different constructs are indeed distinct.
Both tests involve evaluating factor loadings and Average Variance Extracted (AVE) values, as well as
comparing AVE with squared correlations between constructs. (5) assessing model fit: examining the
fit of the model to the observed data using various goodness-of-fit indices.

The second step is to use IRT to analyze item characteristics, such as difficulty and discrimination
levels, and to test information functions to measure the extent to which the test can distinguish
among participants' abilities within a given ability range. The following are the steps in IRT analysis:
(1) Checking the suitability of the IRT model used: ANOVA is used to select the IRT model that best
fits the available data, for example, choosing between one, two, or three parameter models by
looking at certain statistical values such as the Akaike information criterion (AIC). (2) IRT analysis
according to the selected model: IRT analysis in this study uses IRT 2PL. This model predicts the
probability of a person answering an item correctly based on two parameters: the item discrimination
parameter and the difficulty parameter. (3) Item information function (IFF) and test information
function (TIF) analysis: IIF is used to analyze the characteristics of each item individually (difficulty
and discrimination power), while TIF is used to evaluate the overall measurement information of the
test within a certain range of participant abilities, as well as the overall reliability and validity of the
test.

4. Results
4.1. CFA Results

Before conducting further analysis of the test items and instruments, a feasibility test was first
carried out, using the Kaiser-Meyer-Olkin (KMO) measure of sampling adequacy (MSA) and Bartlett's
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test. KMO is a test used to examine the strength of the partial correlation (how the factors explain
each other) between variables. KMO values closer to 1.0 are considered ideal, while values less than
0.5 are unacceptable. Recently, most scholars argue that a KMO of at least 0.80 is good enough for
factor analysis to commence (Astuti et al., 2024). KMO and Bartlett's test assess sampling suitability,
which means whether the responses obtained from the sample are adequate. Barlett’s test of
sphericity is a statistical test used to assess the hypothesis that the variables are not correlated in the
population, or to assess the homogeneity of the data. Bartlett’s statistic is designed to test for
equality of variances across groups against the alternative that variances are unequal for at least two
groups (Vorapongsathorn et al., 2004). A significant Bartlett's test is indicated by p < 0.05 (Lovric,
2011). MSA is an index comparing partial correlation coefficients for each variable. The MSA test is
used to measure sample adequacy.

Table 2. Bartlett’'s & KMO Test

Kaiser Meyer Olkin Measure of Sampling Adequacy 0.85

Bartlett’s test of Sphericity approx. chisquare  199.59
df 19
p-value <2.2e-16

The KMO value in Table 2 is 0.85, indicating substantial information overlap among the variables,
suggesting a strong partial correlation. Hence, it is plausible to conduct factor analysis. Bartlett’s test
of sphericity tests the null hypothesis that the correlation matrix is the identity matrix. An identity
correlation matrix indicated that your variables are unrelated and are not ideal for factor analysis
(Odoi et al., 2022). A significant statistical test, typically with a p-value less than 0.05, indicates that
the correlation matrix is not an identity matrix (rejection of the null hypothesis), as shown in Table 2.

In this study, CFA was employed to evaluate the extent to which the observed variables
accurately reflected the latent variables, specifically multiple representation abilities. CFA was also
used in this study to test whether the measures of the construct were consistent with the
researchers' understanding of its nature. The validity of the test instrument construct comprises four
latent variables, namely RV, RD, RG, and RM, along with their respective indicators. The results of the
CFA construct test analysis (Figure 1) show factor loading values, indicating the strength and direction
of the relationships between the indicators and the latent variables. Referring to the standardized
factor loading values (normalized scale) of each indicator, RV1, RV2, RV3, RV4, RV5, and RV6,
respectively, provide an overview of the overall strength of the relationship with the RV variable,
which is 0.85, 0.85, 0.87, 0.92, 0.98, and 0.98. Overall results of factor loading contributions for latent
variables.

Figure 1. The CBPsyT construct model in CFA
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The results of the CFA construct test analysis (Figure 1) require interpretation of several aspects,
including: first, the factor loading in the CFA construct test measures the strength and direction of
the relationship between each indicator and the latent variable construct being measured. The factor
loading values for each indicator of each latent variable meet the criteria as indicated by Hair et al.
(2013). According to their guidelines, a factor loading greater than 0.70 indicates that the indicator
reflects or represents the intended construct. Second, in CFA testing, factor loadings and AVE values
are two distinct yet interrelated metrics used to evaluate the convergent validity of the measurement
model. Factor loadings indicate the strength of the relationship between the indicator and the latent
factor being measured. In contrast, AVE values measure the proportion of variance that is extracted
by the latent factor from the indicator, relative to the variance due to error. Table 3 below shows the
AVE values from the CFA construct test results.

Table 3. Average Variance Extracted

Factor Average variance extracted (AVE)

RV 0,831
RD 0,942
RG 0,933
RM 0,955

The AVE values (Table 3) represent the average variance explained by each latent factor listed
above. Each value indicates the measure of convergent validity of the construct formed from this
analysis. An AVE value greater than 0.50 (Hair et al., 2013) suggests that the construct explains more
variance than its indicators, indicating good convergent validity.

This study also considers discriminant validity, which refers to the extent to which different
constructs in the research model are truly distinct from one another. This ensures that the indicators
used to measure a construct correlate more strongly with that construct than with other unrelated
constructs. The HTMT value (Table 4) was analyzed as a measure of discriminant validity to determine
the average correlation between different indicators of two constructs (heterotrait-heteromethod
correlation), compared to the average correlation between indicators measuring the same construct
(monotrait-heteromethod correlation).

Table 4. Heterotrait-Monotrait Ratio

Heterotrait-monotrait Ratio

RV RD RG RM
RV 1.000
RD 0.208 1.000
RG 0.124 0.268 1.000
RM 0.190 0.922 0.244 1.000

In this analysis, discriminant validity of HTMT is used to distinguish among different constructs.
The results (Table 4) show that the discriminant validity between the RD variable and the RV variable
is 0.208, while that between the RG variable and the RV variable is 0.124. An HTMT value greater
than 0.85 (Hair et al.,, 2013) indicates good discriminant validity, meaning that the measured
constructs are distinct from one another.
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Along with factor loading and AVE analysis, CFA analysis also requires fit index values (Table 5)
to evaluate how well the proposed measurement model fits the empirical data.

Table 5. Fit Index Measurement Model

Fit Indicates
Index Results Cut off index  Description

Comparative Fit Index (CFl) 0.92 CFl > 0,87 Fit
Tucker-Lewis Index (TLI) 0.94 TLI > 0,90 Fit
Bentler-Bonett Non-normed Fit Index (NNFI) 0.92 NNFI > 0,90 Fit
Bentler-Bonett Normed Fit Index (NFI) 0.92 NFI'>0,90 Fit
Bollen's Relative Fit Index (RFI) 0.91 RFI>0,90 Fit
Bollen's Incremental Fit Index (IFI) 0.91 IFI>0,90 Fit
E:'\(jlternAian square error of approximation 0.071 RMSEA < 0,08 Fit
Standardized root mean square residual (SRMR) 0.010 SRMR < 0,10 Fit

The values of each model fitindex reported in the model fit test meet the minimum requirements
for an appropriate measurement model. The model fit measures obtained assess how well the
proposed model captures the covariance between all items or measures in the model. Thus, the
purpose of confirmatory factor analysis is to test whether the data fit the hypothesized measurement
model. This hypothesized model is based on theory or previous analytical research.

The reliability of the composite omega (Table 5) indicates how well the variables underlying a
construct are represented by the test items in the research instrument, with a value of w > 0.70
indicating adequate representation.

Table 5. Alpha & Omega Reliability Coefficient

Reliability
Coefficient w Coefficient a
RV 0,956 0,970
RD 0,989 0,990
RG 0,979 0,983
RM 0,989 0,988
Total 0,989 0,939

The results of the omega reliability analysis, with values greater than 0.70 on the RV, RD, RG, and
RM aspects, indicate that the research instrument developed has good internal consistency and is
reliable for consistently measuring the same construct. A coefficient value greater than 0.70 suggests
that most of the observed score variation is due to the true score, and only a small portion is caused
by measurement error. The omega and alpha reliability values differ because omega is based on a
factor analysis model that estimates the variance of test scores explained by latent factors. In
contrast, alpha is based on inter-item correlations, which assume that all items measure the same
construct equally. Because of these differences in underlying assumptions, omega can be a more
accurate estimate of reliability, especially when there are violations of the item-equivalence
assumption in alpha.
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4.2. Characteristics of CBPsyT according to IRT

IRT analysis begins with item fit analysis, a type of data-model fit evaluation specifically designed
for test-item performance. This analysis is crucial for interpreting and understanding test results and
evaluating item performance. In IRT, item fit analysis is related to the use of logistic functions. Model
selection criteria can also be determined using Akaike’s information criterion (AIC) (Akaike, 1974), a
technique based on the sample fit to estimate the likelihood of a model in predicting future values.
A good model has the minimum AIC among other models. AIC can be used to choose between
additive and multiplicative Holt-Winters models.

Table 6. Anova Fit Model

AIC BIC Log. lik df p. value
Anova
1PL 14044.43 14155.33 -6996.22
2PL 13754.43 13967.69 -6827.21 24 <0.001
Anova
2PL 13754.43 13967.69 -6827.21
3PL 13802.82 13978.72 -6986.41 25 <0.001

The AIC value of the 2PL model (Table 6) is lower than those of the 1PL and 3PL models. This
indicates that the 2PL parameter model provides a better fit to the data than the 1PL and 3PL models,
suggesting that the 2PL model is a more suitable fit than other logistic models.

Based on model fit testing, the 2PL model was the most appropriate for data analysis, as all items
were well-fitted to it. The next analysis estimated the item parameter values based on the 2PL model
(see Table 7), specifically the difficulty and discrimination parameters. An item is considered good if
its difficulty is in the range of -2 to +2 and its discrimination index is in the range of 0 to 2 (Hambleton
& Slater, 1997).

Table 7. Difficulty & Discrimination Index of the CBPsyT Instrument

Discrimination Difficulty Description
Item 1 0.826 0.442 Good
Item 2 1.033 1.621 Good
Item 3 1.470 0.013 Good
Item 4 0.243 1.926 Good
Item 5 1.677 1.015 Good
Item 6 1.486 0.600 Good
ltem 7 1.482 -2.261 Good
ltem 8 1.276 -1.049 Good
ltem 9 1.601 1.366 Good
Item 10 1.180 -0.536 Good
ltem 11 2.529 0.235 Good
ltem 12 2.479 -0.996 Good
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Item 13
Item 14
Item 15
Item 16
Item 17
Item 18
Item 19
Item 20

0.599
1.976
2.459
0.756
1.343
1.146
0.905
1.019

1.683
-0.557
0.291
0.307
-1.851
0.988
0.293
-0.397

Good
Good
Good
Good
Good
Good
Good
Good
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The discrimination and difficulty indices of all items are acceptable because they are categorized
as good. This shows that the items developed are in accordance with the rules of item response
theory. Information about test items in IRT can also be obtained from the item characteristic curve
(ICC), a graphical representation that illustrates the relationship between the probability of a student
answering a question correctly and their ability level. The ICC graph (Figure 2) shows how an item
behaves and how effectively it differentiates students by ability

Iltem Characteristics Curves
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Figure 2. Item Characteristics Curves

The x-axis (see Figure 2) shows student ability. The farther to the right, the higher the individual's
ability, while the y-axis shows the probability that students answered the items above correctly.
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Figure 3. Item Characteristics Curves

On the item characteristic curve (see Figure 3), difficult items will shift to the right of the scale,
indicating a higher ability of respondents who answer correctly. In contrast, easier items will change
to the left of the ability scale. The two-parameter logistic model predicts the probability of a correct
answer using two parameters. The discrimination parameter may vary between items. Furthermore,
the ICCs of different items can intersect and have different slopes. The steeper the hill, the higher
the item's discrimination index, as it can detect subtle differences in respondent ability.

The information function and the measurement standard deviation must be considered when
selecting the model. The information function shows the extent to which each model can provide
information. The higher the peak of the information function (see Figure 4), the higher the
information that a model can provide.
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Figure 4. Tes Information Function & Measurement Error

The information obtained from the measurement results is not error-free. The relationship
between measurement error and information function is inversely proportional to the square, so that
the greater the information function, the smaller the measurement error. The information function
(see Figure 4) indicates that this developed instrument will provide reliable information when
administered to students with abilities ranging from -3 to +3 logits.
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5. Discussion

The CBPsyT instrument features a multi-representation construct comprising RV, RD, RG, and
RM. The use of RG can summarize a large amount of information while still providing detailed
information. Graphical representation is a powerful and effective tool for rendering synthetic data
and representing relationships between physical quantities, as well as for data interpretation, which
makes it easier (Stefanel, 2019). RD representation is significant for teaching concepts in mechanics
theory, especially the concept of force, which is taught from elementary school to university. Creating
diagrams is a useful step in simplifying the information presented about a problem, which will then
be very helpful in solving it. RV relates to the conceptual description of a phenomenon and to a theory
from a scientific perspective (Svensson & Campos, 2022). Verbal representation is intended to define,
explain, analyze, and relate ideas or concepts to everyday contextual situations.

This paper explains test constructs from a confirmatory perspective and IRT, how CFA confirms
the multidimensional structure of the constructs underlying test scores, and how IRT provides an in-
depth understanding of the quality of individual items and scales as a whole, enabling the validity of
test scores and their use in research and test development practices. CFA estimates construct validity
by ensuring that indicator factor loadings are significant and by examining the goodness-of-fit indices
of the CFA model. Convergent validity is evident from high factor loadings, while discriminant validity
is tested by comparing AVE between constructs.

We analyzed the CBPsyT instrument using the CFA and IRT perspectives. The concept of validity
in IRT relates to the extent to which participants and test items are consistent with the abilities
measured by the test items. This means that any test can rank individuals according to their abilities
and rank test items according to their level of difficulty (Baker & Kim, 2017; Lauwaert, 2023). In line
with this objective, we present various forms of evidence to demonstrate the reasonableness of their
interpretation of the arguments for validity evidence.

Factor analysis, a series of psychometric analyses used to test the internal structure and
dimensions of measurement constructs, is perhaps the most widely used procedure for assessing
construct validity in social science research (Faller et al., 2006; Husain & Aziz, 2022; Orcan, 2018).
Factor analysis provides information about reliability, item quality, and construct validity. Its general
purpose is to determine whether and to what extent items on a scale can reflect the underlying
hypotheses of a construct or constructs, known as factors, and to serve as a highly sensitive analytical
method for identifying problematic items and determining the number of factors.

6. Conclusion

The CBPsyT construct comprises four aspects: RV, RD, RG, and RM, consisting of a total of 20
items. The developed test construct is valid and reliable, as indicated by the indicator loading values
for each aspect > 0.70, and model fit statistics: RMSEA = 0.071, CFl =0.92, SRMR = 0.010, NFI =0.92,
NNFI =0.92, TLI = 0.94, CFl = 0.91, RFI = 0.91, with construct reliability > 0.80. Confirmatory testing
for the construct revealed factor loadings> 0.7, and both convergent validity (AVE) and discriminant
validity (HTMT) met the minimum criteria. Furthermore, item analysis using IRT theory with the 2PL
model indicates that items with acceptable discrimination and difficulty fall within the range of -2 to
+2. The test information function shows that the developed instrument is reliable when administered
to students with logit abilities between -3 and +3.

This paper provides practical information on the psychometric characteristics of the developed
physics test instrument. This instrument can assess students' fundamental mechanical physics skills,
inform curriculum development, and enhance teaching strategies. By providing insight into these
characteristics and aspects, this study also advances our understanding of this awareness as a means
of estimating items in developing test instruments. In addition, this study contributes to the ongoing
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discussion on the good characteristics that researchers have developed. The results of this study can
inform future theoretical and practical studies and guide new researchers in developing physics test
instruments.

7. Suggestion

This study has potential limitations, including the use of convenience samples in quantitative
studies, which is a methodologically weak approach and only applicable to this sample; therefore, the
findings cannot be generalized. Sample selection interventions are still in place due to the large area
of the province of East Nusa Tenggara, Indonesia. EFA analysis may be necessary in this study, but it
was not performed. The IRT model’s unit of analysis is the item; items can be compared across
measures, provided they measure the same latent construct. Furthermore, they can be used in
differential item functioning analyses to assess why calibrated and tested items still behave
differently across groups. This can lead to research to identify the causative agents behind differences
in responses and to link them to group characteristics. Finally, they can be used in Computerized
Adaptive Testing.
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