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Abstract

The conception of work and energy is fundamental to learning physics and is essential to learning
other subjects. However, most students still lack knowledge and understanding of work and
energy. This may be due to previous research that aimed to develop students using similar
teaching methods without considering the individual knowledge state of each student. We, thus,
sought to develop the mastery test on work and energy and the learning path map of work and
energy using cognitive diagnostic assessment. Participants were 537 tenth graders in Bangkok,
Thailand, which were chosen by the multistage random sampling. The mastery test on work and
energy developed is divided into six attributes, i.e.,, (1) work, (2) power, (3) kinetic energy, (4)
gravitational potential energy, (5) elastic potential energy, and (6) law of conservation of energy.
The test exhibited good psychometric properties, which were evaluated based on item
parameters, content validity, construct validity, concurrent validity, classification consistency
index, and classification accuracy index. The significant finding was the development of the
learning path map of work and energy. The map illustrates students’ learning progression in
different attribute profiles regarding work and energy. It proves to be highly beneficial for teachers
in designing personalized learning methods for individual students. Additionally, it allows for
tracking the learning progress of students until they have a comprehensive understanding of work
and energy in all its attributes.

Keywords: learning path map, work and energy, cognitive diagnostic assessment, G-DINA model

framework

INTRODUCTION

The conception of work and energy is highly
significant in physics and serves as a fundamental basis
for learning other topics, such as momentum and
collisions, electricity, and heat and gases. Additionally,
work and energy are essential concepts in STEM
(science, technology, engineering, and mathematics)
education, where a deep understanding of work and
energy is necessary for effective learning (Pellegrino &
Hilton, 2012). Furthermore, work and energy are applied
in other branches of learning, such as biology, chemistry,
and geography (Saglam-Arslan & Kurnaz, 2011). Work
and energy are also crucial topics for explaining
everyday phenomena. Students, thus, need to have a
good understanding of work and energy to learn physics
effectively. However, work and energy are challenging

topics for students at all levels due to their abstract
nature, causing many students to lack a grasp of work
and energy (Kassiavera et al., 2019; Pramesti et al., 2020).
Mustofa et al. (2019) found that 28.33%-55.00% of 11th
graders have mastery about work and energy. Takaoglu
(2018) found that 6.96%-16.18% high schoolers have
mastery about work and energy. Afif et al. (2017) found
that 29.63% of high schoolers have mastery about work
and energy. In addition, Rivaldo et al. (2020) found that
only 11.26%-38.03% of undergraduates have mastery of
work and energy.

In addition to the abstract nature that makes it
difficult for students to understand the concepts of work
and energy, the discrepancy between the everyday
meaning of work and energy and their scientific
meaning is another obstacle that prevents students from
grasping the concepts. This is because students have
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Contribution to the literature

e The mastery test on work and energy developed comes in a short-answer test format, created based on
cognitive diagnostic assessment, to measure the mastery of work and energy in six specific attributes.
e The learning path map of work and energy illustrates the development of students’ learning in work and

energy based on their individual attribute profiles.

e Itprovides information to teachers to design learning methods suitable for each student’s knowledge state.

misconceptions, meaning that they learn about work
and energy based on incorrect understanding derived
from their daily life experiences prior to studying this
topic. As a result, their misconceptions hinder their
accurate comprehension of the subject matter (Elisa et
al., 2019; Mustofa et al., 2019; Rivaldo et al., 2020).

Due to the difficulties that come with learning about
work and energy, there have been numerous research
studies that aim to promote students” knowledge in this
area. However, the majority of students still lack a
significant understanding of work and energy
(Kassiavera et al., 2019; Mustofa et al., 2019). This may be
attributed to the fact that these research studies often
focus on overall scores and overlook the mastery of work
and energy in each attribute. In other words, students
with the same overall scores may possess different levels
of knowledge in various attributes, requiring different
approaches to promote their learning. Therefore, it is
crucial for teachers to design learning strategies that are
suitable for the knowledge state of each individual
student (Bai, 2020; Wu et al., 2023). In order to effectively
develop students and cater to their individual needs, it
is important to consider students’ knowledge in each
specific attribute by applying cognitive diagnostic
assessment (CDA). CDA is able to assess students’
thinking processes and provide detailed diagnostic
information about their learning (Huang et al., 2022).
Additionally, it enables the creation of a personalized
learning path map, which can guide teachers in
designing learning experiences that are suitable for each
individual student.

A learning path map represents all possible learning
paths for a student, indicating the sequential stages of
beneficial learning development and providing
guidance for tracking the progress of student’s learning.
It also establishes directions for individualized learning
progression, starting from the initial point until
achieving the specified goals (Bai, 2020; Chen et al., 2017;
Wu et al., 2023). It should be noted that each student’s
learning path possesses unique characteristics based on
their attribute profile or knowledge state. Moreover, the
learning path map provides crucial information for
teachers to design appropriate teaching strategies
tailored to each student, including learning activities,
tasks, teaching materials, communication methods, and
assessment methods, ensuring that every student can
learn and acquire knowledge in all attributes (Wu et al.,,
2022, 2023).
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We, therefore, developed the learning path map of
work and energy by using CDA to present information
to physics teachers as a guideline for designing focused
and appropriate learning experiences on the work and
energy topic for each student. The objective was to
ensure that students have comprehensive knowledge of
work and energy, which will contribute to effective
learning outcomes in physics. The study aimed to
achieve two objectives, i.e.,

(1) developing and examining the psychometric
properties of the mastery test on work and energy
using CDA and

(2) developing the learning path map of work and
energy using CDA.

LITERATURE REVIEW

The review of relevant literature and research is
divided into two parts, i.e.,, CDA, and conceptions of
work, and energy. The details are, as follows:

Cognitive Diagnostic Assessment

CDA is an educational assessment approach
designed to diagnose specific attributes of individual
students and provide detailed diagnostic information. It
aims to identify students” strengths and weaknesses by
providing  personalized diagnostic information.
Additionally, it provides teachers with information for
instructional planning to enhance students’ learning.
The process of CDA involves five main steps, i.e.,

(1) determining assessment goals,

(2) identifying and validating the cognitive model,
(3) constructing and validating the Q-matrix,
(

4) selecting cognitive diagnostic models (CDMs) for
data analysis, and

(5) reporting the assessment results.

These steps are detailed in Ravand and Baghaei
(2020), Rupp et al. (2010), and Wancham et al. (2023).

Determining assessment goals

Teachers must establish clear assessment goals that
align with teaching and learning objectives. They should
be able to effectively describe the attributes being
measured and specify the number of attributes to be
assessed, as well as the number of proficiency levels for
each attribute, such as mastery or non-mastery.
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Identifying & validating cognitive model

Teachers must identify all the attributes being
measured in the test and define the attribute
specification, also known as the cognitive model. The
cognitive model represents the thought process that
students use to answer the questions. The construction

of the cognitive model considers hierarchical
relationships between attributes based on relevant
theories and research findings.  Hierarchical

relationships in the cognitive model functions as
guidelines for creating the Q-matrix. The validation of
the cognitive model can be done through three methods,
ie.,

(1) think-aloud protocol,

(2) eye-tracking studies, and

(3) expert judgment.

The think-aloud protocol is particularly important as
it can be used to examine, verify, or modify the
relationships between attributes in the cognitive model.
Furthermore, teachers need to specify the details of the

attributes being measured, and the required details to be
specified are, as follows:

(1) The construct refers to the target of measurement,
which is an internal characteristic of human
beings.

(2) The definitional grain size refers to the depth of
defining the measured attribute, depending on
the desired level of depth among students. If the
depth is low, the attribute will have a broader
scope but less precision in its definition. The depth
should align with the assessment goals.

(3) The attribute label refers to the words or phrase
that identifies the significant meaning of the
measured attribute.

(4) The attribute definition refers to text that describe
the various aspects of the attribute in detail.

(5) The code for the attribute refers to details that use
to identify the characteristics of the test items that
measure the particular attribute.

Constructing & validating Q-matrix

After identifying the details regarding the attributes
to be measured, the next step is to temporarily create a
Q-matrix, done by considering the relationships between
attributes in the cognitive model. Then, experts evaluate
the accuracy and appropriateness of the Q-matrix
creation.

Once the Q-matrix has been refined based on the
recommendations from experts, the construction of
items based on the tentative Q-matrix is carried out.
Subsequently, the validation and adjustment process is
conducted until a complete Q-matrix is obtained. Q-
matrix is a table that indicates the attributes to be
measured by each test item, with the test items listed in

rows and the attributes listed in columns. The table
consists of number 1 and 0 in which 1 represents the
measurement of a specific attribute, and 0 represents the
absence of measurement for that attribute. Each test item
can measure one or multiple attributes. The process of
creating a Q-matrix involves three steps, as follows:

Constructing of incidence matrix: The incidence
matrix represents the number of possible test items used
to measure all combinations of attributes when they are
independent. It is a KxI matrix, where K is the number of
attributes, and I is the total number of possible test items.
The number of possible items is 2K-1, excluding the item
that do not measure any attribute. The incidence matrix
consists of the numbers 1 and 0, indicating whether an
attribute is measured or not by the corresponding test
item, respectively.

Constructing of reachability matrix: The reachability
matrix represents direct and indirect relationships
among the specified attributes in a cognitive model. It is
a KxK square matrix, where K is the number of
attributes. The attributes are both in the rows and
columns. The matrix consists of the numbers 0 and 1,
where the values in the diagonal are 1. This means that
if there is a direct or indirect relationship between the
attribute in the corresponding row and the attribute in
the corresponding column, it is represented by 1. If there
is no relationship at all, it is represented by 0.

Constructing of reduced Q-matrix: The reduced Q-
matrix represents the number of possible test items
based on the relationships between the specified
attributes in the cognitive model. The reduced Q-matrix
is obtained by removing items or columns that do not
adhere to the relationships between the specified
attributes from the incidence matrix or by eliminating
items that do not align with the columns in the
reachability matrix. In this case, the reduced Q-matrix
used as a guideline for item generation should be
transposed in order to get the new Q-matrix that
contains the items in the rows and the attributes in the
columns.

Q-matrix validation can be performed using three
methods, i.e.,

(1) think-aloud protocol,
(2) expert judgment, and

(3) empirical data analysis based on CDMs, such as
examining mesa plots.

Mesa plots are line graphs that show the best g-vector
(Q-matrix row vector) for each test item at the edge of
the mesa. This method is effective and advantageous as
it provides information about alternative g-vectors for
revising the tentative Q-matrix. In this case, teachers
should use multiple methods to validate the Q-matrix in
order to gather strong evidence to support the accuracy
of the Q-matrix.
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Selecting cognitive diagnostic models for data analysis

This step involves analyzing the individual test item
responses of students using CDM that appropriate to the
data, the measured attributes, and the complete Q-
matrix. The estimation of item parameters and examinee
parameters, such as attribute profiles and mastery
statuses for each attribute, will vary depending on the
model used for data analysis. Before interpreting both
item parameters and examinee parameters, teachers
need to check the convergence of parameter estimation
and assess the fit between the model and empirical data
by considering fit indices. Additionally, the analysis of
CDM provides classification consistency index and
classification accuracy index, which are used to evaluate
the reliability and validity of the diagnostic test. The
chosen model for research purposes is G-DINA model
framework, as it is a general model and allows for
parameter constraints to get various popular sub-
models, which differ based on the applied condensation
rule.

G-DINA model framework was developed to
alleviate the assumption of DINA model due to the fact
that examinees who have non-mastery at least one
attribute are assumed to have the same probability of
answering the item correctly. G-DINA model
framework, which can effectively differentiate the
examinees, encompasses DINA model, DINO model,
and A-CDM model. These models are used for analyzing
dichotomous responses. The details of G-DINA model
can be summarized, as follows: (de la Torre, 2011; de la
Torre & Minchen, 2019)

G-DINA model divides examinees who respond to

each item into 2%/ groups, where K;° represents the
number of attributes required to answer item j correctly.
The probability that an examinee with attribute profile
a;; will answer item j correctly can be determined, as
follows:

P(Xij*= 1 |a§];) =8jo + Ziilajkaik +

:{=k+1 Z?:l] 6jkk’aikaik’ +.. + @

K}
8j=1,2,....k; Ly @i

where q;; is the attribute profile for the attributes used
to answer item j by examinee i. §j, is the intercept for
item j, meaning the probability that an examinee who
does not possess any of the attributes required to answer
item j correctly will answer the item correctly. §j; is the
main effect due to a; for item j, meaning the change in
probability when an examinee with mastery in attribute
k, which is used to answer item j, answers the item
correctly. & is the interaction effect due to a; and a;,
for item j, meaning the change in probability when an
examinee with mastery in both attribute k and k’, which
are used to answer item j, answers the item correctly.

8i12,., K is the interaction effect due to «y, ..., ag: for

item j, meaning the change in probability when an
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examinee with mastery in attribute k up to K;", which are
used to answer item j, answers the item correctly.

When setting parameters in G-DINA model to 0,
except for §;, and &1, K G-DINA model becomes

DINA model. The probability that an examinee with
attribute profile «;; answers item j correctly can be
illustrated, as follows:

*

* K;
PXi; =1 |“ij) = jo + 5j12...1<}‘- [T,.L, @i @

The result is g; =6jp and 1—s; =G0 + 5]-:1’2’”@,
where g; is the guessing parameter, which refers to the
probability that an examinee without mastery of at least
one attribute measured in item j can answer the item
correctly. While s; refers to the slip parameter, which
refers to the probability that an examinee with mastery
of all the attributes measured in item j answers the item
incorrectly. Therefore, DINA model has two item
parameters per item (de la Torre, 2009).

When setting the parameters in G-DINA model to
equal values, they are assigned, as follows: §j =
~8yrr == (D6, ki for k=1,2,.., K, k=
1,2,..,K;—1 and k" > k’,...,Kj*;1 with only the
parameters of §;, and &j left. G-DINA model will
transform into DINO model, where the probability that
an examinee with attribute profile a;; answers item j

correctly can be determined, as follows:
P(XU =1 |al*1) = 510 + Sjkaik. (3)
The resultis g; = §;p and 1 —5; = §j5 + §j in which
gjis the guessing parameter and s; is the slip parameter,
but the meaning is different from DINA model. The
guessing parameter refers to the probability that an
examinee without mastery of any of the attributes
measured to answer item j answers the item correctly.
On the other hand, the slip parameter refers to the
probability that an examinee with mastery of at least one
of the attributes measured to answer item j answers the
item incorrectly. Therefore, DINO model has two item
parameters per item (Templin & Henson, 2006).

When all the interaction parameters in G-DINA
model are set to zero, G-DINA model becomes the
additive CDM or A-CDM model. In A-CDM model], it is
possible to determine the probability that an examinee
with attribute profile a;; answers item j correctly, as
follows:

P(X;j = 1|aj;) = §jo + Zl,f’zl Oji i (4)

A-CDM model, therefore, has a total of K +1
parameters.

G-DINA, DINA, DINO, and A-CDM models have
different condensation rules. In DINA model, the
condensation rule is based on a conjunctive
condensation rule, which estimates the probability of

answering an item correctly when a student possesses all
the required attributes. However, if the student lacks at
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least one attribute, they will answer the item incorrectly.
In DINO model, the condensation rule is based on a
disjunctive condensation rule, which estimates the
probability of answering an item correctly when a
student possesses at least one of the required attributes.
However, if the student lacks all attributes, they will
answer the item incorrectly. On the other hand, A-CDM
model utilizes an additive condensation rule, where the
probability of answering an item correctly depends on
the cumulative mastery of each attribute measured in the
item. Each attribute’s contribution is considered
independently, meaning that the more mastery a student
has in a specific attribute required for the item, the
higher the probability of answering the item correctly. In
the case of G-DINA model, being a general model, it
categorizes students into different groups based on the
attributes measured in the item. Students with different
levels of mastery in the required attributes will have
different probabilities of answering the item correctly. It
is worth noting that G-DINA model incorporates all
three condensation rules (Ravand & Baghaei, 2020). We,
thus, compared the fit of these four models with
empirical data to select the model that best fits the data.

Reporting assessment results

The final step of CDA is reporting the attribute profile
to each individual student based on the data analysis
using CDMs. The score report should be tailored to each
student and include information about mastery statuses
in each attribute, strengths, weaknesses, suggestions for
learning improvement, and interpretation guidelines.
Additionally, the score report should be presented in the
form of graphs and appropriate text that is easily
understandable. Moreover, the information obtained
from data analysis can be used to create a learning path
map for each student, which serves as a guide for
teachers in designing personalized learning experiences
for students.

Conceptions About Work & Energy

Based on the review of additional physics textbook at
the upper secondary level in Thailand conducted by The
Institute for the Promotion of Teaching Science and
Technology (2020), as well as international physics
textbooks such as Hewitt (2015)’s and Serway and Vuille
(2018)’s physics textbooks, the gist of work and energy
can be summarized, as follows.

Work

Work is the result of exerting force on an object,
causing the object to undergo displacement in the
direction of the force. Work can be calculated using the
formula W = FAxcosé.

Work can have positive, negative, or zero values

depending on the angle between the force F and the
displacement AX, as follows:

(1) When the force F and the displacement A% have
the same direction (6=0°) or form an acute angle
(0°<6<90°), the work done by the force will be
positive.

(2) When the force F and the displacement A% are
perpendicular to each other (6=90°), the work
done by the force will be zero.

(3) When the force F and the displacement AX have
the opposite directions (8=180°) or form an obtuse
angle (90°<6<180°), the work done by the force
will be negative.

Power

Power is the rate at which work is done or the amount
of work that occurs per unit of time. It is used to indicate
the ability to perform work efficiently within a specific

time interval. Generally, power refers to average power,
w

which can be calculated using the formula F,, = .

Mechanical energy

Energy refers to the quantity that indicates the ability
to perform work, resulting in changes such as altering
the state of motion, transforming into other forms of
energy, or changing states. Mechanical energy, on the
other hand, refers to the energy generated by the motion
or movement of an object, which is the sum of kinetic
energy and potential energy. Mechanical energy can be
divided into two types, i.e., kinetic energy and potential
energy, as detailed below.

Kinetic energy: Kinetic energy is the energy of an
object in motion or with velocity and can be calculated

using the formula E}, = %mvz. The relationship between

work and kinetic energy is, as follows: The work done by
the net force acting on an object is equal to the change in
its kinetic energy. This change in kinetic energy can
either increase or decrease, depending on the direction
of the net force acting on the object. Specifically, if the net
force acts in the same direction as the object’s motion, the
kinetic energy of the object increases. On the other hand,
if the net force acts in the opposite direction to the
object’'s motion, the kinetic energy of the object
decreases. Additionally, if the net force is zero, the
kinetic energy of the object remains constant.

Potential energy: Potential energy is the energy
associated with the position or shape of an object. In
mechanics, potential energy is related to two types of
potential energy, i.e., gravitational potential energy and
elastic potential energy. Details are, as follows:

Gravitational potential energy: Gravitational
potential energy is the energy associated with the
position of an object in a gravitational field. It can be
calculated using the formula E, = mgh. The work done
and gravitational potential energy are related, as
follows: The work done in lifting an object vertically at a
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constant speed is equal to the change in gravitational
potential energy, which can either increase or decrease
depending on the direction of the object's motion.
Specifically, when lifting an object to a higher level from
its original level, the gravitational potential energy
increases. Conversely, when lowering an object from its
original level, the gravitational potential energy
decreases. For an object at a fixed position, the
gravitational potential energy remains constant.

Elastic potential energy: Elastic potential energy is
the energy associated with the position under the
influence of an elastic force, such as a spring. In other
words, elastic potential energy is the energy stored in a
spring when it is stretched or compressed from its
equilibrium position. It can be calculated using the

formula E,,_ = %kxz. The work done and elastic

potential energy are related, as follows: the work done
by a spring force is equal to the change in elastic
potential energy, which can either increase or decrease
depending on the difference between the initial and final
positions. Specifically, if the distance between the initial
and final positions increases, the elastic potential energy
increases. Conversely, if the distance decreases, the
elastic potential energy decreases. For an object at the
same position, the elastic potential energy remains
constant.

Law of conservation of energy

The law of conservation of mechanical energy
stipulates that the mechanical energy of an object
remains constant in all situations when only
conservative forces act on the object. Conservative forces
are forces that, when applied to an object, result in work
that does not depend on the path of motion. Examples of
conservative forces are gravitational force and spring
force. On the other hand, nonconservative forces are
forces that, when applied to an object, result in work that
depends on the path of motion. If a nonconservative
force acts on an object, the total kinetic energy and
potential energy of the system will not remain constant.
For example, when an object moves under the influence
of friction, which is a nonconservative force, the work
done by friction will cause a loss of mechanical energy in
the system. The amount of energy lost is equal to the
work done by friction. However, when the lost energy is
combined with the remaining mechanical energy, the
total energy will remain constant, following the law of
conservation of energy, which states that the total energy
of a system is conserved and can be transformed from
one form to another.

METHOD

Informants

The informants are divided into three groups, as
follows:
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(1) Experts for validating the cognitive model of work
and energy, as well as related details. This group
consists of five experts in physics education.

(2) Experts for validating the Q-matrix, including five
experts in physics education and two experts in
educational measurement and assessment. The
physics education experts should have completed
their studies in the field of education with a major
in physics and have at least five years of teaching
experience. The educational measurement and
assessment experts should have completed their
doctoral studies in the field of educational
measurement and assessment, have at least five
years of teaching or working experience, and have
experience in research related to CDA.

(3) 10 10th graders, consisting of five male and five
female students. They will be involved in data
collection using the think-aloud protocol while
taking the mastery test on work and energy. The
collected data will be used to revise the Q-matrix
and the cognitive model of work and energy.

Participants

The participants consist of 537 tenth graders in
Bangkok, Thailand. The participants are divided into 264
male students (49.16%), and 273 female students
(50.84%). This sample size is sufficient for analyzing
students’ responses using G-DINA model framework. It
is recommended to have a sample of at least 500
individuals to accurately estimate the parameters (Hu et
al., 2016).

The participants were obtained through multistage
random sampling. In the first stage, schools were
randomly selected using simple random sampling,
resulting in five selected schools. In the second stage,
tenth graders within each selected school were randomly
sampled with 120 students selected from each school,
equally divided between males and females (60 students
per gender). This resulted in a total of 600 students.
However, only 537 students completed all test items and
agreed to participate in the study.

Materials

The materials consist of a validation form and a
think-aloud record form. The details are, as follows.

Validation form

The validation form is used to assess the alignment of
the test items with the Q-matrix. It is completed by five
experts in physic education who identify the attributes
of work and energy measured by each test item. The
form consists of 18 items that require experts to specify
the attributes.
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Think-aloud record form

The think-aloud record form is used to record
students’ cognitive processes while they are thinking
aloud when taking the mastery test on work and energy.
It is applied in a pilot study involving a small sample of
ten students who exhibit similarities to the research
participants. The purpose of this data collection is to
gather data for refining the Q-matrix and the cognitive
model of work and energy. Additionally, the form is
used to record the results of diagnosing the students’
mastery of work and energy in the research participants,
which includes 20 students. The diagnostic results are
employed to analyze the concurrent validity of the test.
The attributes to be diagnosed include:

1) work,
2) power,

3) kinetic energy,

5) elastic potential energy, and

(
(
(
(
(
(

)
)
4) gravitational potential energy,
)
)

6) the law of conservation of energy.

Procedure

We conducted the following steps to develop the
mastery test on work and energy and the learning path
map of work and energy:

(1) Specify the attributes of work and energy to be
measured.

(2) Identify the details of the attributes to be
measured, which are divided into four
components, i.e.,

(a) construct,

(b) attribute label,

(c) attribute definition, and
(d) code for the attribute.

(3) Develop a cognitive model of work and energy by
considering the hierarchical relationships among
the attributes to be measured.

(4) Have five experts in physics education review the
accuracy and appropriateness of the specified
attributes, the details of the attributes, and the
cognitive model of work and energy through
interviews. Then, revise the specification of the
attributes, the details of the attributes, and the
cognitive model based on the experts’
suggestions.

(5) Create the Q-matrix using data from the revised
cognitive model of work and energy.

(6) Have three experts in physics education and
another two in educational measurement and
assessment review and verify the accuracy and
suitability of the Q-matrix through interviews.
Then, revise the Q-matrix according to the
experts’ suggestions.

(7) Develop the mastery test on work and energy that
aligns with the revised Q-matrix.

(8) Have five experts in physics education identify
the attributes of work and energy to be measured
in each test item using the validation form, in
order to use the data to further improve the Q-
matrix.

(9) Pilot the mastery test on work and energy with a
small sample group that resembles the research
participants. The group consists of ten students,
divided equally into five males and five females.
The think-aloud protocol is employed, where
students verbalize their thoughts while taking the
test. Collecting data through think-aloud
protocols typically requires a minimum sample
size of five-10 participants (Trenor et al., 2011). We
examine the cognitive processes of students in
answering the test items and record them in the
think-aloud record form. The data is then
analyzed by using the content analysis and so that
the Q-matrix and the cognitive model of work and
energy can be improved. Additionally, the
understanding of language usage in the items is
also checked.

(10) Administer the mastery test on work and energy
with the research participants to utilize the item
responses in assessing the psychometric
properties of the test and validating the Q-matrix.
The Q-matrix validation is done by examining the
mesa plot. Then, consult with five experts in
physics education to make necessary adjustments
to ensure its accuracy.

(11) Diagnose the mastery of work and energy of the
research participants using the think-aloud
protocol. Randomly select 20 students as the
samples, consisting of 10 males and 10 females.
Analyzing the congruence of the diagnostic
results using Cohen’s kappa requires a sample
size of at least 10-30 individuals (Bujang &
Baharum, 2017). We record the diagnostic results
in the think-aloud record form to identify
students’ mastery statuses for each attribute.

(12) Construct the learning path map of work and
energy by considering the attribute profiles of the
research participants and the hierarchical
relationships of the measured attributes in the
cognitive model of work and energy.

Data Analysis

(1) Perform a content analysis to analyze the data
collected by interviewing experts in physics
education about the accuracy and suitability of the
identification of the measured attributes, the
specification of the details of the measured
attributes, and the cognitive model of work and
energy.
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(2) Perform a content analysis to analyze the data
collected by interviewing experts in physics
education and experts in  educational
measurement and assessment about the accuracy
and appropriateness of the Q-matrix.

(3) Analyze the agreement among experts” judgment
results about identifying attributes to be
measured in each item using the proportion of
agreement according to Fleiss’ (1971) formula.

(4) Compare the fit of CDMs used for analyzing
response data, including G-DINA, DINA, DINO,
and A-CDM models, to select the model that best
fits with the empirical data. This is done by
considering absolute fit indices, i.e., RMSEA; and
SRMSR, which should have values not exceeding
0.05 (Liu et al., 2018). Then, choose the model that
meets the fit criteria. If multiple models meet the
fit criteria, consider relative fit indices, i.e., -2LL (-
2 log likelihood), AIC (Akaike information
criterion), and BIC (Bayesian information
criterion) for model selection.

(5) Validate the Q-matrix by considering the mesa
plot using GDINA R package.

(6) Estimate item parameters of the mastery test on
work and energy using GDINA R package.

(7) Analyze the psychometric properties of the
mastery test on work and energy, including
reliability and validity, as follows:

(a) Analyze the classification consistency index
and classification accuracy index for each
attribute using GDINA R package.

(b) Analyze the construct validity of the test using
confirmatory factor analysis with Mplus
software and assess the fit between the
measurement model and the empirical data
using absolute fit indices. The criteria for
evaluation are based on Kline (2016) and
Weston and Gore Jr (2006).

i. Chi-square value
significant.
ii. CFI has a value of at least 0.95.
iii. TLI as a value of at least 0.95.
iv. RMSEA has a value not exceeding 0.06.

v. SRMR has a value not exceeding 0.08.

is not statistically

(c) Analyze the concurrent validity by examining
the agreement between diagnostic results
using G-DINA model framework and the think
aloud protocol. Use Cohen’s kappa to analyze
the agreement and utilize the R package.

(8) Estimate examinee parameters, ie., attribute
profile, using GDINA R package.
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RESULTS

Results of Developing & Examining Psychometric
Properties of Mastery Test on Work & Energy

In the process of developing a mastery test on work
and energy, we have defined the targeted attributes,
constructed a cognitive model for work and energy,
specified details regarding the measured attributes, and
created and validated the Q-matrix as a guideline for test
development.  Subsequently, the  psychometric
properties of the mastery test on work and energy were
examined. The presentation of the research findings is
divided into four topics, i.e.,

(1) defining the targeted attributes and constructing
the cognitive model for work and energy,

(2) specifying details regarding the measured

attributes of work and energy,
(3) creating and validating the Q-matrix, and

(4) examining the psychometric properties of the
mastery test on work and energy.

Defining targeted attributes & constructing cognitive
model for work & energy

The developed mastery test on work and energy is a
short answer test, where a score of one is given to a
correct answer and zero to an incorrect answer. The
mastery test contains six attributes, which are

(1) work,
2) power,

3) kinetic energy,

(
(
(4) gravitational potential energy,
(5) elastic potential energy, and

(

6) law of conservation of energy.

Based on hierarchical relationships among these
attributes, a cognitive model for work and energy can be
constructed. The model represents the knowledge that
understanding one attribute requires prior knowledge of
other attributes, as detailed below.

The attribute of work serves as a foundation for
learning the other four attributes, which are power,
kinetic energy, gravitational potential energy, and elastic
potential energy. Additionally, the attributes of kinetic
energy, gravitational potential energy, and elastic
potential energy are foundational for learning the
concept of the law of conservation of energy. Therefore,
hierarchical relationships among all six attributes, or
cognitive model of work and energy, can be depicted as
shown in Figure 1. The cognitive model of work and
energy has been validated through expert review in
physics education and the think-aloud protocol.
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Figure 1. Cognitive model of work & energy (Source: Authors” own elaboration)

Table 1. Details in measuring mastery about work

Variable Definition

Construct Work & energy

Attribute label Work

Attribute Work is result of exerting force on an object, causing object to undergo displacement in direction of force. It

definition can be calculated, as follows: W=FAxcos6, where W is work done by a constant force F measured in joules (]), F
is magnitude of force measured in newtons (N), Ax is magnitude of displacement measured in meters (), & 0

is an angle between force F & displacement AX.
Code for Item that measures this attribute assigns a code of 1, while the item that does not measure this attribute
attribute assigns a code of 0. Item that measures this attribute has one of following formats: (1) Calculating work done

by a single force acting on an object moving on a horizontal surface, an inclined plane, or in vertical direction
under gravity, at any angle to displacement. Force may include frictional force or air resistance, or it may not.
(2) Calculating work done by a resultant force acting on an object moving on a horizontal surface, an inclined
plane, or in vertical direction under gravity, at any angle to displacement. Resultant force may include
frictional force or air resistance, or it may not. (3) Calculating quantities related to work using formula for an
object moving on a horizontal surface, an inclined plane, or in vertical direction under gravity. Calculations
may involve frictional force or air resistance, or not.

Table 2. Details in measuring mastery about power

Variable Definition

Construct Work & energy

Attribute label Power

Attribute Power is rate at which work is done or amount of work that occurs per unit of time. Power refers to average

definition power. It is calculated, as follows: P, = Amt = Fv,,, where P,, is average power measured in watts (W), Wis
work done measured in joules (J), At is time measured in seconds (s), F is magnitude of a constant force

measured in newtons (N), & vy is average speed measured in meters per second (11/5).

Code for Item that measures this attribute assigns a code of 1, while item that does not measure this attribute assigns a

attribute code of 0. Item that measures this attribute has one of following formats: (1) Calculating power of an object
moving on a horizontal surface, an inclined plane, or in vertical direction under gravity. It may involve

frictional force or air resistance, or it may not. (2) Calculating quantities related to power using formulas for
an object moving on a horizontal surface, an inclined plane, or in vertical direction under gravity.
Calculations may involve frictional force or air resistance, or they may not.
Specifying details regarding measured attributes of various sources, including the physics textbooks
work & energy developed by Hewitt (2015), National Science Teaching

We have defined the details regarding the attributes
being measured in work and energy, comprising all six
attributes, with four key points, i.e.,

(1) construct,

Association (2017), Serway and Vuille (2018), and The
Institute for the Promotion of Teaching Science and
Technology (2020). These sources were used to establish
the details about the attributes to be measured. The
accuracy and suitability of these details have been

(2) attribute label, reviewed and confirmed by physics education experts.
(3) attribute definition, and Table 1 shows details in measuring mastery about
(4) attribute code. work. Table 2 shows details for measuring mastery

These details function as guidelines for constructing

about power.

the test items that align with the definitions of each Table 3 shows details for measuring mastery about
attribute. We considered additional content from Kkinetic energy.

9/18
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Table 3. Details in measuring mastery about kinetic energy

Variable Definition
Construct Work & energy
Attribute label Kinetic energy
Attribute

Kinetic energy is energy of an object in motion or with velocity. It is calculated, as follows: E} = %mvz, where

definition Ey is kinetic energy measured in joules (J), m is mass measured in kilograms (kg), & v is speed measured in
meters per second (1/5).

Code for Item that measures this attribute assigns a code of 1, while item that does not measure this attribute assigns a

attribute code of 0. Item that measures this attribute has one of the following formats: (1) Calculating kinetic energy of

an object moving on a horizontal surface, an inclined plane, or in vertical direction under gravity without any

frictional force or air resistance. (2) Calculating quantities related to kinetic energy using formula for an object

moving on a horizontal surface, an inclined plane, or in vertical direction under gravity without any frictional
force or air resistance.

Table 4. Details in measuring mastery about gravitational potential energy

Variable Definition

Construct Work & energy

Attribute label Gravitational potential energy

Attribute Gravitational potential energy is energy accumulated in an object within a gravitational field. It is calculated,
definition as follows: E,=mgh, where E, is gravitational potential energy measured in joules (J), m is mass measured in

kilograms (kg), g is gravitational acceleration measured in meters per second squared (171/52), & h is height of
an object above a reference level measured in meters (11).
Code for Item that measures this attribute assigns a code of 1, while item that does not measure this attribute assigns a
attribute code of 0. Item that measures this attribute has one of following formats: (1) Calculate gravitational potential
energy of an object moving on an inclined plane or in vertical direction under gravity without any frictional
force or air resistance. (2) Calculate quantities related to gravitational potential energy using formula for an
object moving on an inclined plane or in vertical direction under gravity without any frictional force or air
resistance.

Table 5. Details in measuring mastery about elastic potential energy

Variable Definition

Construct Work & energy

Attribute label Elastic potential energy

Attribute Elastic potential energy is energy stored in an object subjected to elastic force, such as a spring. It is
definition calculated, as follows: E;,_ = %kxz, where E,,_is elastic potential energy measured in joules (]), k is a spring

constant measured in newtons per meter (N/m), & x is distance that spring is stretched or compressed away
from equilibrium position measured in meters ().

Code for Item that measures this attribute assigns a code of 1, while item that does not measure this attribute assigns a
attribute code of 0. Item that measures this attribute has one of following formats: (1) Calculate elastic potential energy

of an object attached to a spring moving on a horizontal plane, an inclined plane, or in vertical direction

without any frictional force or air resistance, while applying Hooke’s law if applicable. (2) Calculate

quantities related to elastic potential energy using formula for an object attached to a spring moving on a

horizontal plane, an inclined plane, or in vertical direction without any frictional force or air resistance, while
applying Hooke’s law if applicable.

Table 4 shows details for measuring mastery about (4) generating a Q-matrix to serve as a guideline for
gravitational potential energy. constructing the test items by converting the

Table 5 and Table 6 shows details for measuring reduf:ed Q-matri.x in o?der to get the new Q-
mastery about elastic potential energy and law of matrix that contains the items in the rows and the
conservation of energy, respectively. attributes in the columns, as shown in Table 7.

Accuracy of Q-matrix was validated by experts in
Creating & validating Q-matrix educational measurement and assessment. Furthermore,
the feasibility of constructing test items based on the Q-

We conducted the following steps to create a Q-
§ b Q matrix was evaluated by experts in physics education.

matrix as a guideline for constructing the mastery test on

work and energy. There are four steps involved, i.e. We validated the Q-matrix using three methods, i.e.,
(1) creating an incidence matrix, (1) expert judgment,
(2) creating a reachability matrix, (2) think-aloud protocol, and
(3) creating a reduced Q-matrix, and (3) mesa plot analysis.

The results of each method are, as follows.
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Table 6. Details in measuring mastery about law of conservation of energy

Variable Definition

Construct Work & energy

Attribute label Law of conservation of energy

Attribute Law of conservation of energy stipulates that total energy of a system remains constant, but it can be
definition transformed from one form of energy to another.

Code for Item that measures this attribute assigns a code of 1, while item that does not measure this attribute assigns a
attribute code of 0. Item that measures this attribute has one of following formats: (1) Apply law of conservation of

energy to calculate total energy, kinetic energy, gravitational potential energy, elastic potential energy, or
related quantities of an object moving on a horizontal plane, an inclined plane, in vertical direction under
gravity, or an object attached to a spring, considering at least two positions. Only conservative forces act on
object, & there is mechanical energy involved of at least two types. (2) Apply law of conservation of energy to
calculate total energy, kinetic energy, gravitational potential energy, elastic potential energy, work done by
external forces, or related quantities of an object moving on a horizontal plane, an inclined plane, in vertical
direction under gravity, or an object attached to a spring, considering at least two positions. Both
conservative & nonconservative forces act on object, & there is mechanical energy involved of at least two
types. Additionally, there is work done by at least one external force.

Table 7. Q-matrix for constructing mastery test items about
work & energy

Item  Work Power KE GPE EPE LCE
1 1 0 0 0 0 0
2 1 1 0 0 0 0
3 1 0 1 0 0 0
4 1 1 1 0 0 0
5 1 0 0 1 0 0
6 1 1 0 1 0 0
7 1 0 1 1 0 0
8 1 1 1 1 0 0
9 1 0 0 0 1 0
10 1 1 0 0 1 0
11 1 0 1 0 1 0
12 1 1 1 0 1 0
13 1 0 0 1 1 0
14 1 1 0 1 1 0
15 1 0 1 1 1 0
16 1 1 1 1 1 0
17 1 0 1 1 1 1
18 1 1 1 1 1 1

Note. KE: Kinetic energy; GPE: Gravitational potential energy;
EPE: Elastic potential energy; & LCE: Law of conservation of
energy

For expert judgment, five physics education experts
were involved in assessing test items, consisting of 18
items, constructed based on the Q-matrix. They
identified the targeted attributes for each item. The
evaluation indicated that out of the 16 items, all five
experts agreed that the test items measured the targeted
attributes that aligned with the Q-matrix, with a
proportion of agreement equal to 1.00 (Pi=1.00).
However, for items 14 and 15, one expert had a different
opinion compared to the other four experts. These items
still aligned with the Q-matrix, but the proportion of
agreement was 0.60 (P;=0.60).

The think-aloud protocol was conducted by having
students verbalize their thoughts while taking the
mastery test on work and energy. This was done to
examine the thought processes students used in
answering the questions and to consider the attributes
being assessed by each test item. The evaluation revealed

o
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Figure 2. Mesa plot for item 1 (Source: Authors’” own
elaboration)

that all 18 test items measured the targeted attributes
according to the Q-matrix.

Mesa plot analysis was conducted by examining the
best g-vectors for each test item at the mesa edges. An
example is shown in Figure 2, which is the mesa plot for
test item 1. The interpretation of the results indicates that
the appropriate g-vector for item 1 is 100000 (measuring
the attribute of work), which aligns with the Q-matrix
that was created. The evaluation found that out of the 17
test items measured the attributes according to the Q-
matrix.

However, for test item 10, the mesa plot analysis
revealed that the suitable g-vector is 100010, indicating
that it measures the attributes of work and elastic
potential energy. When the five physics education
experts examined the mesa plot analysis results, they all
agreed that item 10 should assess the attribute of power,
in line with the original Q-matrix or having a q-vector of
110010. Therefore, we retained the g-vector for item 10
as originally assigned.
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Table 8. Fit indices for DINA, DINO, A-CDM, & G-DINA

Table 9. Guessing parameters & slipping parameters of

Model RMSEA; SRMSR -2LL (df) AIC BIC mastery test
DINA 0.05 0.07  7,341.02 7539.02 7963.34 Item Guessing Slip Item  Guessing Slip
99) 1 0.09 0.03 10 0.00 0.06
DINO 0.05 012  8,12455 832255 8746.87 2 0.07 0.11 11 0.02 0.10
99) 3 0.02 0.08 12 0.06 0.04
A-CDM 0.08 0.05  7,183.74 7463.74 8063.78 4 0.07 0.09 13 0.03 0.06
(140) 5 0.06 0.10 14 0.00 0.06
G-DINA - 0.03  6,902.87 7544.87 8920.68 6 0.00 0.06 15 0.00 0.07
(321) 7 0.04 0.08 16 0.00 0.07
Note. For G-DINA, it is not possible to estimate the value of 8 0.03 0.07 17 0.00 0.17
RMSEA:; due to insufficient df for estimation 9 0.00 0.07 18 0.00 0.17

Table 10. Classification consistency indices & classification accuracy indices of mastery test

Attribute
Index Kinetic Gravitational potential ~ Elastic potential =~ Law of conservation of
Work  Power
energy energy energy energy
Classification consistency 0.99 0.88 0.88 0.89 0.88 0.63
Classification accuracy 0.99 0.90 0.89 0.90 0.90 0.64

Based on the validation of the Q-matrix using all
three methods, it can be concluded that the constructed
Q-matrix is accurate and can be effectively used to
estimate the parameters of the test items and examinees
with precision. Furthermore, the test items developed in
accordance with the Q-matrix align with it, providing
evidence to support the content validity of the mastery
test on work and energy.

Examining psychometric properties of mastery test on
work & energy

Before examining the psychometric properties of the
mastery test on work and energy, we compared the fit of
CDMs with the item responses by considering the
absolute fit index, specifically SRMSR. We found that
only G-DINA model demonstrated fit with the item
responses, as its SRMSR was less than 0.05, as shown in
Table 8. Therefore, we used G-DINA model to examine
the psychometric properties of the mastery test on work
and energy and analyzed the data in other aspects.

Based on the estimation of the item parameters of the
18 items using G-DINA model, it was found that there
were a total of 258 item parameters, including the
intercept parameters, the main effect parameters, and
the interaction effect parameters. These item parameters
do not directly indicate the quality of the item.
Moreover, the large number of parameters makes it
challenging to consider each parameter individually.
Therefore, we assessed the quality of the items based on
the guessing parameter and slipping parameter, each
consisting of only two parameters. The guessing
parameter refers to the probability that a student with
non-mastery of all the specific attributes measured in
that item will answer the item correctly.

The slipping parameter, on the other hand, refers to
the probability that a student with mastery of all the
specific attributes measured in that item will answer the
item incorrectly. A high-quality item should have the
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value of the guessing and slipping parameters not
exceeding 0.20 (Akbay & de la Torre, 2020). The
estimation of the guessing and slipping parameters
showed that the value of the guessing parameter ranged
from 0.00 to 0.09, while the value of the slipping
parameter ranged from 0.03 to 0.17, as shown in Table 9.
This indicates that the 18 items are of sufficient quality
and can be used to diagnose students’ mastery about
work and energy.

Based on the analysis of the classification consistency
index and the classification accuracy index of the
mastery test on work and energy, it was found that the
test had a classification consistency index ranging from
0.63 to 099 when categorized by the measured
attributes. Additionally, it had a classification accuracy
index ranging from 0.64 to 0.99 when categorized by the
measured attributes, as shown in Table 10.

Based on the examination of the construct validity of
the mastery test on work and energy using confirmatory
factor analysis, it was found that the measurement
model of work and energy demonstrated a good fit with
the empirical data (x2[4, N=537]=3.07, p=.55, CFI=1.00,
TLI=1.00, RMSEA=0.00, SRMR=0.01). To improve
model-data fit, the measurement errors were allowed to
correlate. For standardized factor loadings, the factor
loadings were statistically significant at a .05 level for all
indicators and had positive values at a high level.

The factor loadings of the five indicators, i.e., work,
power, kinetic energy, gravitational potential energy,
and elastic potential energy, were similar in magnitude
and higher than the factor loading of the law of
conservation of energy, as shown in Table 11 and Figure
3. To conclude based on above results, the mastery test
on work and energy demonstrates construct validity.

Based on the results of analysis of concurrent validity
considering the congruence between the diagnoses of
mastery about work and energy using the think-aloud
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Table 11. Confirmatory factor analysis results of measurement model of work & energy

Unstandardized factor loading

Standardized factor loading

Indicator b (SE) n B (SE) , R2
1. Work 1.00 - 0.99 (0.01) 566.95 0.98
2. Power 1.01 (0.01) 118.16 0.97 (0.01) 330.39 0.95
3. Kinetic energy 1.06 (0.01) 82.01 0.97 (0.01) 364.17 0.95
4. Gravitational potential energy 1.06 (0.01) 78.56 0.96 (0.01) 262.49 0.93
5. Elastic potential energy 1.06 (0.01) 72.85 0.96 (0.01) 281.52 0.93
6. Law of conservation of energy 0.75 (0.04) 21.31 0.72 (0.02) 33.94 0.52

Note. x2(4, N=537)=3.07, p=.55; CFI=1.00; TLI=1.00; RMSEA=0.00; SRMR=0.01; & all factor loadings were significant at .05
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Figure 3. Measurement model of work & energy (Source:
Authors” own elaboration)

protocol and the analysis from G-DINA model, it was
found that the attribute profiles of students obtained
from both methods were highly consistent (Rodrigues et
al,, 2019). Cohen’s kappa coefficient was 0.82.

Based on the examination of the psychometric
properties of the mastery test on work and energy from
various sources of evidence, it can be concluded that the
test has good psychometric properties. It can be
effectively used to accurately diagnose mastery about
work and energy.

Result of Developing Learning Path Map of Work &
Energy

The total number of possible attribute profiles, when
measuring six attributes, is 64 profiles. However, there
are 19 attribute profiles that are possible according to the
relationships among the attributes in the cognitive
model of work and energy. These 19 profiles align with
the Q-matrix created, as shown in Table 7, along with
attribute profiles, where students lack mastery in all
attributes, represented as “000000”. When estimating the
attribute profiles of the participants using G-DINA
model, it was found that they had a total of 14 attribute
profiles that corresponded to the relationships in the
cognitive model of work and energy. Among these, the

Table 12. Attribute profiles of participants

Profile Frequency Percentage (%)
100000 122 22.72
111111 97 18.06
000000 87 16.20
111110 68 12.66
111000 39 7.26
110010 36 6.70
111100 19 3.54
110110 16 2.98
100010 14 2.61
101010 14 2.61
111010 10 1.86
110100 9 1.68
101110 5 0.93
100110 1 0.19
110000 0 0.00
101000 0 0.00
100100 0 0.00
101100 0 0.00
101111 0 0.00

Note. There were six binary digits (i.e., 1 indicating mastery &
0 indicating non-mastery) in each attribute profile that were
sorted in order of all six attributes, which were (1) work, (2)
power, (3) kinetic energy, (4) gravitational potential energy, (5)
elastic potential energy, & (6) law of conservation of energy,
respectively

most prevalent profile was “100000” (mastery in work),
with 122 individuals (22.72%), followed by the profile
“111111" (mastery in all six attributes) with 97
individuals (18.06%), and the profile “000000” (lack of
mastery in all six attributes) with 87 individuals
(16.20%). However, five attribute profiles were not
found in the participants, i.e.,

(1) 110000,
2) 101000,
3) 100100,
4) 101100, and
5) 101111, as shown in Table 12.

These findings support the accuracy of the
relationships among the attributes in the cognitive
model of work and energy.

(
(
(
(

When considering all 19 possible attribute profiles
based on the relationships among the attributes in the
cognitive model of work and energy, including
hierarchical relationships, it is possible to create the
learning path map of work and energy, as shown in
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Figure 4. Learning path map of work & energy (Source:
Authors’ own elaboration)

Figure 4. This map helps determine the direction of
students’ learning development from the starting point
until they acquire knowledge in all six attributes of work
and energy. Some learning paths offer multiple options
for learning development. Students can choose any path
because ultimately, all paths lead to mastery in all
attributes. For example, students with the profile
“101100” (mastery in work, kinetic energy, and
gravitational potential energy) have two possible
learning paths. The first path is, as follows: 101100—
111100—111110—111111. This means that students with
the profile “101100” need to develop their knowledge in
power, resulting in the profile becoming “111100”. They
then further develop their knowledge in elastic potential
energy, resulting in the profile becoming “111110”.

Finally, they develop their knowledge in the law of
conservation of energy, resulting in the profile becoming
“111111”. As for the second path, it is, as follows:
101100—101110—101111—111111. In other words,
students with the profile “101100” need to develop
themselves to acquire knowledge in elastic potential
energy, resulting in the profile becoming “101110”. They
then further develop their knowledge in the law of
conservation of energy, resulting in the profile becoming
“101111”. Finally, they develop their knowledge in
power, resulting in the profile becoming “111111”. From
both learning paths, it can be observed that students
need to develop knowledge in elastic potential energy
before learning about the law of conservation of energy.
As for power, it can be developed either before or after
learning about elastic potential energy and the law of
conservation of energy.

Upon examining the learning paths of the majority of
participants, which reflect the main learning
development paths in work and energy, it was found
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that main learning paths are, as follows: 000000—
100000—100010—110010—110110—111110—111111.

DISCUSSION

Discussion on Results of Developing & Examining
Psychometric Properties of Mastery Test on Work &
Energy

We developed the mastery test on work and energy
according to CDA approach, with a strong emphasis on
setting assessment goals, identifying and validating the
cognitive model, constructing and validating the Q-
matrix, and selecting CDMs for data analysis (Ravand &
Baghaei, 2020; Rupp et al., 2010; Wancham et al., 2023).
As a result, the mastery test on work and energy
demonstrates good psychometric properties.
Specifically, the 18 items exhibit high quality, and the
test exhibits content validity, construct validity, and
concurrent validity. Furthermore, the test exhibits high
classification consistency index and classification
accuracy index categorized by the measured attributes,
except for the attribute of law of conservation of energy,
which shows relatively low values for both indices. This
may be due to the fact that the attribute of law of
conservation of energy is measured by only two test
items. Therefore, it is recommended to have at least three
test items measuring each attribute to ensure higher
classification consistency index and classification
accuracy index (Javidanmehr & Sarab, 2017).
Consequently, the test can be effectively used to
accurately diagnose students’ mastery in the area of
work and energy.

The developed cognitive model of work and energy
is based on hierarchical relationships between the
attributes being measured. This hierarchical structure is
known as the attribute hierarchy and follows a
convergent attribute hierarchy pattern. The attribute
hierarchy is specifications of the relationships among
attributes that suggest that mastering an attribute
requires mastering others first. It determines the
attribute profile of the examinees, which is categorized
into five types.

First, linear attribute hierarchy presents a hierarchy
in which all attributes are arranged in a linear sequence,
meaning that mastery in the final attribute requires
mastery in all preceding attributes.

Second, convergent attribute hierarchy involves a
hierarchical structure, where one parent attribute leads
to multiple child attributes. In other words, examinees
must possess mastery in at least one preceding attribute
to demonstrate mastery in the lower-level attributes of
the same branch. Third, divergent attribute hierarchy
consists of multiple branches stemming from the same
parent attribute. This means that mastery in any
attribute within a branch requires mastery in the
preceding attributes of that branch. Fourth, unstructured
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attribute hierarchy presents a hierarchy in which one
attribute is a prerequisite for other distinct attributes. In
other words, examinees can have mastery in lower-level
attributes without having mastery in other lower-level
attributes. Fifth, mixed structure comprises multiple sets
of attribute hierarchies, where each set has no
interrelationship. Additionally, the cognitive model may
also include an independent structure, which allows
mastery in one attribute without requiring prior
knowledge in other attributes (Tu et al., 2019; Wancham
et al, 2022). We also ensured the accuracy of the
cognitive model of work and energy by conducting
expert judgment and think-aloud protocols to verify the
relationships between attributes. This process helped in
creating an accurate Q-matrix, as the correctness of the
Q-matrix depends on the accuracy of the cognitive
model, which ultimately leads to the estimation of
reasonable attribute profiles (Cai et al., 2018).

We created and validated a Q-matrix with rigorous
scrutiny. We examined the accuracy through three
methods, ie., expert judgment, think-aloud protocol,
and mesa plot analysis. These methods ensured
confidence in the correct specification of the Q-matrix.
Incorrect Q-matrix specification, known as Q-matrix
misspecification, affects the accuracy of estimating item
parameters and classifying examinees based on attribute
profiles (Rupp & Templin, 2008). Q-matrix
misspecification can occur at the attribute level or the
item level. At the attribute level, it involves defining an
attribute that is inappropriate. At the item level, it
involves assigning incorrect values of one and zero in the
Q-matrix. There are three types of misspecification, i.e.,

(1) under specification, where the value is set as zero
when it should be one, indicating that the item
should require that attribute for a correct
response,

(2) overspecification, where the value is set as one
when it should be zero, indicating that the item
does not require that attribute for a correct
response, and

(3) mixed specification, which combines both under
specification and overspecification errors (Chen,
2017).

We, thus, provided details, including the definition of
the targeted attributes, and sought expert assistance to
ensure the accuracy and appropriateness.

Additionally, we validated the Q-matrix through all
three methods to gather strong evidence supporting its
accuracy, minimizing potential errors. This process
ensures the confidence that the constructed Q-matrix is
accurate, leading to accurate estimation of item
parameters and attribute profiles.

Comparing the fit of CDMs with item responses, it
was found that G-DINA model exhibited the best model-
data fit. This indicates that attributes of work and energy
possess compensatory attributes, meaning that lack of

mastery in one attribute can be compensated by mastery
in other attributes. Consequently, students with
different attribute profiles have varying probabilities of
answering test items correctly, depending on their
knowledge of each specific attribute (de la Torre, 2011).

Discussion on Result of Developing Learning Path
Map of Work & Energy

Generally, teachers aim to develop students’ learning
in the area of work and energy based on their overall
scores. However, students with the same overall score
may have different attribute profiles or knowledge states
(Bai, 2020). This mismatch in learning development
results in students not reaching their full potential, as
evidenced by their lack of understanding in the majority
of work and energy concepts (Afif et al., 2017; Mustofa
et al., 2019; Rivaldo et al., 2020; Takaoglu, 2018). Since
students with different attribute profiles require
different learning methods, creating the learning path
map of work and energy helps teachers plan their
instruction. This includes designing learning activities,
tasks, teaching materials, communication methods, and
assessment methods to cater to individual students’
learning development based on their attribute profiles.

Each student will have a unique learning path,
starting from their initial attribute profile and
progressing until they attain mastery in all attributes
(Wu et al., 2022, 2023). It should be noted that the
learning path map of work and energy exhibits a
nonlinear  pattern, which follows hierarchical
relationships among work and energy attributes. The
learning process begins with basic attributes in the
attribute hierarchy and progresses towards the
development of higher-order attributes.

If there are multiple paths for learning development,
teachers should choose a path based on the students’
background, learning environment, and available
learning resources in order to design the most suitable
learning experience for the students (Wu et al., 2023).
Each learning path should adjust learning methods or
activities to be appropriate for each individual student.
Methods that can be used for developing mastery on
work and energy include providing feedback (Wancham
& Tangdhanakanond, 2022), simulation-based learning
(Putranta & Wilujeng, 2019), and flipped classroom
(Astra & Khumaeroh, 2019).

This learning path does not solely depend on
hierarchical relationships of attributes but also on other
factors, such as curriculum management in each country
and curriculum enrichment activities (Wu et al., 2020).
Thus, it is advisable to study the learning path map of
work and energy in other countries in order to adjust the
learning path map for students in each country. This will
enhance effective learning of work and energy for
students, considering that each country has its own
educational model and varying social and cultural
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environments. Hence, there may be different variations
of the learning path map for work and energy.

To ensure effective and well-defined development of
students’ learning in the area of work and energy, it is
necessary to study the guidelines for developing
students’ learning in each attribute profile. This will
create effective learning paths, as different learning
paths may require different teaching methods (Bai,
2020). Furthermore, the learning path map of work and
energy should be validated through longitudinal studies
to analyze in-depth data on students” knowledge state
regarding work and energy. This comprehensive
understanding of students” learning paths will facilitate
accurate adjustments to the learning path based on
actual circumstances (Chen et al., 2017).

CONCLUSIONS

This study aimed to develop mastery test on work
and energy and learning path map of work and energy
using CDA. Developed test is divided into six attributes:

(1) work,

(2) power,

(3) kinetic energy,

(4) gravitational potential energy,
(5) elastic potential energy, and
(6) law of conservation of energy.

It possesses good psychometric properties, making it
suitable to accurately diagnose students’ mastery of
work and energy. Also, it can be used to create a new
version of mastery test on work and energy by utilizing
information from details of the attributes and a Q-matrix
as a guideline for test development. The learning path
map of work and energy displays the learning
progression of work and energy for students, consisting
of 19 attribute profiles. This map is highly beneficial for
teachers in designing personalized learning experiences
that align with each student’s knowledge state and
individual needs. Additionally, it allows for monitoring
students’ learning progress along different learning
paths until they achieve complete mastery of all
attributes. This approach differs from the traditional
one-size-fits-all teaching method that does not consider
individual differences among students. Thus, learning
path map of work and energy enables students to learn
about work and energy more effectively.
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