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Validation and cut score’s estimation for the online learning scale using Item Response Theory
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This study aims to validate the Online Learning Scale (OLS) and estimate 
the OLS’s cut score. The sample was 1,459 undergraduate students 
across different universities and field studies in Thailand. The OLS was 
newly developed by synthesizing related literature, focus groups, and 
observations and was designed to measure online learning quality from 
student-centered perspectives. The 24 OLS items were validated using 
Classical Test Theory (CTT) and Item Response Theory (IRT). The OLS’ cut 
score was estimated by analyzing the scale’s lowest points of the test 
information function. The effectiveness of OLS’ cut score was investigated 
by dividing groups of samples by cut score and analyzing their difference 
using Chi-square test and ANOVA with other variables. The results 
indicated that the OLS showed appropriate psychometric properties: 1) 
The Cronbach’s alpha reliability was .94 and discrimination indices were 
.62 to .79, 2) CFA fit indices indicated good fit (CFI = .953, RMSEA = .053), 
and 3) The IRT difficulty parameters were arranged in order and in the 
range of -3.0 to 3.0, while the discrimination parameters exceeded 0.65 
in all items. The estimated two cut scores (29 and 48 points) effectively 
distinguished the online learning quality delivered to the students.
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Introduction 

The spread of the COVID-19 pandemic has brought 
about sudden and unprecedented changes to all levels 
of education. One of the most prominent changes is the 
adoption of full-scale online or remote learning, replacing 
face-to-face learning. Even though online learning is not 
entirely a novel concept, it was only employed as additional 
learning support outside the classroom context or a tool to 
develop additional knowledge and skills before the arrival 
of COVID-19 (Firmansyah et al., 2021; Pal & Vanijja, 2020; 
Zemsky, 2014). Therefore, the sudden and full-flung changes 
to online learning affected teachers regarding appropriate 
learning management, various learning strategies, learning 
resources, and personal well-being (Mulrooney & Kelly, 
2020). For this reason, learners faced unreadiness in many 
areas, including learning strategies that were different from 
face-to-face learning in which different teachers had different 
ways of maneuvering learning methods and adapting 
themselves to the nature of online learning (Doucette et 
al., 2021; Pal & Vanijja, 2020). This idea is consistent with 
the authors’ observation of our own classes in the major 
at the university, which demonstrated that learners mostly 
learned from lectures since teachers were not well prepared 
to teach online and lacked the technical skills necessary for 
learning. Teachers could not interact as they did in a regular 
classroom due to the lack of body language communication 
and immediate interactions, which caused difficulties. Also, 
students sometimes accidentally interrupted teachers’ 
teaching, and teachers sometimes needed to impose rules 
for students to keep their cameras and microphones on 
during class time. Students’ names were called to enhance 
class engagement. 

Even though instruction was quite problematic, Thai 
universities must still conform to the educational standards 
and correspond to the teaching and learning imposed by 
the ASEAN University Network Quality Assurance when 
conducting classes. The mentioned educational quality 
control emphasized learners as the center in which learning 
activities should provide opportunities for learners to engage 
in the learning process, reflecting the impacts of learning 
engagement and student participation on the ability to 
seek knowledge and ways of self-learning independently 
(ASEAN University Network, 2020). From the global point of 
view, the study conducted by Miranda et al. (2021) revealed 
that tertiary education is currently in Education 4.0, which 
supports heutagogy, peeragogy, and cybergogy. Students 
are active learners and can design their learning styles and 
self-learning, whereas teachers perform the roles of mentors 
or coaches, collaborators, and points of reference. Therefore, 
the learning design in higher education should be based on 
the student-centered approach. The intended outcomes are 
both soft and hard skills via the assistance of technological 
tools, learning platforms, and online learning sources. 

Although the COVID-19 situation has been increasingly 
improved and normalized, many universities around the 
world still adopt online learning, which has been proven 
to be an effective major learning platform, and there is a 
tendency to expand in the future. From learners’ perspectives, 
some learners learned effectively online, thanks to the 
considerable convenience, and it was especially beneficial 

to students from deprived families. In addition, it increased 
diversity in class (Dos Santos, 2022; Doucette et al., 2021; 
Jones & Sharma, 2020). Online learning is advantageous for 
self-directed learners because it contains a massive pool of 
available online resources for seeking additional knowledge 
and working with others on online platforms (Geng et al., 
2019). Besides, students can revise lessons via recorded 
videos of online meetings. This also facilitates self-directed 
and student-centered learning, leading to life-long learning 
(Karatas et al., 2021; Chuwuedo et al., 2021; Sallah et al., 
2019). Therefore, to summarize, there is a possibility that 
online learning will persist in higher education because the 
outcomes of all research bodies seem to go in the same 
direction, which indicates that online learning could be a 
major learning platform with abundant benefits to students. 

Table 1. Existing scales related to online learning.
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Even though scales related to online learning have been 
developed, there is still a scarcity of measurement scales 
for online learning quality. The scales related to online 
learning that the researchers found are provided in Table 
1. Table 1 revealed that there is no specific study aimed 
at developing a scale intended to measure the quality of 
online learning that aligns with student-centered learning. 
The existing scales focused on readiness, self-efficacy, 
self-regulation, challenges, satisfaction, classroom climate, 
experience, digital competence, perception, and interaction. 
Moreover, the validation of the psychometric properties of 
the existing scales still relied on the Classical Test Theory 
(CTT) by analyzing the internal consistency reliability, the 
validity based on internal structure using exploratory and 
confirmatory factor analysis, and validity based on other 
variables using the correlation coefficient. The limitation of 
CTT is that it is a sample-dependent measurement model 
that lacks invariance regarding psychometric properties 
when applied to other research samples (Hambleton & 
Jones, 1993). 

Moreover, there is a research gap in estimating a cut score 
for interpreting outcomes of such online learning scales. The 
online learning scale should establish two or more cut scores, 
dividing the score range to partition the distribution of scale 
scores into several categories. These categories are used 
for descriptive purposes or to distinguish among students 
who received different quality online learning programs 
(American Educational Research Association [AERA] et al., 
2014). Information acquired from the developing scale 
in this study will help universities design higher levels of 
quality in online courses, enhance the standard of online 
learning to respond to students’ needs, improve students’ 
learning outcomes, and provide validity for interpreting the 
measurement results.

Literature review

Student-centered online learning

During the initial period of effective online learning, 
academics focused on strategies that effectively deliver 
learning material; later, they realized there should be a 
specific online learning instruction, bringing about changes 
that turned the attention from delivering learning material 
to studying online learning instructional methods, as well 
as from teacher-centered to student-centered ways of 
learning (Ehlers, 2009; Junus et al., 2015). Student-centered 
learning refers to the type of learning where students are 
active learners who play a part in the learning design and 
initiators of knowledge via activities and group work. In 
contrast, teachers are facilitators who create a comfortable 
learning atmosphere, so students feel free to provide 
comments. By so doing, teachers provide the necessary 
guidance, feedback, motivation, and formative assessment 
to give rise to a meaningful learning process, which is in 
contrast to teacher-centered learning in which teachers 
are key people responsible for students’ learning process 
by designing learning and communicating knowledge, 
while learners are passive learners (Froyd & Simpson, 2008; 
Keiler, 2018; Mascolo; 2009; Overby, 2011; Wright, 2011). To 
accomplish student-centered learning in higher education 

(ASEAN University Network, 2020; Miranda et al., 2021), 
learners must seek knowledge, design learning strategies, 
and learn independently. They also need to participate in 
various activities cooperatively and collaboratively. There 
are online sources to assist their learning, and teachers 
are supporters who can relate existing knowledge to new 
knowledge to make lessons more intriguing for students 
to maintain their attention (Pornkul, 2009). Online learning 
encourages the development of student-centered learning, 
allowing students to set a goal and work on learning to 
achieve it as self-directed learners (Teo & Divakar, 2021). 

Even though online learning can take the form of 
synchronous and asynchronous learning, it is observable 
that during online learning in Thai universities during and 
after the COVID-19 pandemic, teachers have employed 
teacher-centered learning via lectures on online programs 
and relied on attendance checking and tests as an 
assessment of learning outcomes. However, after teachers 
became more accustomed to online learning platforms, they 
adopted assistive features such as breakout rooms, polls, 
chats, whiteboards, and screen sharing in their teaching. 
Besides, there have been learning materials like video clips 
or learning slides to allow students to preview and review 
after classes. There have also been adjustments in learning 
materials such as books that could be scanned to access 
the file, which is convenient for students to study using 
different gadgets. Teaching videos are sometimes uploaded 
to cloud storage for the sake of revision. Assessments 
have been remodified through essay writing, open-book 
exams, or performance assessments via recorded online 
presentations. However, for specific fields that depend on 
practice and performance, like medicine, engineering, or 
fine arts, students were required to come to the university 
as exceptions during the lockdown period, under strict 
preventive measures such as wearing masks or attending 
classes in small groups. This goes in the same direction as 
a study by Marinoni et al. (2020) that asserted that online 
learning cannot completely substitute in-class learning for 
skills requiring practice and performance, such as science or 
arts. Moreover, some teachers invited guest speakers to give 
specific talks to compensate for field trips during lockdown.

It is noticeable that blended learning in colleges after the 
COVID-19 pandemic still plays a significant role even though 
on-site learning has come back, particularly in subjects that 
rely on lectures and special occasions such as a student’s 
absence. Teachers would be asked to open the online 
meeting program and record the meeting so that students 
can review the lessons and catch up with their friends. At 
the graduate level, online education is the primary learning 
channel, and they only come to the university to take exams 
with other students. It is observable by teachers that online 
learning opens opportunities for students who reside or 
work in distant locations to obtain graduate education, 
which corresponds to the study conducted by Pal and 
Vanijja (2020) that points out the benefits of online meeting 
applications in both synchronous learning via the live 
feature, and asynchronous learning via recorded videos and 
shared files.
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The relevant literature and observations suggest that after 
teachers and students have become familiar with online 
learning, there has been a shift from teacher-centered to 
student-centered, consistent with a study by Doucette et 
al. (2021). They found that the advantage of online learning 
is that it allows students to review lessons via video clips. 
The breakout rooms can be used to stimulate discussions 
and collaborative learning. Also, online learning has 
back channels such as chat or private chat that facilitate 
communication with teachers and among peers, which is 
even better than in-class learning. 

Test theory

The model used to measure the scale’s psychometric 
properties was based on Classical Test Theory (CTT) and 
Item Response Theory (IRT). CTT was analyzed using the 
sum score under the concept that actual abilities could be 
observed from the sum score and errors. IRT was analyzed 
using latent variables under the concept that latent variables 
of test takers’ abilities could be measured from questions 
that were made on the same scale (Edelen & Reeve, 
2007). Additionally, the model based on CTT is a sample-
dependent model in which psychometric properties of the 
measurement vary according to the research sample used 
to analyze. This contrasts with the concept of IRT, which is a 
sample-independent model. If the empirical data fit with the 
model, the psychometric properties remain invariant across 
all samples (Hambleton & Jones, 1993). That is not all; when 
considering the measurement precision, it is discovered that 
the IRT model estimates the measurement precision using 
the item information function that estimates information 
based on different ability levels. In contrast, the CTT model 
adopts the same standard error of measurement across all 
ability levels, possibly generating bias in extremely high, 
extremely low, and moderate samples’ abilities (Jabrayilov 
et al., 2016). Thus, the current study employed the IRT model 
to analyze the psychometric properties.

The estimation of the cut score using IRT

A cut or cutoff score refers to the score point used as a 
criterion to separate students into different groups.  There 
are two concepts of setting a cut score, which are the test-
centered and the student-centered. Aside from dividing 
students, a cut score is used in the outcome reports to 
obtain feedback necessary for improving students at diverse 
levels, affecting stakeholders’ decisions (Tiyawongsuwan, 
2011; Ziesky et al., 2008). There are various ways to perform 
both concepts of a cut score. This current OLS development 
studied a cut score of the developed scale to allow teachers 
or individuals who deal with online learning to use the 
feedback acquired from the scale in the adjustment or 
quality enhancement of online learning in tertiary education. 
Because OLS is a newly developed measurement, the test-
centered cut score in which experts decide and determine 
the minimum passing criteria may not be an appropriate 
method. Therefore, the student-centered cut score was 
adopted using the contrasting-group method (Lin, 1989; 
Ziesky et al., 2008), which determines the cut score from 
the curve of the distribution of students’ scores using the 

test informative function obtained from the analysis based 
on the IRT. This also helps eliminate the limitations in the 
contrasting-group method, in which the score distribution 
possibly showed more than one cut score followed by more 
than one criterion. The test information function converts 
students’ scores into a standardized value, making it feasible 
to determine the cut score.

However, according to Zumbo (2016), the difference 
between cut-score setting and standard-setting definitions 
is discussed. His study reveals that the definition of the cut 
score may refer to an arbitrariness of setting the cut score to 
determine whether to pass or fail. In contrast, the definition 
of standard-setting refers to the process of finding the 
cut-score point of a tool that meaningfully categorizes 
respondents into two or more groups. The cut score should 
indicate the minimum level of performance to pass each 
group. Therefore, the OLS study on estimating cut score was 
focused on determining the standard-setting of OLS.

There has been a controversy among experts regarding the 
use of test information in determining the cut score. Some 
claim that cut scores should be at a high information value 
to determine the cut score accurately and reliably. However, 
a study by Wyse and Babcock (2016) suggested that the high 
information value that could divide students with accuracy 
and reliability should be far from the cut scores. The cut 
score should be estimated at the point of low information 
value (Wyse, 2017). This notion aligns with the interpretation 
of the test information graph, which is a high information 
value that refers to the fact that the measurement can divide 
abilities with a high level of precision (Edelen & Reeve, 
2007). In other words, the measurement can determine 
the point of the ability at the high information score with 
precision. Hence, the current research adopted the lowest 
point guideline of the test information graph to determine 
the cut scores. If the graph rose and plummeted before 
peaking again, the lowest point was determined as the cut 
score. However, when adopting the student-centered cut 
score method, we should ensure that the samples used show 
enough differences in the quality of online learning to ensure 
the precise estimation of the cut score. Therefore, the CTT 
was employed using the discrimination index to investigate 
differences in the samples’ responses. If the value was high, 
it could be interpreted that there were heterogeneous online 
learning qualities (Hambleton & Jones, 1993). 

From the study of relevant literature, it is crucial to develop 
the online learning scale (OLS) that measures the quality of 
online learning, which necessarily corresponds to a learner-
centered approach and current online learning contexts, to 
obtain information that can be utilized to improve learning 
instruction. The OLS is a newly developed scale and should 
provide evidence of psychometric properties in reliability 
and validity analyzed by CTT and IRT to ensure its quality. 
The cut score estimation will also be conducted to interpret 
the measurement results and use them to improve online 
learning classrooms. The scale will be up-to-date and 
facilitative to the current online learning at the tertiary level, 
which has the potential to expand continuously. Therefore, 
the research questions were: 1) what are the psychometric 
properties of the OLS measurement? 2) how many groups 
should there be in the quality estimation of online learning? 
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3) what should be the value of cut scores for the OLS?

Research objectives

To validate the Online Learning Scale (OLS) for 
undergraduate students.

To estimate the OLS’s cut score to distinguish 
online learning quality for blended and online 
learning in higher education.

1)

2)

Method

This research adopted a research and development 
(R&D) design (Gall et al., 2007; Gustiani, 2019), which is 
widely used to develop an educational assessment tool 
or product. The process of OLS development started with 
studying related literature, focus groups, and observation 
to collect information for designing OLS, then developing 
a preliminary OLS. The OLS underwent a pilot study and 
revision before being tested with the research sample to 
reveal its psychometric properties and validate its finalized 
version. Lastly, OLS’s cut score was estimated to interpret 
OLS implementation effectively.

Sample 

1,459 undergraduate students in Thailand were research 
samples. This study used stratified random sampling to 
cover samples’ distribution in five types of universities, 
including public universities, Rajamangala University of 
Technology, Rajabhat universities, private universities, and 
community colleges, and four types of study fields, including 
health sciences, sciences and technology, humanities, and 
social sciences. Most students came from public universities, 
accounting for 70.53%, and 49.55% came from social 
sciences majors (the summary table of university types and 
study fields is provided in the appendix). The majority gender 
of samples was female (72.72%), and the average age of the 
samples was 20.84 (SD = 2.33, Min = 17, Max = 43).

Instrument

The instrument adopted in the current research is the Online 
Learning Scale (OLS). OLS was developed and synthesized 
from a literature review, a focus group of experts, and online 
classroom observation in a Thai university. This process 
aimed to develop an operational definition of online learner-
centered learning that aligns with the current learning 
instruction. The operational definition of the current study 
is the following:

“Online Student-Centered Learning means students are 
mainly responsible for their learning, in which learners 
participate in the decision-making process to seek the 
most optimal way to enhance their learning and skills 
via analyzing problems and contributing factors of a 
specified incident. They are required to seek knowledge, 
participate in both online and offline activities, work 
in a team, perform their duties, exchange opinions 
with peers and teachers, plan, execute the plan, and 
summarize their learning outcomes. Ultimately, they 

will have to present their learning outcomes to their 
teachers, peers, and the public via different media by 
producing a multimedia product suitable for online 
presentations.”

To implement online student-centered learning, teachers’ 
roles should include incorporating the existing knowledge 
into new knowledge and turning it into a lesson using 
discussion questions or applications to stimulate learners. 
Teachers support and facilitate group work, projects, and 
research studies that students are intrigued about. They also 
need to relocate time to provide advice and feedback and 
answer learners’ questions outside the class time. They can 
invite guest speakers to compensate for some fieldwork. It 
is crucial to ensure that learners are clearly informed about 
the submission platforms and deadlines.

Online student-centered learning should involve both 
synchronous learning in a live environment and asynchronous 
learning, which relies on various applications and video 
recordings of the in-class teaching so that students can 
review lessons. Content files, activities, or video clips should 
be uploaded if they are interested in additional information. 
Online learning that adopts such meeting applications as 
Zoom, Microsoft Team, and Google Meet allows users to use 
breakout rooms to enable small discussions to exchange 
opinions or do other activities. Screen sharing allows users 
to give presentations, and students can learn from their 
peers. Also, students can answer questions by unmuting 
their microphones or sending messages on the chat box. 
Some learning content that heavily depends on practices 
should be taught on-site to enable actual practices, but they 
can integrate online learning into it.

After the operational definition was thoroughly coined, an 
item pool of 25 questions was generated from the relevant 
literature aligning with the operational definition. The OLS 
was developed using the 4-point Likert-type scale (never, 
rarely, sometimes, and often). This was adapted from 
Frequency – five points (never, rarely, sometimes, often, 
and always) in Likert-type scale response anchors of Vagias 
(2006), but the highest response (always) was eliminated 
because each content in OLS cannot always be performed 
in the classroom, it must be combinedly used according 
to learning activity, subject, or topic. The OLS items were 
analyzed for content validity by experts, and a pilot study 
with a sample consisting of 61 students was conducted to 
test its psychometric properties regarding reliability and the 
discrimination index before putting it into actual samples.

The analysis results of the psychometric properties in the 
pilot study revealed that Item 8 (learners spend most of 
their time watching lectures in online learning), a reverse-
scale item, had a lower discrimination index of less than 
.30. Therefore, it had to be omitted before the scale was 
implemented with actual samples. The omission would 
not affect the measurement content because the content 
representation of this item was displayed in other items 
remaining in the OLS. In summary, there were 24 items of 
OLS in total, as shown in the appendices.
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Data collection and data analysis

The OLS data was gathered using Google Forms. The link 
of OLS was sent electronically to multiple universities, 
determined by the types of universities and study fields 
(majors) mentioned in the sample section. The Institutional 
Review Board (IRB) approval of the ethical code of the 
research instrument was SWUEC 279/64s based on the 
Declaration of Helsinki, the Belmont Report and CIOMS 
guidelines. To analyze the OLS’s psychometric properties, 
the items were analyzed in terms of the internal consistency 
reliability using Cronbach’s alpha coefficient based on 
the CTT, test information, the expected a posteriori (EAP) 
reliability, the discrimination index, and the discrimination 
parameter (a) and difficulty parameter (b) based on the IRT.

The validity of the instrument was presented in three types as 
follows. The first type was content validity, in which relevance 
and representation between the items and objective to be 
measured, which were core components of content validity 
of the measurement, currently recognized as evidence 
based on test content (AERA et al., 2014), evaluated by eight 
experts. The second type was construct validity, currently 
known as evidence based on internal structure. Exploratory 
factor analysis and confirmatory factor analysis were 
employed. Lastly, criterion-related validity, currently known 
as evidence based on relations to other variables (AERA et 
al., 2014), was analyzed by correlation coefficient with other 
variables. The four variables were adapted from existing 
scales, including student-teacher engagement scale of 
Klincumhom (2013) (11 items, r = .80 - .90), online learning 
characteristics scale of North Carolina Community College 
System (n.d.) and Penn State University (n.d.) (12 items, r = 
.95) (reliability was analyzed in this study because the original 
value was not provided), self-directed learning scale of  Yang 
et al. (2020) (5 items, r = .96), and self-assessment scale of 
Yan (2018) (10 items, r = .79 - .90). The four scales were sent 
to the sample together with the OLS. These four scales are 
provided in the appendix.

To estimate the effectiveness of the cut score, the Chi-square 
test was employed to test differences between students 
according to the cut scores, university types and majors, and 
online learning outcomes, using ANOVA to test differences 
between students and the psychological variables of online 
learning. The software for data analysis was R with multiple 
packages. First, the psych package (Revelle, 2024) was used to 
analyze Cronbach’s alpha coefficient and the discrimination 
index in the CTT. Second, the mirt package (Chalmers, 2023) 
was used to analyze the psychometric properties based on 
the IRT. Third, the lavaan package (Rosseel et al., 2023) was 
used to analyze factor analysis.

Result

Validation of OLS psychometric properties

Evidence based on test content 

To investigate the content validity of the OLS, eight experts 
were consulted to assess the relevance and representation 
between OLS items and the operational definition. These 
experts were selected from various academic fields, including 

health sciences, sciences and technology, humanities, social 
sciences, and instructional media and technology specialists. 
Additionally, all of them had prior experience in online 
teaching. To evaluate the items, the eight experts assigned 
three points to items they found to be relevant and well-
represented, two points to items where they were uncertain 
about their relevance and representation, and one point to 
items lacking relevance and representation.

Subsequently, the researchers collected the experts’ ratings 
and calculated the average score by dividing the total 
points earned by the number of experts. Items with scores 
exceeding 2.5 were considered to exhibit relevance and 
representation. Following this assessment, the researcher 
made necessary improvements and adjustments to the 
items based on the feedback provided by the experts before 
implementing the OLS. The scores from eight experts were 
between 2.50 – 3.00, which indicated that the items were 
relevant and represented the quality of online learning. 
Evidence based on internal structure 
	
Evidence based on internal structure was analyzed using 
exploratory factor analysis (EFA) to investigate the number of 
factors of the OLS and confirmatory factor analysis (CFA) to 
confirm the EFA result. To ensure the measurement quality, 
apart from designing random sampling to cover the student 
population, the researchers inspected the discrimination 
index of the OLS using corrected item-total correlation to 
ensure diversity of the samples’ responses under the criterion 
of at least .30 (Ferketich, 1991). The analysis revealed that 
all 24 items in OLS obtained discrimination index values 
from .62 to .79, as illustrated in Table 2. Additionally, the 
internal consistency reliability of the OLS was analyzed using 
Cronbach’s alpha coefficient to consider eliminating some 
items in the complete scale under the criterion of at least .70 
(George & Mallery, 2003, as cited in Gliem & Gliem, 2003). 
It was discovered that the OLS obtained a reliability value 
of .96.

The results of EFA showed that the OLS possessed one factor, 
determined by the high factor loading value loaded in factor 
1, as shown in Table 2. Later, to confirm one trait of OLS, the 
results of CFA revealed that the Chi-Square value was 1274.71 
(df = 247), and the p-value was .000, reflecting the misfit 
between the model and the empirical data. Nevertheless, 
because of the sensitivity to a large sample size of the Chi-
square test, other fit indicators were taken into consideration 
(Weston & Gore, 2006). It was discovered that the CFI value 
was .953, which exceeded the basic criterion of .90. The GFI 
was .922, which exceeded the criterion of .90. The AGFI value 
was .905, which was again over .90. The RMSEA value was 
.053, which was lower than .06. The RMR value was .02 which 
was lower than .05. This supported the conclusion that the 
model fit with the empirical data. The CFA showed that the 
factor loading values of all 24 items were positive, ranging 
from .614 to .788, with a statistical significance of .05 in all 
items, as shown in Table 2 and Figure 1.
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Validating OLS’s psychometric properties

The analysis of the psychometric properties of the 
measurement based on the IRT consists of the analysis of 
the threshold (difficulty) parameter, the discrimination 
parameter, test information, item information, and the 
Expected a Posteriori (EAP) reliability. To elaborate, the 
threshold parameter refers to the difficulty of the cut score 
in each score range of the items. There were four score 
ranges in the OLS; therefore, there were three thresholds 
(b₁,b₂,b₃). The threshold parameter values should be in 
order (monotonicity) and should be in the range of -3.0 to 
3.0, whereas the discrimination parameter value (a) should 
be at least 0.65 (Baker, 2001; Bichi & Talib, 2018). These were 
the criteria used to qualify the items.

To analyze model fit, the Partial Credit Model (PCM) and 
the Graded Response Model (GRM) were analyzed based 
on the AIC, BIC, log2 likelihood, whose value was supposed 
to be lower, and the Chi-Square test. If the p-value had a 
statistical significance, it meant GRM had a better fit than 
PCM. The analysis results revealed that AIC, BIC, and log2 
likelihood values of GRM (AIC = 60222.76,  BIC = 60730.17, 
and log2 likelihood = -30015.38) were lower than those in 
PCM (AIC = 61766.34,  BIC = 62152.18, and log2 likelihood 
= -30810.17), while the p-value had a statistical significance 
(p-value < .000), meaning the GRM showed a higher level of 
fit than that in PCM. For this reason, GRM was adopted to 
analyze the psychometric properties of the OLS, as shown 
in Table 2.

The analysis results of the threshold parameter and 
the discrimination parameter of the OLS revealed that 
the threshold parameter values ranged from -2.595 to 
1.533. It was discovered that all items exceeded the basic 
criterion scores of -3.0 to 3.0 and followed the threshold 
arrangement (as shown in the item characteristic curve in 
Figure 2). The discrimination parameter values ranged from 
1.752 to 3.107, which exceeded the criteria. The analysis of 
the item information revealed that all items were distributed 
according to different abilities (θ). Some items indicated a 
high level of item information, such as Items 1, 6, 8, 20, and 
22, as shown in the item information function in Figure 2.

The analysis of the test information function of the OLS 
demonstrated that the highest information values in the 
ability (θ) range of -3.0 to 1.5, meaning the measurement 
was suitable for estimating all ranges from low to high 
ranges of online learning quality (θ) from -4 to 3 and the 
standard errors were in the same ranges. After considering 
the lower standard errors (SE) (red dashes) and the peaks, 
we could divide students into three groups. The analysis of 
the EAP reliability showed that the value was .95, which was 
extremely high. EAP is comparable to reliability in the CTT, 
which uses the same interpretation methods (Adams, 2005). 
The test information function and the reliability graph based 
on the IRT of the OLS are shown in Figure 3.

Figure 1. The result of the confirmatory factor analysis of the 
OLS measurement.

Figure 2. The item characteristic curve and the item 
information function of the OLS.

Table 2. The summary of psychometric properties’ validation 
of the Online Learning Scale (OLS).
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Figure 3. The test information function (left) and the EAP 
reliability graph (right) of the OLS.

Evidence based on relations to other variables

Evidence based on relations to other variables was 
established by calculating correlation coefficients between 
OLS scores and four distinct variables scores: student-
teacher engagement (STE), online learning characteristics 
(OLC), self-directed learning (SDL), and self-assessment (SA). 
This analysis aimed to demonstrate convergent validity, also 
known as validity based on relations to other variables. 
Convergent validity suggests that the developed scale 
should exhibit a moderate correlation coefficient with these 
other relevant variables (AERA et al., 2014).

The analysis utilized the Pearson correlation coefficient 
to examine the relationships between OLS and the 
abovementioned five variables. The results indicated a 
statistically significant moderate positive correlation at a 
significance level of .01. Specifically, OLS demonstrated 
correlation coefficients of .656 with online learning 
assessment, .621 with student-teacher engagement, .650 
with online learning characteristics, .625 with self-directed 
learning, and .603 with self-assessment. These findings are 
summarized in Table 3.

Table 3. The correlation coefficients between OLS scores and 
five variables.

Cut score’s estimation

A sum score of the students’ responses was collected to 
estimate the information distribution and the result showed 
that the sum score of the OLS ranged between 0 and 72, 
with a mean score of 44.019 (SD = 14.019) and a median of 
46 points. The graph showing the distribution of the sum 
score of the OLS measurement is shown in Figure 4.

The estimation of a cut score relied on the analysis of 
the OLS information by looking for the lowest point of 
information after peaking in the information curve that is 
also the highest in the ability (θ) from -4 to 4. According 
to Figure 3, the measurement precision was high during 
the ability (θ) range of -4 to 3, and there were three peaks 
in the test information function. The two lowest points in 
between the three peaks were analyzed. They showed that 
the information graph hit the lowest at the ability (θ) level of 
-1.3 and 0.2, with the information values of 30.96 and 30.09, 

respectively. The sum score of students’ responses in the 
OLS reflecting the online learning quality at the locations 1.3 
and 0.2, not exceeding ± 0.03, showed that the mean scores 
of the responses were 22.92 and 48.24, respectively. Thus, 
the numbers were rounded to determine the cut scores of 
23 and 48, respectively. Therefore, there were three levels 
of interpretation, including learners who needed assistance 
while learning online (0-22 points), learners receiving 
standard online learning quality (23-47 points), and learners 
receiving effective online learning quality (48 points or 
more). The test information function that estimates the cut 
scores is shown in Figure 5.

Figure 4. Sum score of the OLS measurement.

Figure 5. The estimation of the cut scores in the information 
graph.

Investigation of cut score’s effectiveness

After the cut scores were determined, the effectiveness of the 
cut scores was investigated by dividing students’ responses 
into three groups according to the estimated cut scores 
and analyzing their basic statistics. It was discovered that 
Group 1 consisted of 72 people (M = 11.514, SD = 8.711), 
while Group 2 was made up of 722 people (M = 37.057, SD 
= 7.537), and Group 3 had 665 people (M = 55.295, SD = 
8.195), as shown in Figure 6.

After dividing the responses into three groups, differences 
in the dependent variables between the samples were based 
on university types, majors, and the outcomes of online 
learning responses in each learning outcome. These included 
the perception of online learning outcomes compared to in-
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class learning, cognitive, performance, and affective aspects, 
using the Chi-square test to analyze this portion. The sums 
of students varied because the answer “Other” from some 
respondents was omitted from each learning outcome. 
The Chi-square test results of the three groups of students 
divided according to universities and majors revealed no 
difference in the university types. However, there was a 
difference in majors, as shown in Table 4 and Table 5.

Table 4. The analysis of the Chi-square test classified by 
universities.

Figure 6. Basic statistics of online learning quality of three 
groups.

Table 5. The analysis of the Chi-square test classified by 
majors.

The Chi-square test was used with students’ responses, 
in which the perception of online learning outcomes in 
comparison to those of in-class learning was categorized 
into “better,” “worse,” and “not changed.” The cognitive, 
performance, and affective aspects could be divided into 
“more,” “less,” and “not changed.” The result showed that all 
three groups of students showed differences in all aspects 
with a statistical significance of .05, as shown in Table 6.

The effectiveness of the cut scores was also analyzed using 
one-way ANOVA with the four variables in psychometric 
properties, including student-teacher engagement, online 
learning characteristics, self-directed learning, and self-
assessment. The adopted data was the mean score of all 
four variables with a score range between 0-3 points. The 
result revealed that the variance of three groups of students 
varied in all variables, with a statistical significance of .001, 
as shown in Table 7.

Table 6. The analysis of the Chi-square test classified by 
learning outcomes.

Table 7. The results of ANOVA analysis with four psychological 
variables.

The analysis of the post hoc test was used to compare 
each group based on the variables, using the Games-
Howell post hoc test because each variable had a diverse 
level of fluctuation. It was obvious in Levene’s test with the 
statistical significance. The result demonstrated that Group 
1 differed from Groups 2 and 3 with a statistical significance 
of .001, and Group 2 differed from Group 3 with a statistical 
significance of .001 in all variables. The analysis result of the 
post-hoc test is shown in Table 8.

Table 8. The result of post hoc test.

Discussion

The analysis results of OLS validation revealed agreement 
between CTT and IRT in the case of the low discrimination 
index below .3 of the items in the initial scale developed 
before the pilot study. This reflected that both theories 
provided an alignment of analysis results. However, in 
the current study, IRT provided more information about 
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scale development than the use of CTT, meaning that the 
researchers could analyze the difficulty parameter of each 
threshold, and the information ensured the monotonicity of 
the difficulty parameter of each item. This further supports 
the quality of the OLS. Also, the IRT offered the highest level 
of information on the students’ abilities of each item. The 
information function could be further utilized to analyze 
the appropriate cut scores for the respondent-centered 
method. Therefore, although the results of the psychometric 
properties analysis based on both theories went in the same 
direction, the scale developed based on the IRT could offer 
more beneficial information if the basic requirements of the 
IRT were met.

The EFA and CFA analysis results were consistent, reflecting 
internal validity and featuring crucial components of online 
learning instruction. The researchers also found that the 
discrimination index and CFA’s factor loading were highly 
related. The five items with the most standard component 
weights (β) were Item 8 stating that learners participated in 
thought-provoking activities, giving rise to learning and skill 
development (β = .787, SE = .031), followed by Item 6 stating 
that learners analyzed problems and contributing factors of 
a specified incident (β = .773, SE = .032), Item 1 stating that 
teachers integrated existing knowledge into a new lesson 
(β = .770, SE = .032), Item 22 stating that learners reflected 
important knowledge gained from lessons (β = .769, SE = 
.032), and Item 10 stating that learners were given distinct 
responsibilities in group works, projects, and research 
studies in online learning (β = .747, SE = .033), respectively. 
Of all five items, it is apparent that the results corresponded 
to other studies related to online learner-centered learning 
because, in four out of the five mentioned items, learners 
played a major role in self-learning via learning activities, 
problem-solving, self-assessment, and self-monitoring 
learning.

The analysis results of the cut scores determined based on the 
peaks on the test information curve revealed that there were 
three peaks that could be used to divide the respondents 
into three groups, including learners who needed assistance 
while learning online (0-22 points), learners receiving online 
standard learning (23-47 points), and learners receiving 
effective online learning (48 points or more). To divide the 
respondents into the mentioned groups, the effectiveness 
of the cut scores was analyzed using the Chi-square test 
and ANOVA with learning-related variables to ensure the 
effectiveness of the cut scores, discovering that majors 
were quality variables of online learning instruction that 
showed differences with the statistical significance of .05. 
The analysis results demonstrated that students in health 
sciences and sciences and technology belonged to Group 
3, while those in humanities and social sciences could be 
categorized in Group 2, which corresponded to learning 
instruction characteristics and availability of technology. 
In other words, students in sciences and technology were 
technologically ready due to the Thai university learning 
context, based on observations and inquiring university 
officials. It was found that there had been blended learning, 
which integrated online learning even before the arrival of 
COVID-19 in sciences as well as sciences and technology. 
Additionally, most students in both majors are self-directed. 
Because most students went to tutorial schools before 

entering universities, they were accustomed to analyzing 
their strengths and weaknesses, selecting their learning 
styles, and self-assessment. According to the study by 
Dispongsant (2022) and Wonglertwisawakorn et al. (2019), 
most subjects that students studied in tutorial schools for 
university admission were Physics, Chemistry, Biology, Math, 
and English, and 84.4% of them studied sciences. On the 
contrary, humanities and social sciences students might be 
unfamiliar with the mentioned learning styles. Therefore, 
they needed time to adapt and monitor their learning online.

The analysis results of the effectiveness of the cut scores 
using the Chi-square test with variables concerning self-
study outcomes in the cognitive, psychomotor, and 
affective domains. The comparison with the traditional 
learning revealed that Group 3 students obtained a higher 
cognitive level along with the other areas with a statistical 
significance of .05. This reflected that the measurement 
was effective in setting Group 3 apart from Group 1 and 2, 
which were in line with the effectiveness of the cut scores 
using ANOVA with student-teacher engagement, online 
learning characteristics, self-directed learning, and self-
assessment. It was discovered that respondents from each 
group perceived different outcomes in each variable with 
a statistical significance of .001, and the outcomes were 
arranged from low to high according to the nature of the 
group. Group 1 had lower outcomes than Group 2, and 
Group 2 had lower outcomes than Group 3, reflecting the 
effectiveness of the cut scores using the test information 
function. This is supporting evidence that the cut scores 
could be used to divide the online learning qualities.

It is suggested that the validation of the scale’s quality and 
the estimation of cut scores reflect that the OLS contains 
appropriate psychometric properties supported by the two 
theories. Furthermore, the division of online learning quality 
into three groups could divide students effectively. University 
teachers could adopt the OLS with their students to explore 
areas in online learning that students need assistance with. 
It was found that 5% of the students, as could be seen from 
the total of Group 1 students in each variable, as shown 
in Table 4. Teachers could also assess their own online 
instruction quality from the items in the scale. Moreover, 
the researchers found the significance of conducting an in-
depth study of Group 1 students, 3-5% of the total, in order 
to study concerns and problems that happened during 
online learning. Identifying the Group 1 students could help 
them learn better in an online environment (Mulrooney & 
Kelly, 2020). The educational institute should also oversee 
and assist teachers whose classes contain Group 1 students.

	
Conclusions and recommendations

In this study, the researchers aimed to validate OLS for 
undergraduate students and to estimate the OLS’s cut score 
to distinguish online learning quality for blended and online 
learning in higher education. The data to validate OLS are 
from the responses of 1,459 undergraduate students. The 
OLS, a 4-point Likert scale, consists of 24 items and one 
trait. The OLS is validated by analyzing the psychometric 
properties based on the IRT approach, as well as evidence 
based on test content (experts), internal structure (EFA and 
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CFA), and relations to other variables (correlation). The 
estimation of cut scores is based on test information, which 
is divided students into three categories. The estimated 
cut scores are validated by the Chi-square test of online 
learning outcomes and variables related to online learning, 
including student-teacher engagement, online learning 
characteristics, self-directed learning, and self-assessment.

Regarding policy implementation, the researchers 
recommend that the results of the Chi-square test that 
investigates differences among the three groups of students, 
based on the types of universities and majors, illustrate that 
more differences were discovered in the type of majors than 
the type of universities. Hence, assistance should focus on 
majors that require more assistance, such as humanities and 
social sciences, rather than health, science, and technology. 
To promote effective online learning in Thai universities, the 
effort should not only focus on the teaching approach but also 
on infrastructures to support online learning environments, 
such as IT devices, high-speed Internet access, and digital 
literacy (Mulrooney & Kelly, 2020; Lawthong et al., 2024). 

For OLS applications, users should not use this scale to 
judge online course quality; instead, OLS should be used 
to acquire information to find areas for improvement and 
enhance the quality of online learning. In other words, OLS 
should be used for formative, not summative, purposes. 
Other evidence should be included to determine the design 
of effective online learning for higher education instructors. 
The strength point of OLS is that instructors can receive 
feedback on their teaching from student perspectives 
who respond to this scale, not from the instructor’s own 
perceptions. 

Future studies should focus on students’ actual online 
learning outcomes because the current study estimates 
learning outcomes from students’ self-perception by 
perceived scales. Moreover, all 24 items in the OLS have 
high reliability; therefore, the OLS has the potential to be 
developed into a short form. Also, accuracy and consistency 
indices should be investigated (Wyse & Hao, 2012) to study 
the effectiveness of the OLS’s cut scores. 
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