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Abstract: Throughout the COVID-19 pandemic, students face intolerable mental and physical dis-
comfort when taking online classes, directly impacting their learning motivation and academic
performance. Related studies indicated that students had negative sentiments regarding online learn-
ing. This may be an alarming notion for students, particularly regarding their learning ability and
participation in school. To overcome this nuisance, the primary objective of this study was to examine
the factors affecting students’ learning motivation and academic performance during online learning
using a novel framework of ergonomic appraisal. A total of 316 respondents answered the online
questionnaire using a purposive sampling approach through social media platforms. Ergonomic-
based indicators for physical, cognitive, and macro-ergonomics were analyzed simultaneously using
partial least square structural equation modeling (PLS-SEM). The results showed that the design of
the workstation, the use of LMS, access to technology, teaching delivery, temperature level, and visual
learning style were found to significantly influence students’ learning motivation, which then impacts
the student’s academic performance. Thus, it is essential for those who are facilitating distance
learning to keep in mind the factors that could motivate the student. As a result, this paper becomes
an avenue to help appropriately plan the course program to ensure its viability and productively
engage the students since online learning is becoming increasingly necessary. Further, this article also
provides recommendations and implications on assisting schools, educators, and students in aiding a
student’s learning motivation and academic performance.

Keywords: learning motivation; ergonomic appraisals; academic performance; online learning;
PLS-SEM

1. Introduction

The alarming outbreak of the COVID-19 virus in 2020 has shifted learning method-
ologies to an online setting on a massive scale. High educational institutions, such as
universities worldwide, have started adapting online setups to compensate for strictly im-
posed quarantines [1]. As such, the pandemic’s drastic changes affected most students and
learners. Motivation is a central factor that directly influences student performance, which
the global outbreak adversely affected [2]. The most extensive interruption to educational
systems in history has affected over 1.6 billion students across more than 190 nations and
all continents. About 94% of students worldwide, up to 99% in countries with low and
lower-middle incomes, have been impacted by school and other learning space closures,
according to the OECD (2020).

Many scholars disclosed that 75% of students perceived that their lives had become
more complex and felt a general sensation of decreased motivation and effort in online
learning as an effect of the lockdown due to the pandemic [2,3]. Plakhotnik et al. [4] also
stated that the sudden shift of students into online classes was associated with a decrease
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in motivation, academic performance, and cognitive engagement, which was closely linked
to students’ mental health conditions.

It was found in a study by Vahedian-Azimi [5] in Iran that students’ levels of anxiety,
fear, and boredom had worsened since distance learning had started. Students in online
learning had much greater stress, anxiety, and depression than the general population.
Moreover, in an online setup, learners are forced to adopt new coping methods during
online classes, which may have underlying effects on certain ergonomic aspects. During
the earlier stages of the COVID-19 pandemic, the abrupt changes from face-to-face learning
to fully online learning made use of technology that was only available to institutions.
Reich [6] explored the educational technology failure during the COVID-19 pandemic,
which affected the education sector’s stakeholders. Focusing on developing countries
such as the Philippines, online learning was only practiced for a small period prior to the
pandemic. Moreover, its utilization was not widespread [7]. This indicates that only a few
institutions and universities were somewhat ready for the changes. This in turn affected
both students and faculty members.

The learning of students and teaching delivery was changed in the Philippines.
Ong [8] indicated the differences in private universities wherein technology was avail-
able for most students such as the internet, system and usage, and even the capability
of learning. For public schools, modular learning using worksheets was delivered by
faculty members from house to house. Those that were able to utilize online learning
were still challenged and were not ready, especially because of the availability of the
internet in developing countries [9]. Students’ learning capabilities [10], adoption of
technology [6], and working environment [11] were key challenges as ergonomic ap-
praisals during the onset of online learning. These factors are focused on aspects such
as cognitive, macro-ergonomics, and physical ergonomics. Ergonomics studies how
to make workplaces more productive by reducing students’ fatigue and discomfort
and increasing workplace safety. From the collected literatures, the need to explore the
different factors simultaneously has not yet been considered and should be explored
due to accumulated prominent problems.

Appraisals in physical, cognitive, and macro-ergonomics are essential to understand-
ing how such variables impact academic motivation and performance. There have been
myriad reasons why students have lost motivation and reduced their performance in on-
line learning, especially in ergonomics. Physical ergonomic evaluations concentrate on a
person’s anthropometric, physiological, and biomechanical characteristics of a particular
physical movement or activity. Villarouco et al. [12] said that factors that can affect students’
learning process are workstation design, noise, temperature, humidity, and illumination.
This could also motivate and increase students’ performance if appropriately designed.
It is increasingly vital to assess these factors, as one study reported that students have
little access to other working equipment and materials at home, which plays a role in their
academic performance [13]. It was reported that students have constantly relied on regular
home chairs, textbooks, laptops, hours of sitting at their desks, and technology usage [11].
Moreover, it was also proved that workstation design, light, noise, temperature, and even
color could impact learning ability, distraction, and discomfort. That is why measuring an
individual’s anthropometric, environmental, and psychosocial factors is vital for a student’s
learning sustainability and performance [14].

Strains, carpal tunnel syndrome, and tendonitis are frequent injuries brought on by
prolonged computer use during online learning. A study by Yuan and Garaudy [15]
evaluated students’ ergonomic issues while learning remotely during online learning.
There were 56% of students who claimed to be stressed, while 64% reported less-than-
average productivity. Harris et al. [16] studied the ergonomics of computer use and
investigated possible adverse effects on students’ health and productivity. According
to the findings, students who use computers for online learning may be more likely to
experience musculoskeletal issues due to their use. The time spent on computers correlates
significantly with the musculoskeletal pain reported.
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Although there is a rising demand for online education, there are no pertinent educa-
tional resources or training programs to help students understand or avoid the postural
issues caused by prolonged screen time. Online learning can give students a way to interact
with course material at their convenience, technological advancements, and the impending
integration of technology into distance education programs [14,15]. However, there has
not been a thorough exploration and investigation of the effects of physical [6], macro-
ergonomic [17,18], and cognitive [19] factors on the performance of distance education
learners using online learning technologies.

On the other hand, cognitive ergonomic appraisals are ergonomic assessments that
distinguish how well a particular element (e.g., stress) responds to an individual’s cognitive
function. It is based on a thorough understanding of human perception, mental processing,
and memory. Students’ association with learning has to do with their learning motivation
and academic performance. Chung et al. [14] showed that students who suffer from the
pandemic report unfavorable feedback on their online learning methodologies and learning
performance and have accumulated more academic stress.

The students struggle with various issues, including a lack of motivation and dimin-
ished concentration. It was also revealed that, due to the alteration in online learning
systems, students must adjust to various learning styles [20,21]. Thus, the student’s learn-
ing strategies have been impacted due to some problems with online education. These
methods are their ingrained preferences for learning. Students were more agitated, bored,
and unable to concentrate in online classes due to the pandemic’s new learning systems
in education institutions. The students are also more likely to achieve low academic
performance due to the new norm of learning [22].

Conversely, macro-ergonomic appraisals are those assessments that have a macro-
view of factors that concern an organization’s overall work systems. The goal of macro-
ergonomics is to study organizations from the standpoint of different appraisal factors to en-
hance the design/redesign of work systems [23]. As defined by Hendrick and Kleiner [23],
macro-ergonomics are combined with organizational structures, policies, and procedures
that aid in designing human work, human software, and human-environment systems. Its
applications relate to an overall improvement in administrative systems by examining the
variables that need modifications and then gradually progressing to the system’s overall
structure and operations [24]. Many macro-ergonomic elements heavily influence the
performance of an organization. Some of these elements include the use of technology by
students, the usage of learning management systems (LMS), and the teaching delivery tech-
niques used by instructors. It includes human factors, tools and technology, environment,
organizational constraints, and tasks [6]. The detailed relationship of the latent variables
considered in the study, such as tactile, auditory, and visual learning styles under cognitive
ergonomics; the design of the workstation and temperature, illumination, noise levels
under physical ergonomics; and the use of LMS, access to technology, and teaching delivery
under macro-ergonomics were discussed in the Appendix A.

This study will examine the educational implications of large-scale ergonomics in
online learning. Since the beginning of the century, technological innovation and internet
accessibility have grown steadily, which has increased enthusiasm for online learning [25].
This dispels the idea that the use of technology and digitalization is influenced by online
learning [26]. As technology creates new possibilities for altering our lives, its ongoing
advancements continuously assess a person’s level of satisfaction, comfort, and safety.

For newly developed systems in educational institutions, it is necessary to consider
students’ perceptions of these premises. The differences between online and traditional face-
to-face learning have been the subject of numerous thorough studies and critical discussions;
however, this present study aimed to determine the ergonomic factors affecting students’
learning motivation and discover how learning motivation affects academic performance
for students, given the student’s judgment and how they perceive learning motivation and
academic performance during online classes amid the COVID-19 pandemic.
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The results of this study may provide further light on how students are now coping
with online learning in the wake of the COVID-19 pandemic. Since the pandemic has
not ended, educational institutions must endure working to resolve the fundamental
issues of online education. The same goes for students’ learning styles and technolog-
ical aspects of online learning, contributing significantly to learning motivation and
academic performance.

This study could be a reference for educational institutions, researchers, instructors,
and students to recognize the ergonomic appraisal factors that would improve students’
learning motivation and academic performance, which may still be applicable after the
COVID-19 pandemic since the emergence of both traditional and online learning are
being utilized. This paper aimed to determine the ergonomic appraisal factors affect-
ing student motivation and academic performance in higher educational institutions,
specifically students at Mapua University, the Philippines. However, there is a wide
range of students in the mentioned institution. With that in mind, the students may
have varying opinions, perceptions, and experiences regarding their working habits and
study practices.

To address such an issue, the researcher focused on undergraduate students to procure
consistent data that can be reliably processed. Given that undergraduate students have
negative sentiments about online learning, this range of participants is a perfect match
for this study. More precisely, student respondents should be working and studying from
home; additionally, the school’s dynamic has online classes with two modalities, namely
synchronous and asynchronous sessions.

Mapua University was considered since they are the ones who won the award in the
digital readiness category at the 2022 Wharton—QS Reimagine Education awards and
conferences [27]. This prestige conference provides a benchmark for virtual education
which can be adopted by other universities. In addition, due to policy restrictions held
by government officials, the researcher conducted this research in the most accessible
university amidst the pandemic. Likewise, the researcher only relied on journal articles
accessible to the public. These journal articles are the basis of this study’s theories and
hypotheses. Limited human interaction and the actual execution of the research were
prohibited due to the pandemic, whereby conducting the investigation instead occurred
through different online platforms.

2. Materials and Methods
2.1. Participants

In this study, the non-probability sampling method—more precisely, purposive sam-
pling employing an online survey—was used. The questionnaire was distributed across
several departments at Mapua University. In each department, the target respondents were
adult students (18 years old and above). The questionnaire was presented in the English
language and a total of 316 undergraduate students from year levels 1–4 participated in
the self-administered survey concerning the perceived learning motivation and academic
performance during an online class.

The estimated sample size was 300, with a 95% level of accuracy. Various fit indices
of the PLS-SEM approach are influenced by sample size. According to some authors, the
minimum sample size for the PLS-SEM should be at least ten times the number of indicators
used to evaluate the construct [28]. Additionally, according to specific academic studies,
the PLS-SEM sample size should range from 200 to 500 [29,30]. Following the study by
Gumasing et al. [11], students who are taking up online classes in the Philippines can be
represented by 300, generalizable. The sample size is appropriate since 316 respondents
were obtained for this study to assess learning motivation and academic performance as
seen in Figure 1.
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Figure 1. Proposed conceptual framework.

2.2. Instrument and Procedure

The questionnaire is composed of 60 questions in the survey to represent the dif-
ferent latent variables from this study’s conceptual framework represented in Figure 1.
The demographic profiling of the respondents is in the first section of the questionnaire,
which includes the respondent’s age, gender, educational level, program, and most recent
least weighted average (LWA). The indicators based on physical, cognitive, and macro-
ergonomics aspects made up the second section of the questionnaire. This was undertaken
to gauge how motivated the pupils felt to study and how well they performed in school.
All responses to the survey’s item questions are given on a 5-point Likert scale, ranging
from strongly disagree to agree strongly.

The survey employed 12 latent variables, including (1) visual learning; (2) auditory
learning; (3) tactile learning; (4) workstation design; (5) illumination; (6) temperature;
(7) noise; (8) usage of LMS; (9) access to technology; (10) teaching delivery; and (12) aca-
demic performance. Table 1 displays a summary of the measures and constructs. The items
for the constructs of ergonomic appraisal, which include physical ergonomics, cognitive
ergonomics, and macro-ergonomics, were adopted from existing studies.
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Table 1. Constructs and measurement items.

Items Measure Supporting References

Design of Workstation

WD1 I have an adjustable work chair that is suitable for my work area

[31,32]
WD2 I have a working table that is suitable for my work area
WD3 I have adequate space available in my work area
WD4 I am satisfied with my workspace layout
WD5 I am comfortable with my workstation design

Illumination

IL1 I have a sufficient source of natural lighting in my work area

[31,33]

IL2 I have proper lighting distribution in my work area

IL3 I have proper lighting when working with my computer and
writing/reading paper

IL4 The lighting fixtures in my work area provide steady illumination

IL5 The lighting fixtures in my work area are positioned to reduce glare
from various sources

IL6 The reflection from the lighting in my work area does not hinder
my work

Temperature

TM1 I have a sufficient source of ventilation in my work area

[34,35]
TM2 I feel comfortable with the air quality in my work area
TM3 I feel comfortable with the temperature level in my work area

TM4 The temperature level in my work area does not interfere with my
concentration during class

TM5 The temperature level in my work area does not affect the overall
quality of my online class experience

Noise

NL1 My background noise does not interfere with my understanding of
what is being discussed during class

[36,37]NL2 My background noise does not interfere with my concentration during
the online class

NL3 My background noise does not interfere with my communication with
my instructor and classmates

NL4 My background noise does not interfere with my concentration
during exams

NL5 My background noise does not affect the overall quality of my online
class experience

Visual Learning Style

VL1 I learn better by reading what the teacher writes on the board

[38–40]
VL2 When I read instructions, I remember them better
VL3 I understand better when I read instructions
VL4 I learn better by reading than by listening to someone
VL5 I learn more by reading textbooks than by listening to lectures

Auditory Learning Style

AL1 When the teacher tells me the instructions, I understand better

[38–40]
AL2 When someone tells me how to do something in class, I learn it better
AL3 I remember things I have heard better than those I have read in class
AL4 I learn better in class when the teacher gives a lecture
AL5 I learn better in class when I listen to someone

Tactile Learning Style

TL1 I learn more when I can make a model of something

[37–40]
TL2 I learn more when I make something for a class project
TL3 I learn better when I make drawings as I study
TL4 When I build something, I remember what I have learned better
TL5 I enjoy making something for a class project
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Table 1. Cont.

Items Measure Supporting References

LMS Use

US1 The use of LMS helps me comprehend the course materials

[41]
US2 The use of LMS makes it easier for me to communicate with my

instructor and classmates
US3 The use of LMS contributes to my overall satisfaction with my course

US4 The course format in LMS makes it easier for me to meet my
learning needs

US5 The use of LMS helps me to learn the course materials better

Access to Technology

TN1 I have access to technology and the internet for the online class

[41–43]
TN2 I am competent in using the technology and internet for the online class
TN3 I use internet-based materials for my learning
TN4 I have sufficient gadgets for the online class

TN5 I use technology for information presentations such as digital media for
an online class

Teaching Delivery

TD1 Our instructors present a well-organized lecture

[44,45]
TD2 Our instructors conduct clear, practical demonstrations

and explanations
TD3 Our instructors enrich the lesson through the use of different materials

TD4 Our instructor stimulates students through interesting materials
and techniques

TD5 Our instructor can catch and maintain the attention of students

Learning Motivation

LM1 I want to achieve better grades than other students

[46]
LM2 I expect to do well in class
LM3 By studying appropriately, I am sure that I can learn the material
LM4 I prefer course material that arouses my curiosity
LM5 I am satisfied with trying to understand the content

Academic Performance

AP1 I made myself ready in all my subjects during the online class

[47–49]
AP2 I pay attention and listen during online class discussion
AP3 I actively participate in every online class discussion

AP4 I enjoy homework and activities because they help me improve my
skills in every subject

AP5 There has been an improvement in my academic performance since the
online class started

2.3. Design of Investigation and Data Analysis

SEM is a sophisticated multivariate approach commonly used in scientific research
to examine and analyze causal interactions, including several direct or indirect factors
between latent and measurable variables [50,51]. In incorporating pathways between
latent variables, which are sometimes known as factors or hypothetical constructions, SEM
extends path analysis beyond simple correlations. When estimating statistical models
with a structure intended to provide causal explanations, the researcher has relied on
PLS-SEM since it is a causal predictive approach to SEM that places a strong emphasis on
prediction [52].

Simply defined, the PLS-SEM approach seeks to optimize the explanatory power of
constructs and variables by producing latent variable scores that minimize the residuals of
the model’s ordinary least squares (OLS) regressions [53]. Similarly, PLS-SEM is praised for
being variance-based since it considers the total variance and uses it to estimate parame-
ters [54]. PLS-SEM in this study is surprisingly fitting since it evaluates manifest variables
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to reduce model error and checks relationships between latent variables [55,56]. Several fit
indices supported the model fit, including standardized root mean square residual (SRMR),
normal fit index (NFI), and chi-square. For SRMR, a value of less than 0.08 is regarded as
well-fit [55].

According to Baumgartner and Homburg [56], a chi-square value less than 5.0 and an
NFI value of 0.80 and above indicate a model that fits the data well. Behavioral intention
models are examined using Cronbach’s alpha, composite reliability (CR), and average
variance extracted (AVE). Values larger than 0.7 and 0.5 are required for Cronbach’s alpha,
Cronbach’s CR, and AVE, respectively [52,53,55]. The significance values for the path
coefficient and R2 measurements are also set. An R2 value of 0.20 and above will be
considered a cutoff following the research results by Hair et al. [50]. Path analysis was used
to quantify the connections between different variables and expose their causal relationships
by drawing a path diagram. A typical function of path analysis is the capacity of a variable
to either directly or indirectly influence a result by employing other variables [51].

3. Results
3.1. Demographic Profile

Demographic profile Table 2 summarizes the statistics of 316 respondents, and, as
observable, male respondents with a percentage of 56.96% mostly participated in this
study. The ages between 19–20 and 21–22 have numerical rates of 37.34% and 56.01%,
respectively. The most superior year level that took part in the survey were third-year
students, with a count of 159 and a rate of 50.32%. Per the program, 26 departments
from Mapua University volunteered to participate in the survey. The highest number of
respondents, with a count of 45 and an average percent of 14.24%, were found to be in
the BSIE program. This was next to BSME with 12.97%, almost an equal tie with BSCE
with 12.34%. Most students (29.75%) have a least weighted average (LWA) of 1.75, denoted
as ‘meritorious’ or ‘praiseworthy’. Next to this is the LWA of 2, which signifies a ‘very
satisfactory grade’. The third notable LWA would fall on 1.5 and similarly have a meaning
of ‘meritorious’ or ‘praiseworthy’ ranking.

Table 2. Summary statistics of demographic profile.

Respondent’s Profile Category N %

Gender
Male 180 56.96

Female 136 43.04

Age

18 and below 4 1.27
19–20 118 37.34
21–22 177 56.01

23 and above 17 5.38

Year Level

First 27 8.54
Second 104 32.91
Third 159 50.32

Fourth 26 8.23

Program

Industrial Engineering (BSIE) 45 14.24
Civil Engineering (BSCE) 39 12.34

Architecture (BSAR) 21 6.65
Mechanical Engineering (BSME) 41 12.97
Electronics Engineering (BSEE) 34 10.76

Multimedia Arts (BSMMA) 10 3.16
Psychology (BSPSYB) 6 1.90

Geology (BSGEO) 8 2.53
Geological Science and Engineering (BSGSE) 6 1.90

Interior Design (BSINT) 7 2.22
Chemical Engineering (BSCCE) 6 1.90
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Table 2. Cont.

Respondent’s Profile Category N %

Information Technology (BSIT) 16 5.06
Accountancy (BSACT) 4 1.27

Biological Engineering (BSBE) 6 1.90
Service Engineering and Management (BSSEM) 6 1.90

Physics (BSPHY) 5 1.58
Computer Engineering (BSCPE) 20 6.33

Computer Science (BSCS) 16 5.06
Construction Engineering (BSCEM) 3 0.95

Entertainment and Multimedia Computing (BSCEM) 3 0.95
Information Systems (BSIS) 3 0.95

Manufacturing Engineering (BSMFGE) 3 0.95
Business Administration (BSBA) 3 0.95

Physical Education (BSPE) 3 0.95
Environmental and Sanitary Engineering (BSESE) 2 0.63

LWA

1 0 0.00
1.25 11 3.48
1.5 55 17.41

1.75 94 29.75
2 72 22.78

2.25 32 10.13
2.5 23 7.28

2.75 13 4.11
3 14 4.43
5 2 0.63

3.2. Result of SEM

The initial SEM for measuring students’ learning motivation and academic perfor-
mance is demonstrated in Figure 2. The indicators of each latent variable represent a
measuring variable that becomes a basis for validating the relationship between the ob-
served data and the construct, commonly known as the measurement model (outer model).
With the help of the survey questionnaire, students self-evaluate their learning environment
through ergonomic appraisals. This model indicates whether such an indicator affects and
influences a student’s learning motivation. This statement will be classified as accurate
if such a construct affects learning motivation, leading to the final SEM, as displayed in
Figure 2.

Table 3 displays the reliability and validity values for the final model. Some factor
loadings do not sufficiently capture the latent variable’s variability. Therefore, items with
initial loading values of less than 0.7 were left out of the final loading. Cronbach’s alpha
(α), composite reliability (CR), and average variance extracted (AVE) are then used to
measure the internal consistency, reliability, and validity. Additionally, the cutoff value for
the convergent validity of the AVE should be more significant than 0.5 [28]. All values are
higher than required, which relates to greater internal consistency and reliability across the
test items sample. This implies that each construct from this model may be regarded as
valid and reliable [57].

The Fornell–Larcker criterion and the Heterotrait-Monotrait correlation ratio, as es-
tablished by Henseler et al. [29], demonstrate the significant correlation between each
latent variable and assess the structural model. As called out by Kline [30], when a value
between two reflective constructs falls below 0.85 when using variance-based SEM for
the Heterotrait-Monotrait ratio and the assigned constructs have a higher value than all
loadings of other constructs for Fornell–Larcker, there is a confirmed discriminant validity.
The results show satisfactory reliability and convergent validity, and the values are within
the desired range, as seen in Tables 4 and 5. The overall findings across the constructs
are, thus, approved. Fornell and Larcker [58] first envisioned the traditional metric of
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comparing each latent variable’s squared AVE to all other reflectively measured latent
variables in the structural model. The shared variance for all model constructs should not
be more significant than their squared AVEs. Table 4 shows that almost all latent variables
have greater squared AVEs than other latent variables’ correlation values. This signifies
that the model portrays a high convergent, reliable, and discriminant validity.
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Table 3. Reliability and convergent validity result.

Construct Items Mean S.D. FL (≥0.7) α (≥0.7) CR (≥0.7) AVE (≥0.5)

Tactile Learning

TL1 2.842 1.208 0.814

0.768 0.850 0.588
TL2 2.944 1.261 0.790
TL3 3.004 1.119 -
TL4 2.489 1.083 0.726
TL5 2.758 1.063 0.732

Auditory Learning

AL1 2.918 1.139 -

0.809 0.875 0.636
AL2 2.994 1.121 0.810
AL3 2.816 1.114 0.837
AL4 2.956 1.031 0.795
AL5 2.684 1.172 0.746

Visual learning

VL1 2.986 1.198 0.742

0.786 0.862 0.610
VL2 2.953 1.164 0.798
VL3 3.039 1.210 0.837
VL4 2.837 1.242 0.742
VL5 2.867 0.185 -
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Table 3. Cont.

Construct Items Mean S.D. FL (≥0.7) α (≥0.7) CR (≥0.7) AVE (≥0.5)

Workstation Design

WD1 2.795 1.401 -

0.823 0.883 0.653
WD2 2.984 1.132 0.817
WD3 2.582 1.170 0.799
WD4 2.577 1.236 0.755
WD5 2.611 1.117 0.859

Temperature Level

TM1 2.756 1.129 0.847

0.825 0.885 0.658
TM2 3.011 1.092 0.861
TM3 3.056 1.053 0.785
TM4 2.905 1.145 0.745
TM5 2.746 1.135 -

Illumination Level

IL1 2.958 1.088 0.721

0.823 0.876 0.5870
IL2 2.991 1.151 0.813
IL3 3.039 1.114 0.767
IL4 2.851 1.167 0.774
IL5 2.714 1.214 0.752

Noise Level

NL1 2.793 1.092 0.811

0.879 0.912 0.674
NL2 2.946 1.075 0.828
NL3 2.818 1.107 0.849
NL4 2.805 1.131 0.835
NL5 2.919 1.139 0.781

LMS Use

US1 2.832 1.159 0.807

0.868 0.905 0.655
US2 2.904 1.074 0.870
US3 3.016 1.098 0.823
US4 2.823 1.119 0.791
US5 2.698 1.078 0.752

Access to Technology

TN1 3.054 1.232 0.718

0.829 0.879 0.593
TN2 2.937 1.147 0.785
TN3 2.979 1.199 0.812
TN4 2.977 1.270 0.752
TN5 2.981 1.096 0.781

Teaching Delivery

TD1 2.921 1.071 -

0.824 0.884 0.656
TD2 2.900 1.103 0.807
TD3 2.791 1.071 0.799
TD4 3.068 1.192 0.772
TD5 2.982 1.087 0.858

Learning Motivation

LM1 3.025 1.183 0.857

0.884 0.915 0.684
LM2 3.084 1.176 0.844
LM3 3.032 1.175 0.843
LM4 3.089 1.129 0.807
LM5 2.995 1.071 0.781

Academic
Performance

AP1 2.702 1.358 0.831

0.872 0.907 0.661
AP2 2.874 1.240 0.794
AP3 2.805 1.266 0.829
AP4 2.746 1.139 0.808
AP5 2.809 1.240 0.803

The Heterotrait-Monotrait method correlations (HTMT) are interpreted as the mean
value of the variable correlations between constructs in proportion to the mean of the
average correlations for the items measuring the same construct. Henseler et al. [29]
suggested that the threshold value of an HTMT score should be less than 1 (≥1). This
would mean that the correlation between the two latent variables should differ. Then, if the
HTMT value is more significant than this threshold, there is a lack of discriminant validity.
Furthermore, the authors recommend an HTMT value lower than 0.85 or 0.90 for distinct
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constructs to avoid close-related latent variables from overlapping. Table 5 shows that the
HTMT values fall within the desired range between different factors. However, as observed,
a comparison between the temperature level and learning motivation falls onto an HTMT
value (0.847) near 0.85, which poses a close encounter to a lack of discriminant validity.

Table 4. Fornell–Larcker criterion result.

AP TN AL IL US LM NL TL TD TM VL WD

AP 0.813
TN 0.650 0.770
AL 0.626 0.560 0.798
IL 0.622 0.648 0.638 0.766
US 0.592 0.674 0.594 0.675 0.810
LM 0.663 0.713 0.560 0.623 0.591 0.827
NL 0.581 0.677 0.634 0.712 0.781 0.604 0.821
TL 0.592 0.518 0.641 0.642 0.547 0.540 0.585 0.767
TD 0.625 0.714 0.595 0.637 0.678 0.725 0.661 0.536 0.810
TM 0.518 0.619 0.511 0.643 0.552 0.619 0.519 0.533 0.537 0.811
VL 0.567 0.629 0.496 0.575 0.549 0.704 0.569 0.595 0.595 0.527 0.781
WD 0.626 0.543 0.674 0.704 0.632 0.564 0.600 0.598 0.598 0.570 0.532 0.808

Table 5. Heterotrait-Monotrait (HTMT) ratio.

AP TN AL IL US LM NL TL TD TM VL

TN 0.757
AL 0.742 0.683
IL 0.805 0.781 0.780
US 0.796 0.790 0.709 0.798
LM 0.750 0.827 0.659 0.728 0.671
NL 0.777 0.790 0.747 0.834 0.802 0.683
TL 0.712 0.648 0.810 0.808 0.673 0.646 0.709
TD 0.812 0.732 0.728 0.771 0.798 0.847 0.777 0.677
TM 0.604 0.746 0.623 0.774 0.611 0.721 0.606 0.656 0.645
VL 0.676 0.773 0.613 0.711 0.664 0.836 0.684 0.637 0.735 0.647
WD 0.744 0.657 0.817 0.754 0.749 0.653 0.703 0.750 0.719 0.686 0.654

3.3. Model Fit Analysis

A model fit analysis was conducted to demonstrate the proposed model’s reliability.
Table 6 indicates that all parameter estimates exceeded the minimum threshold value,
demonstrating the suitability of the suggested model. Additionally, bootstrap samples
were obtained from the modified sample data. In this modification, the model-implied
correlation matrix must be applied after all variables are orthogonalized or standardized.
Djisktra and Henseler [59] stated that the possibility that the sample data came from a
population that operates by the proposed model is not entirely inconceivable if more than
5% of the bootstrap samples render discrepancy values higher than those of the actual
model. Thus, the geodesic discrepancy (dG) and the unweighted least squares discrepancy
(dULS) values were considered to demonstrate the model’s overall quality and to enhance
the PLS-SEM model fitness index. According to the findings, the dG and dULS values were
1.117 and 3.652, respectively, reflecting an exact match between the measurement model
and the data. This indicated that the model’s quality was suitable and adequate for use to
explain the data.

Table 6. Model fit result.

Model Fit for SEM Parameter Estimates Minimum Cutoff Recommended by

SRMR 0.053 <0.08 Hu and Bentler (1999) [55]
(Adjusted) Chi-square/dF 3.38 <5.0 Hooper (2008) [60]

Normal Fit Index (NFI) 0.968 >0.90 Baumgartner and Homburg (1996) [56]
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3.4. Result of Final SEM

The PLS-SEM was performed to test the proposed hypotheses for the final SEM in
the structural model (inner model), and the result is shown in Table 7. It could be seen
that the access to technology (β = 0.287, p = 0.001), LMS (β = 0.332, p = 0.001), teaching
delivery (β = 0.307, p = 0.001), temperature level (β = 0.155, p = 0.002), visual learning
style (β = 0.301, p = 0.001), and the design of the workstation (β = 0.216, p = 0.001) have
a significant and positive influence on the learning motivation of students. On the other
hand, learning motivation (β = 0.663, p = 0.001) positively influenced a student’s academic
performance. Therefore, it can be concluded that the HA9, HA8, HA10, HA5, HA1, HA4,
and HA11 hypotheses must be accepted. On the contrary, there were four constructs that
were not significant to learning motivation and these are the preferred auditory learning
style (β = 0.040, p = 0.401), the illumination level (β = 0.019, p = 0.731), the noise level
(β = 0.002, p = 0.877), and the preferred tactile learning style (β = 0.043, p = 0.422). Thus,
the remaining hypotheses of HA2, HA6, HA7, and HA3 were rejected.

Table 7. Respondent’s hypothesis test.

No Relationship Beta Coefficient p-Value Result Significance Hypothesis

1 VL→LM 0.301 <0.001 Positive Significant Accept
2 AL→LM 0.040 0.401 Positive Not Significant Reject
3 TL→LM 0.043 0.422 Positive Not Significant Reject
4 WD→LM 0.216 <0.001 Positive Significant Accept
5 TM→LM 0.155 0.002 Positive Significant Accept
6 IL→LM 0.019 0.731 Positive Not Significant Reject
7 NL→LM 0.002 0.877 Positive Not Significant Reject
8 US→LM 0.332 <0.001 Positive Significant Accept
9 TN→LM 0.287 <0.001 Positive Significant Accept

10 TD→LM 0.307 <0.001 Positive Significant Accept
11 LM→AP 0.663 <0.001 Positive Significant Accept

In Figure 3, the final SEM model is displayed. The beta coefficients and R2 values
were calculated to evaluate the hypothesis model. The model allocates 44% for the varia-
tion of a student’s academic performance and 68.8% for a student’s learning motivation.
Since an R2 score of 20% or higher is considered high for behavioral intention studies,
the model is adequate to explain or predict students’ learning motivation and academic
performance [29].
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4. Discussion

This study investigated the role of physical, cognitive, and macro-ergonomic appraisals
on students’ learning motivation and academic performance during online learning. Partial
least square structural equation modeling (PLS-SEM) was utilized to determine factors
affecting learning motivation and academic performance. From the results, it could be seen
that learning motivation (LM) has the most decisive, significant, and positive influence on
students’ academic performance (β = 0.663, p ≤ 0.001).

Having students with a mindset of pursuing better grades than others (LM1), expecting
to do well in class (LM2), learning the material by studying appropriately (LM3), preferring
course materials that arouse their curiosity (LM4), and students surpassing expectations to
understand the content (LM5), have a significant influence on their academic performance.
That being said, a student must have goals and objectives when achieving high academic
performance, which then comes with motivation positively impacting students’ study
habits, academic performance, adjustment, and well-being [61].

Academic performance results from a good study strategy and exerting more effort,
both of which are influenced by a relatively self-determined motivation [62]. Motivational
drives of students are associated with academic accomplishment based on self-regulatory
activities (i.e., an individual’s coping responses and behavioral actions towards situations),
peer relationships, and subject interest [63]. In addition, the study by Prasetyo et al. [42]
explained that ease of use and perceived usability greatly affected student satisfaction
when using an online learning platform. This indicates that the proper utilization of a
learning platform would prompt students to utilize the technology positively, which would
influence their learning ability.

However, due to the pandemic, students cannot concentrate while using online learn-
ing techniques, which may affect their motivation. Thus, the academic staff must be more
tech-savvy and well-versed in creatively delivering online lectures. Aligning with the study
by Ong et al. [17,18], their study explained that most students wanted to only achieve the
course requirement which presents as measures of academic achievement. Arguably, it is
still up to the university to provide extended knowledge for accomplishing unbounded
education. Focusing on distractions for online learning, it is evident that students’ concen-
tration has been dominant in the e-learning setup. Winter et al. [64] suggested that students
may use boundary management. One suggestion that can be made would be by provid-
ing self-rewards for accomplishing tasks, focusing on lectures for a certain period, and
finishing all classes. Small rewards such as being able to play certain games afterward or
watch movies may be prompted by students to heighten positive emotions for undertaking
academic work.

The use of the LMS (US) was also proven to have a significant and positive influence
on learning motivation (LM) (β = 0.332, p = 0.001). The indicators proved that students
perceive the LMS to help comprehend the course materials (US1), the LMS makes students’
lives easier when communicating with their instructors and classmates (US2), the LMS
is taken as an advantage for a student’s overall contentment with their course (US3), the
interface of the LMS meets students’ needs (US4), and the usage of the LMS benefits their
learning abilities and studying habits (US5).

It was revealed through relevant works that how schools carry out and present their
LMS to students has to do with a student’s effectiveness and efficacy in learning, academic
performance, and engagement. Likewise, the LMS and students’ learning motivation
were also found to correlate with their success in academic performance. Because of its
sustainable use, instructors should play a more significant role in inspiring students to use
the LMS through original and creative strategies. This way, students can independently
and consistently keep track of their performance and learning progress [65]. As explained
in the study by Chuenyindee [7], learning management systems would be perceived as
being highly useful when they are not complex, have well-integrated functions, consistent
application, and are user centric. If students find the LMS helpful, a high satisfaction rate
and continuous utility would be seen, which would affect their academic performance [66].
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Nacher et al. [66] explained that the interaction of the LMS to students and teacher–student
would help promote high academic performance. Thus, universities may opt to consider
technologies and applications that can cater to these needs.

Higher education institutions must offer compelling learning experiences. Teachers
must assess students’ views, thoughts, and comments to provide them with a sustainable
learning environment. Educational institutions may improve, expand, and maintain their
shortcomings and strengths. At the same time, students would appreciate it more if an
interactive and engaging learning strategy was more practical than content deliveries
(e.g., supplements and modules) while conducting online classes [67]. This finding con-
tradicts Chavan and Pavri’s [68] claim that there is a lack of simple-to-reach assistance
with LMSs. As stated by the same author, students and instructors still lack the technical
abilities to use it.

Teaching delivery (TD) was also proven to have a positive influence and significant
effect on learning motivation (LM) (β = 0.307, p = 0.001). When a teacher manages lectures
with a clear and practical demonstration and explanation (TD2), enriches lectures with
unique and different lecture materials in class (TD3, TD4), and can catch students’ attention
while conducting online classes (TD5), it positively stimulates students’ learning motivation.
This explains that the method of teaching and how they present and demonstrate lectures
matter to a student’s learning motivation.

This was true based on Isa et al. [69], which stated that the majority of teachers’
methods of instruction have a significant impact on a student’s learning motivation, im-
pacting on their academic performance; as a result, the student-centered method and the
teacher–student interactive method were suggested as ways to boost students’ academic
performance. In addition, prior studies found that students prioritized the instructor’s
preparedness for presenting lectures that include regular presentations, instructions, learn-
ing objectives, relevant activities and assignments, a room for questions and answers for a
portion of the class, and an evaluation of student performance [70,71].

A teacher’s capability to teach can be determined by how well they deliver lectures to
students and comprehend them, and even attracting students’ attention to the professor’s
teaching method. One approach to boost students’ learning motivation is the novelty or
the ability to provide something new. Thus, it would be more appealing, motivating, and
inspiring to students if innovative or unusual learning methodologies and technologies
were introduced [71].

Seidel et al. [72] assisted instructors by allowing them to practice observing students’
visual cues while participating in class. It is critical to distinguish between pupils who
are disinterested in the course subject and those who are struggling. When students are
consistently attended to their needs, they are more likely to be interested and motivated and
achieve better academic success. Nevertheless, this may improve students’ capacity to en-
gage actively and listen to the instructor’s lectures, sustaining their attention. Nevertheless,
with the presence of the pandemic, this may be an encumbrance.

Visual learning style (VL) has also been found to have a significant and positive
influence on learning motivation (LM) (β = 0.307, p = 0.001). This explains that a preferred
visual learning style matters to students’ learning motivation and that students learn better
by reading what the teacher writes on the board (VL1), reading instructions helps stimulate
sensory memory (VL2), comprehend instructions by reading (VL3), and learns better when
reading than listening to someone (VL4). Seemingly, VL5 opens the assumption that
students favor listening more in lectures than reading textbooks. This could be owing to
the textbooks’ broad and in-depth information and modules. That being said, students
enjoy listening to lectures since the teacher primarily employs the simplified version of the
textbooks for instruction.

Veena and Shastri [73] reinforce the findings that students in applied science courses,
including engineering and technology, were more motivated, engaged, and visually ori-
ented toward learning activities from teachers. It was emphasized in several articles that,
when a helpful learning method is used in the classroom that promotes the presenta-
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tion of knowledge in visual forms such as pictures, diagrams, flowcharts, and interactive
simulations, students’ analytical thinking skills are improved [74].

Similarly, prior studies revealed that students perceive visual learning style as their
preferred learning method while also increasing their learning motivation, as shown in the
results. This highlights the research results that motivation strongly moderates the links
between learning styles and student engagement. Thus, it is recommended that teachers
acknowledge their students’ learning preferences. This will help them understand the
range of choices among students, making them feel respected, have some self-worth, and
increase their competency and learning motivation.

On the contrary, teachers should be aware of, suggest, and use general activities to
accommodate the majority of learning preferences in a classroom. Moreover, disclosing
their preferred learning styles is crucial as this will facilitate their learning. As a by-product
of the pandemic, the visual learning style has become the favored mode of learning for
online courses. Therefore, educators must adjust to this tactic as this significantly attracts a
student’s learning motivation during online courses.

Access to technology (TN) was also found to have a significant and positive influence
on learning motivation (LM) (β = 0.287, p = 0.001). Indicators such as the ability to
access technology (TN1), the competency to use technology (TN2), utilizing internet-
based materials (TN3), having an adequate number of gadgets for online classes (TN4),
and integrating information presentation such as digital media with technology (TN5)
demonstrate how technologically improved learning environments may assist in increasing
student motivation and engagement.

Francis [75] asserts that students are motivated by technology while studying online.
It has been shown that students who are supported and instructed in their chosen approach
are more eager to learn and feel engaged. Consequently, educators adjusting to this new
way of life must devise strategies for incorporating new technologies into engaging and
instructive teaching techniques. In addition, students believe that educational technology
tools and mobile devices positively influence their learning in university settings, and since
the internet has become such a ubiquitous aspect of our lives, students generally feel at
ease when studying wherever they want [76]. Despite the success of online learning in
recent years, these students continue to encounter various challenges. One example is
the accessibility of technology devices and internet connections [77]. The highlighting of
internet connections, especially in the Philippines, has been troublesome. Mostly, students
do not have the access to proper and continuous internet connections which becomes
a challenge. Therefore, government sectors may consider this challenge for the further
development of online learning in the country.

The design of the workstation (WD) was also proven to have a significant and positive
influence on learning motivation (LM) (β = 0.216, p = 0.001). Students appear to have a
suitable working area (WD2), an adequate space in their work area (WD3), are satisfied
with their workplace layout (WD4), and are comfortable with their workstation design
(WD5). Therefore, it indicates that a pleasant workplace incorporating an ergonomic
workstation may significantly influence how well students execute and think throughout
academic activities.

The compatibility of high furniture, sit-stand furniture, and tilt tables and chairs posi-
tively influences a student’s motivation and performance objectives [78]. An ergonomic
table and chair would increasingly support a student’s body to the extent that an indi-
vidual’s productivity, performance, and comfort increase. Researchers suggest that tables
must be designed to have drawers, adequate space for an individual’s body parts, and an
adjustable length and angles of tables, while chairs should have lumbar support and hand
rests, wheels, and footrests [79]. As evaluated by Gumasing et al. [11], the workstation
design during the online learning setup promoted the type of gadgets being used in e-
learning, followed by the mouse used, kind of chair, keyboard, earpiece, light devices, and
the desk used. These were the preferences of students in the Philippines which correlate to
their satisfaction and performance.
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To enable users to utilize the seat backrest to support the lumbar spine without
compressing the popliteal surface, Millanese and Grimmer [80] advise that the seat depth
of a chair should be less than 95% of the buttock-popliteal length. This could only be
applied to students who can afford and own adjustable chairs, which becomes a flaw in
students’ learning motivation and performance. Therefore, parents and students should
both consider a comfortable setup for online learning, which will promote higher academic
performance since students’ satisfaction is achieved.

Temperature level (TM) was also proven to have a significant and positive influence
on learning motivation (LM) (β = 0.155, p = 0.001). Students perceive temperature levels
and air quality as comforting during online classes (TM1, TM2). Secondly, students have
a good source of ventilation (TM3). Lastly, the temperature level does not interfere with
their concentration in online classes (TM4). Cui et al. [81] investigated the effects of
indoor air temperature on human performance, motivation, and thermal comfort. The
temperature has been confirmed to have a substantial impact on student success. The effect
of temperature on mood has been shown to hurt memory and cognitive ability, which are
directly related to learning ability.

According to research by the University of Scranton, students perform better academi-
cally when the temperature is constant. It was found by Earthman [82] that the optimum
temperature range for the best learning outcome, comfort, and academic performance
is between 20 and 24 degrees Celsius. The researchers recommend putting heating and
cooling systems in every study room to maintain consistent temperatures. In addition,
heating, ventilation, and an air conditioning unit improve ventilation rates, which helps
to control temperatures. A heating, ventilation, and air conditioning (HVAC) system that
has been appropriately installed will enable the room to be kept at the ideal temperature,
making students feel more at ease in the space in which they are learning.

Tactile learning style (TL) (β = 0.043, p = 0.422) and auditory learning style (AL)
(β = 0.040, p = 0.401) were found to have no significant influence on learning motivation
(LM). The learning style mentioned above shows a minor effect on the student’s learning
motivation. Even though students enjoy building, project making, and modeling activities
(TL1, TL3, TL4, TL5), the study by Rhouma [83] had findings wherein a preferred tactile
learning style would result in a low achievement which then becomes a weakness when
choosing this learning method, triggering a student’s learning motivation. Further, this
negates prior researchers’ statements that the tactile learning style plays an important role
in student achievement and satisfaction [84,85].

Next is the auditory learning style (AL), where students learn through oral discourse,
listening to lectures, and audio/video tapes, positively influencing their learning motiva-
tion (AL2, AL3, AL4, AL5). It was noted that there are comparisons between auditory and
visual learning styles. According to Movchun et al. [86], there was a negative correlation
between visual and auditory learning styles, which means that an individual with a devel-
oped visual learning style would have a less effective rate compared to auditory learning
style learners and vice versa.

Educators should take note of the differences among the learning styles as well as
the expertise of students. Both auditory and visual learning styles may be significantly
correlated but do not equate to an equal relationship. The students perceive an auditory
learning style as something that could prevent them from concentrating, relating to AL1.
Some teachers may appear to have a dull, tedious, and monotonous voice which signifi-
cantly affects their focus, motivation, and how they put information into memory [87,88].
Therefore, educators should explore in-depth a clear-modulated prosody in motivational
speeches to enhance the learning motivation for students. Similar to prior findings, even vi-
sual learners are inclined toward listening to lectures compared to reading texts. Therefore,
universities and their instructors should provide both supplementary files and distinct
lectures for students to have options in learning. This may be a challenge among instructors
due to workload, but this should be considered as needs arise.
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It can be concluded that, of the three perceptual learning styles, the visual learning
style was the most common and had a favorable impact on students from Mapua University;
however, listening to lectures is quite evident as a mode of learning. They were enrolled
in online classes instead of keeping their hands occupied with physical work and orally
listening to lectures and instructions. Nevertheless, students who select tactile/kinesthetic
learning styles may still face restrictions as the pandemic is still ongoing.

Illumination level (IL) was also found to have no significant influence on learning
motivation (LM) (β = 0.019, p = 0.731). The illumination level is not essential to the student’s
learning motivation and performance. This finding could explain that students may have
adequate and proper lighting in their workstations while studying, participating in online
classes, and taking notes, which does not significantly affect their learning motivation
(IL1, IL2, IL3). In addition, the lighting fixtures are properly positioned in their worksta-
tions to avoid glare and have steady lighting, accompanying a feeling of satisfaction and
comfortability in their work area (IL4, IL5, IL6).

Oselumese et al. [89] specified that a lack of light might cause discomfort and decrease
school performance. Moreover, the same author argued that classroom lighting is critical for
a student’s academic performance and may influence motivation since illumination directly
correlates with students’ growth. As opposed to this, Mott et al. [90] found lighting effects
and levels to have no significant influence on motivation and concentration. However, it
was still deemed to affect academic performance, such as oral reading fluency while taking
exams and a focus lighting effect when students are studying, learning, and participating
in discussions with educators.

Noise level (NL) was also proved to have no significant influence on learning mo-
tivation (LM) (β = 0.002, p = 0.877). This suggests that noise does not interfere with
the concentration and understanding of the student during online classes (NL1, NL2),
background noises do not interfere with the communication between the student and the
instructor (NL3), and the noises in the background do not interfere with the student’s
concentration during exams (NL4). Background noises do not affect the overall quality of
the student’s online experience (NL5) and have no direct effect on students’ willingness
to learn.

A paper by Xie et al. [91] supports this conclusion which found that environmental
noise levels in secondary schools in Greater London have almost no substantial relationship
with academic achievement indices. This new study’s findings contradict previous research
that found auditory interference can decrease performance and reduce one’s ability to
focus. Especially during these times of the pandemic, students have shared spaces with
their family members in the same house, making their homes a disruptive environment.
A study by Driessen et al. [92] stated that the problem mentioned had been accumulated
stress and distractions for all students participating in online classes. Although students
have many options to choose from as a study space, they are concerned about the noise
coming from their preferred option [93].

As of now, students are still carrying out home-based online learning and have already
been avoiding background noises ever since the rise of the pandemic. After a few terms,
students have switched their study locations around the house, and family members have
grown accustomed to the student’s needs. For instance, family members should always
keep silent when students are taking exams. Students move to a more secluded location
nearby to avoid hearing background noises whenever classes are about to start.

To end this chapter, scholars have proposed and established various methods for
achieving learning motivation for pupils, which have been discussed, confirmed, and
transmitted in this chapter. There was a cause to test these hypotheses to support ideas
and assumptions. Regardless of the suitable model fit, validity, and reliability, there were
rejected hypotheses in the results, which were found to be hypothetical. More precisely,
several reputable researchers thought that auditory learning style, illumination levels,
noise levels, and tactile learning style all positively affected learning motivation. This
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study demonstrated the contrary and was able to refute statements from several works in
the literature.

5. Conclusions

Using a novel framework of ergonomic appraisal, this study investigated the vari-
ables influencing students’ learning motivation and academic performance during online
learning. A total of 316 students participated in online learning, and a questionnaire was
generated and distributed using purposive sampling. Using partial least square structural
equation modeling (PLS-SEM), ergonomic-based indicators for physical, cognitive, and
macro-ergonomics were examined and tested simultaneously.

The results showed that the design of the workstation, the use of LMS, access to
technology, teaching delivery, tactile learning style, and visual learning style were found
to significantly influence students’ learning motivation, which then impacts the student’s
academic performance. The model allocates 44% for the variation of a student’s academic
performance and 68.8% for a student’s learning motivation.

This study’s findings can be used as a theoretical framework for future human factors
and ergonomics researchers to investigate students’ behavior during remote online learning.
The findings suggest that educators should encourage their students’ intrinsic motivation
and develop appropriate instructional strategies to motivate them while participating in
online learning.

5.1. Practical and Managerial Implications

Educational institutions have adopted online learning worldwide due to the recent
COVID-19 pandemic. Thus, understanding students’ motivation and academic perfor-
mance is of utmost significance to their potential for future success. Students’ motivation
is influenced by various factors and continues to be the topic of extensive study. As a
result, providing insights to educators may aid in discovering significant ways to improve
online learning delivery. Educators and school administrators should consider the aspects
influencing learners’ motivation when establishing online courses and offering and se-
lecting professional development training sessions. This includes enhancing instructors’
instructional techniques, setting up a student’s workspace, and creating new and enhanced
technological and modular content delivery systems from the viewpoint of educational
sectors, all to boost students’ motivation for learning and academic performance. This
will ensure that students remain motivated to pursue their goals while participating in
online learning.

5.2. Theoretical Implications

In light of the COVID-19 pandemic, studying the elements impacting students’ moti-
vation and performance is critical. This present study developed a novel framework using
ergonomic appraisals such as physical, cognitive, and macro-ergonomics. The relationship
between ergonomic factors and students’ perceived learning motivation and academic
performance during online learning has been reviewed for the first time in this study.
The findings of this study may add to the body of knowledge in higher education and
the research community in analyzing the importance of ergonomic factors for students’
motivation for learning and academic achievement. Thus, it is essential for those who are
facilitating distance learning to keep in mind the factors that could motivate the student. As
a result, it is vital to appropriately plan the course to ensure its viability and productively
engage the students since online learning is becoming increasingly necessary.

5.3. Limitations and Future Use

Despite this study’s excellent outcomes, a few downsides were considered. The first
drawback concerns the distribution of respondents, which was limited to Mapua students.
In order to better understand how students act during online learning, future studies
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should include additional samples from diverse geographic backgrounds, providing a
more comprehensive representation of Filipino students.

Secondly, because the data were gathered rapidly, this study only recruited a small
number of participants. As a response, a larger sample size for future studies is urged to
include a multi-group analysis employing SEM and data mining. This would allow for a
more detailed analysis and explanation of students’ academic performance and motivation
to learn.

Thirdly, this study did not consider how socioeconomic variables such as age, gender,
program, and grades may moderate students’ motivation for learning and performance.
Future researchers could, therefore, replicate this study and account for these variables as
moderators to support this study’s hypotheses. In addition, the correlation of latent vari-
ables may be considered with the academic grades or the students—specifically comparing
those high and low performances for the distinct reason why the students are successful
during online learning. With grades as observed variables, the distinct measurement of
their performance could be assessed and evaluated.

Lastly, undergraduate studies and a bachelor’s degree are the preliminary require-
ments to pursue one’s career in the future. Almost all fresh graduates aim to have good
credentials in their resumes, CVs, etc. Therefore, future researchers could integrate their
motivation to learn in school and improve their academic performance with external factors
such as career goals, milestones, and more.
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Appendix A

Appendix A.1. Literature Review

Throughout the years, different ergonomic appraisals have been dealt with in the
education setting. One of the distinct topics that was significantly tackled was regarding
the physical ergonomics appraisal. However, greater issues were raised during the online
learning setup due to the lack of proper facilities, materials, workstation, and environ-
mental aspects. Several other articles have applied the role of physical ergonomics to
address concerns in an online learning situation. In India, the role of physical ergonomics
in the work environment design during online learning was investigated [94]. The research
demonstrated that an inadequate workstation design might lead to MSD issues that nega-
tively influence student performance and learning. Additionally, prior research has shown
that pupils who learn in a setting conducive to learning are more motivated and engaged
and possess more vital general learning skills [95,96]. As explained from the article by
Nirmal et al. [21], online learners have differences in body pains depending on the device
used in online learning. They found that leg pains are significant among laptop users
compared to mobile and desktop users.
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Nirmal et al. [97] also provided justification that environmental aspects, even time
spent learning, affected MSD issues in students’ upper and lower arms, back, palms, but-
tocks, shoulders, and neck. Paradina and Prasetyo [98] also provided similar findings. The
study by Ayyildiz and Taskin Gumus [19] provided highlights on the different environ-
mental factors that affected students’ online learning experience such as the design of the
workstation, noise, temperature, and illumination levels. According to research conducted
in Nigeria, students’ academic performance is impacted by the temperature, lighting, and
noise levels in their study environment. This is because the learning environment must
be enjoyable and comfortable for the students. Findings also show that the comfort pro-
vided by the surroundings’ physical features and facilities impacts students’ academic
performance [99]. These findings are similar to those of Realyvasquez-Vargas et al. [100].

The role of cognitive ergonomics in terms of students’ perceptual learning styles was
also investigated by several studies. In India, Ananthi and Eagavalli [84] found that a
high positive correlation exists between visual, auditory, and kinesthetic learning styles on
students’ academic achievements. In Bosnia and Herzegovina, Obralic and Akbarov [101]
supported the notion that academic performance is linked to perceptual learning styles. The
findings showed that a student’s academic success was related to their perceptual modality
preference. Adem et al. [102] focused on the human–computer interaction among students
for a more applicable platform during distance learning. Their study highlighted that the
need to re-assess and consider appropriate platforms for e-learning should be examined
as these affect students’ performance. With different types of learners, Prasetyo et al. [42]
highlighted that the need for easy to use and useful platforms are adequate among students
for online learning. However, challenges on technology adoption among different learners
are evident.

In addition, a study by Ong et al. [17,18] highlighted students’ preferences among
different levels of education. Senior high school, undergraduate, and graduate students
were assessed for their preference regarding the online learning setup. Their study showed
how sustainable education may be applied for students that focuses only on covering
the objective of the course being offered. As long as the required outcomes are achieved,
students would have a positive academic performance. However, the generalization may
still be difficult to assess, which is why they categorized their studies [17,18,103]. In
addition, different learning styles, as stated by El-Sabagh [103], are significantly different in
online learning and face-to-face learning. Their study focused on the adaptive e-learning
support for online learning as it affected student engagement. As explained from the
experiment performed by Febiyani et al. [104], the challenges brought by online learning
among different learners caused fatigue, stress, and eventually low academic performance.
The need to also evaluate learning styles such as tactile, auditory, and visual learning
should be explored.

Moreover, the role of macro-ergonomics in learning management systems (LMS),
access to technology, and teaching delivery, is essential in understanding motivation and
academic performance [105,106]. In the Philippines, a study by Tus et al. [54] proved the
significant relationship between information communication technologies and the use of
LMS on the academic performance of Filipino students. Similarly, in Saudi Arabia, it was
shown that the students’ use of LMS during COVID-19 affects their engagement during
online learning. According to the students, an LMS is a committed and effective method
of learning a sustainable interaction that supports quick administration and usability of
distance learning as a sustainable interaction while consuming less time and resources [107].
There is evidence suggesting that students who spend more time on online courses appear
to be the ones who actively participate in online learning and, thus, obtain the most value
from it.

However, studies such as that by Ong et al. [108] contradict access, uses, and course
delivery. Focusing on practical aspects, the challenge of virtual learning was evident. Their
study discussed that less appreciation is seen on practical courses compared to theoretical
aspects. Less appreciation was seen among students in laboratory classes, which in turn
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affected their satisfaction, academic performance, and motivation. As a suggestion, the
consideration of another platform for practical courses is needed which needs further
evaluation when it comes to use, delivery, and even students’ knowledge and access to
technology [108]. Arguably, the current online learning setup is more of a compromise
due to the sudden changes caused by the COVID-19 pandemic. This has left students
to utilize what their universities provide. Nonetheless, Yuduang et al. [109] stated that
forceful adoption for system or technology usage may provide users with wit in using it but
would still have lower satisfaction and motivation for using it despite the habit developed.

Appendix A.2. Conceptual Framework

The association between ergonomic characteristics and students’ perceived learning
motivation and academic performance during online learning is being explored simulta-
neously for the first time in this study. Addressing the interconnectedness of ergonomics’
physical, cognitive, and macro-ergonomic aspects during online learning significantly
contributes to establishing an effective online learning system. Figure 1 depicts the con-
ceptual framework this study proposes to use to evaluate students’ perceived academic
performance and learning motivation using ergonomic-based metrics.

Perceptual learning styles are a student’s preferred approach to focusing on and
retaining innovative and challenging material. Learning styles enhance students’ academic
performance and motivation [110]. Moreover, Larkin and Budny [111] mentioned that there
is also a significant link between diverse student populations and learning styles. Students
that like to study visually are known as “visual learners.” Hearing and auditory learners
prefer the implications of listening, whereas tactile learners enjoy learning via hands-on and
practical activities [101]. Knowing one’s perceptual learning preferences and associations
with academic accomplishment is key to effective teaching and learning. Understanding
students’ learning preferences enables teachers to modify their instruction for each student,
as Azzi et al. [112] claimed. These researchers underline the value of identifying learning
styles since it enhances student learning, boosts motivation, and reduces the time needed
for learning. Zahit et al.’s [113] research in Malaysia examined how learning strategies
affected students’ academic performance at private institutions. Almasri’s [85] findings
were that the learning styles considerably increase student involvement and pleasure with
learning activities. Therefore, it was hypothesized that:

Hypothesis A1 (HA1). Visual learning style significantly and positively influences learning motivation.

Hypothesis A2 (HA2). Auditory learning style significantly and positively influences learning motivation.

Hypothesis A3 (HA3). Tactile learning style significantly and positively influences learning motivation.

Prior studies have shown the additional value that having a pleasant working envi-
ronment contributes to developing a learning environment that allows students to work
without distractions [114]. In contrast, inadequate facilities and poor workstations harm
student achievement and engagement [115]. The workstation design of students may also
be seen as a predictor of a student’s academic performance and motivation to learn [116]. It
was proven that the design of a workstation aids in a student’s comfortability, performance,
motivation, and productivity in studying and working for online classes [117]. Thus, it was
hypothesized that:

Hypothesis A4 (HA4). The design of workstations significantly and positively influences
learning motivation.

Consequently, Realyvasquez-Vargas [100] explored the effects of learning environment
variables on university students’ academic performance during the COVID-19 pandemic,
including temperature, noise, and illumination. The findings showed that the temperature,
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illumination, and noise levels directly impacted the academic performance of university
students. Studies generally agree that maintaining learning spaces at a comfortable tem-
perature impacts student engagement and success. Temperature levels account for 12%
of the gain in student success owing to the environmental variables model from inves-
tigating a learning environment’s effect on academic performance [117]. Furthermore,
Boker et al. [118] stated that humidity and airflow significantly affect students’ ability to
study indoors and outdoors. Thus, it was hypothesized that:

Hypothesis A5 (HA5). Temperature level significantly and positively influences learning motivation.

Research on the supremacy of illumination and lighting on students’ learning out-
comes, specifically, light levels, their type, and control over a person’s actions and dis-
tribution, reveal linkages between suitable illumination levels and lighting sources and
student accomplishment, performance, and engagement [119]. Factors such as retention,
contentment, and performance of students are key factors that are affected by the illumi-
nation levels in their workplace [88,118]. Despite desirable lighting conditions for task
productivity, particular illumination levels may vary or fluctuate depending on the nature
of the activity and the overall volume of work being undertaken [89,119]. Although there is
debate on the best practices in the industry, studies generally agree that lighting is essential
for student achievement. This account must be approached with caution because, while
most prefer natural lighting, studies highlighted that using just daylight for surrounding
room illumination is not practicable [120]. Thus, it was hypothesized that:

Hypothesis A6 (HA6). Illumination level significantly and positively influences learning motivation.

It was believed that high noise levels might cause students to miss or misinterpret
a portion of the teacher’s lesson during online classes, resulting in misconceptions and
misinformation. Noise level is seen as the noise coming from the student’s environment and
is perceived as a distraction and decreases concentration [121]. High noise levels, speech
intelligibility, irritable behavior, disruption of information retrieval, message communica-
tion, and acoustic comfort may substantially impact the learning process for students [122].
Additionally, some students could find loud settings upsetting or distracting. Consequently,
long-term exposure to chronic noise may impair one’s ability to concentrate, stay moti-
vated, and perform well in school [123]. Most publications highlight the harmful effects
of excessive noise in terms of the health or engagement of students and imply that these
effects may indirectly impact academic performance. Thus, it was hypothesized that:

Hypothesis A7 (HA7). Noise level significantly and positively influences learning motivation.

Recently, a wide range of LMSs were created and are now utilized to assist e-learning.
Countless articles have already been conducted on the efficacy of LMS on students’ learning
behaviors; however, many of these studies have mainly concentrated on technical issues,
such as assessing the utility and usability of these systems [124,125]. According to some
findings, students’ social presence in online collaborative learning may also be impacted by
their motivation [126]. Additional advantages of online classrooms include the ability for
students to tailor their education to their own needs and the flexibility of these LMS to be
convenient for students [127]. Researchers positively revealed that students’ perceptions of
LMS influence students’ online learning performance. Therefore, it is hypothesized that:

Hypothesis A8 (HA8). The LMS use significantly and positively influences learning motivation.

The literature that is now accessible on how technology affects learning must advance
at the same rate as changes in technology’s accessibility and affordability. These include
computers, mobile devices, digital media, and software. Teaching and learning should
be able to incorporate the usage of current and future technologies smoothly. Students
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believe that the internet, technology, and gadgets contribute to their overall performance in
school [128,129]. At the same time, preliminary studies discovered that technology benefits
student outcomes when integrated into a teacher’s pedagogy and substantially impacts
a student’s academic performance. Furthermore, post-occupancy studies emphasized
designs that allow for futureproofing in technology to enhance a student’s learning and
engagement [76]. It was also mentioned that educational institutions must considerably
incur the use of technology for student satisfaction, concentration, and retention [130].
Thus, it was hypothesized that:

Hypothesis A9 (HA9). Access to technology significantly and positively influences learning motivation.

Teachers’ use of teaching techniques and tactics helps provide a supportive learning
environment. If students are free to choose their preferred learning method, they will
be more intellectually and mentally engaged in the learning process. This will result in
more creative and successful actions. According to research by Muharam et al. [131], the
instructor’s teaching style positively and substantially impacts the student’s motivation and
learning ability. Students’ motivation further mediates the relationship between teaching
style and learning achievement. Likewise, systematic teaching and learning entail engaging
and motivating students, providing appropriate approaches, and periodically requesting
student feedback [132]. Furthermore, previous papers demonstrated that traditional teacher
instruction has become monotonous and unmotivating for pupils. Additionally, students
lose attention and sometimes become confused in class due to students’ lack of theoretical
knowledge and lengthy lectures [86]. Moreover, students favored more participatory
teaching approaches over material delivery alone as a motivator for learning [66]. Thus, it
was hypothesized that:

Hypothesis A10 (HA10). The teaching delivery significantly and positively influences learn-
ing motivation.

Motivation is the key to high academic achievement or academic performance. Stu-
dents are, therefore, propelled to complete a task, reach a goal, or earn a credential, espe-
cially when presented with an incentive [131]. Several studies have proved that learning
motivation positively correlates with academic performance. Afzal et al. [132] revealed that
student motivation and academic performance have a significant relationship. Individuals’
self-regulation of cognition, motivation, and behavior mediates the connections between
the person, situation, and academic performance [133]. However, certain conditions are lim-
iting an increase in academic performance. According to Tan [20], students lose motivation
and learning performance during online classes. Additionally, when students fail to attend
school sessions or do not engage in activities, their motivation is most likely reduced [134].
Hamid and Singaram [135] have implied that evaluating a student’s academic performance
leads to innovative learning techniques that could influence a student’s learning motivation.
Thus, it was hypothesized that:

Hypothesis A11 (HA11). The learning motivation of student s significantly and positively
influences the academic performance of students.
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