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Abstract
Background - Engineering education utilizes a face-to-face model for delivery of course materials and workshops. The
recent outbreak of the COVID-19 pandemic imposed a countrywide lockdown and forced education institutes to shift to
an internet-based online delivery mode.

Purpose/Hypothesis - This study developed an instrument to meticulously measure the students’ readiness for online
learning in a pandemic situation. A situation like COVID-19 accelerates a long-standing issue of digital inequality among
the students in education. The study proposed a reconceptualised model for students’ online readiness for emergencies
like COVID-19. The proposed model consists of (a) motivation, (b) self-e�cacy, and (c) situational factors.

Design/Method - The proposed model was validated with the engineering students (for pilot study N = 68 and main
study N = 988) from several universities in Bangladesh. To validate the underlying relationships between the latent
constructs, an exploratory factor analysis (EFA) was performed followed by structural equation modelling (SEM) for the
construct validity of the measurement model and to assess the model �t. 

Results - The �ndings showed that besides motivation and self-e�cacy, the situational factors describing the contextual
dynamics emerging from the COVID-19 signi�cantly in�uenced the student's online readiness.

Conclusions - The impact of situational factors on student readiness for online learning is complex, specially during
events such as the COVID-19 pandemic. By analyzing the collected data, it is evident that current practices of teaching
should be blended with face-to-face, synchronous and asynchronous internet-based learning. We argue that digital
inequality is an important factor in�uencing student readiness for online learning.

1 Introduction
Bangladesh, being a high risk and country vulnerable to the COVID-19 pandemic (Hossain, Ferdous, & Siddiqee, 2020;
Monjur & Hassan, 2020), took several measures to combat transmission of the virus. The most immediate measure
introduced by the country was to regulate the practice of ‘social distancing’ (Yeasmin et al., 2020) to �atten the curve of
COVID-19 transmission. As a result, all educational institutions were closed across the country. Social distancing
became the ‘new normal’ for students and the usual comradeship of campus life disappeared. This has drastically
impacted on Bangladesh’s educational system, resulting in a  loss of learning opportunities. Roughly 3.7 million
students and a million teachers in the higher education sector are reportedly now stuck at home (Ahmed, 2020b). The
disruption and interruptions to the education system in Bangladesh caused by COVID-19 creates both immediate and
long-term effects. One such long-term and serious effect is thought to be an economic downturn (Ahmed, 2020a).
Speci�cally, the disruption of engineering education has the potential to push Bangladesh further down comparative
economic growth and development tables. Since engineering education is considered to be a key factor for the
developing economy of Bangladesh (Chowdhury & Alam, 2012), closing all the engineering universities across the
country poses a serious threat to the nation’s economic progress.

To minimize interruption caused by the COVID-19 pandemic, engineering universities in Bangladesh   acted quickly to
shift all face-to-face lectures to a home-based online distance learning mode using learning platforms such as Google
classroom, Moodle, Canvas, Blackboard, Zoom, Microsoft Teams, and similar other web applications. This paradigm
shift from face-to-face learning to online distance mode creates two major complexities. Firstly,  academic matters such
as delivery, teachers’ expertise, student preparedness, and engagement within this new virtual learning space must all be
addressed (Peters et al., 2020). The second issue, perhaps more sensitive, relates to the physical and psychological
wellbeing of the students. The absence of social and physical interaction has adverse effects on students’ wellbeing
(Twenge, Spitzberg, & Campbell, 2019). Research shows that the COVID-19 pandemic generates fear among people,
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leading to depression, stress, anxiety and other psychological and mental health issues (Sakib et al., 2020). This raises
a genuine concern among educators about the students’ readiness for online learning and whether meaningful learning
can occur in an online environment. Nevertheless, engineering universities are continuing to shift course delivery to fully-
�edged online learning environments as no other viable solutions are available. Students get little time to cope with this
‘new normal’ in their educational lives.

Therefore, an important question requires immediate attention: To what extent are the engineering students of
Bangladesh ready for the online classes that are replacing face-to-face learning during the COVID-19 pandemic?
Because the event is unique, research into understanding student readiness for online learning in a pandemic situation
is only starting to emerge, and no reported research has been found in the context of engineering education in
Bangladesh. Though a number of studies attempted to measure students’ readiness for online learning (Arthur-Nyarko,
Agyei, & Armah, 2020b; Doe, Castillo, & Musyoka, 2017; Yu, 2018), none of them fully address the factors relating to an
emergency situation. Chung, Subramaniam, and Dass (2020) measured students’ online learning readiness amidst the
COVID-19 pandemic, nonetheless, they did not address the situational and context speci�c factors that emerged due to
the pandemic. Thus, a careful understanding of the current pandemic situation and a reconceptualisation of the
dimensions and constructs of the students’ readiness for online learning is warranted.

For this reason, the current study develops and validates a more speci�c instrument that can be used to measure the
students’ readiness for online learning in a pandemic situation. Secondly, this study investigates how demographic
factors in�uence the online learning readiness of engineering students of Bangladesh during the pandemic. Thus, this
study sought to answer the following two questions in the context of the current pandemic caused by COVID-19:

1. What is the reliability, validity, and model �t evidence of the survey scale to assess engineering students’ readiness
for online learning?

2. To what extent are engineering students of Bangladesh (in terms of gender, level of study, place of living, and
university type) ready to learn in online environments?

2 Reconceptualising The Constructs Of Students’ Online Readiness In The
Pandemic Situation

2.1        Motivation and self-e�cacy: Two key constructs of students’
online readiness
COVID-19 brings an unprecedented situation that demands rapid measures to meet the urgency of online course delivery
by educational institutions. Therefore, renewed attention is warranted to reconceptualise the students’ readiness for
online learning in such a pressing situation. In previous literature, motivation was identi�ed as the most crucial
construct of students’ readiness for online learning (Chung et al., 2020; Xiong, So, & Toh, 2015; Yu, 2018). In the current
pandemic situation, this has similarly become the primary factor for students to engage successfully in remote learning.
The absence of social structure, close interactions, easy access to teachers and peers in online learning during COVID-
19 pandemic may in�uence students’ readiness to learn in this manner (Allam, Hassan, Sultan, Mohideen, & Kamal,
2020). However, the key factor that can help students to maintain their internal drive towards effective participation in
online learning is their self-motivational force. Thus, more than ever before, motivational construct remains the
mainstay of students’ readiness for online learning during the pandemic.

COVID-19 also requires students to become heavily dependent on technology for their learning and to develop digital
competency. Early literature refers to ‘self-e�cacy’ as aspects which help students bene�t from technology and its
environment. Digital readiness or self-e�cacy requires students to have knowledge of and competencies in using
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modern technologies to achieve the educational objectives determined by their academic institutions (Hong & Kim,
2018). Digital competency is the most essential skill which aligns with the learning readiness dimension in
contemporary online settings (Hung, Chou, Chen, & Own, 2010). The pandemic makes it vital for students to equip
themselves with computer/internet literacy for successful online participation (Allam et al., 2020). As a result, students’
self-e�cacy to use technology for online learning also appeared as a crucial construct to measure students’ readiness.
   

2.2        Situational factors: The emerging constructs for students’
online readiness
With social distancing measures in place due to COVID-19, technologies become the backbone of education. This
accelerates a long-standing issue of ‘digital inequality’ among students in education. Advantaged groups always bene�t
by being able to  readily scale up their use of modern technologies through apps and services (Khilnani, Schulz, &
Robinson, 2020). In contrast, students from low socio-economic countries will prosper less in life due to a shortage of
digital resources. Stress resulting from disrupted  education and increased dependency on technology suggests that
COVID-19 will increase existing digital inequalities (Beaunoyer, Dupéré, & Guitton, 2020). In their study, Miglani and
Awadhiya (2017) pointed out that the availability of digital resources and the ability to use and bene�t from these are
the key factors that characterize digital inequality. Beaunoyer et al. (2020) further state: “digital inequality is the degree
to which individuals have the capacity, knowledge, motivation, and competence to access, process, engage and
understand the information needed to obtain bene�ts from the use of digital technologies” (p. 1).

Based on the notion of digital inequality accelerated by the COVID-19 pandemic, several key dimensions with increased
relevancy to students’ readiness for online learning become apparent. In this study, we identi�ed these dimensions under
a common construct named “situational factors”. The �rst factor we conceptualise is the availability and access to the
digital resources amidst a pandemic situation. Second is the ‘learning atmosphere’ in the home environment - a unique
and unprecedented context emerging because of COVID-19 lockdown. Third is the role of educational institutions that
can accelerate students’ online learning by providing support in terms of equipment, stable network connection and
other necessary logistics.    

Ensuring digital access or availability of appropriate technologies for students is a fundamental challenge for online
learning in a country like Bangladesh. Technology and Internet use was never a priority in the education system of
Bangladesh in the pre COVID-19 era and virtual classrooms added a further challenge. However, like every other country,
the status of virtual classrooms has shifted from an ‘amenity to a necessity’ to maintain educational progress during
the pandemic (Beaunoyer et al., 2020). Research shows that low-income families are suffering the most from the
COVID-19 economic crisis because they have fewer and lower quality digital appliances  (Fernandes, 2020; Wang &
Tang, 2020). Bangladesh is not an exception here. Due to their low socio-economic status, many students in
Bangladesh do not have the modern devices to readily adjust to the technology based ‘new normal’ life. Instead,
research shows that use of outdated devices, as is the supposed case for the majority students of Bangladesh, results in
delays in connecting to online resources and an overall less satisfying experience (Beaunoyer et al., 2020). Also, the
increased cost of internet data and poor connectivity remains a serious threat for technology adoption in developing
countries (ITU, 2017). As a result, students get fewer opportunities to access, engage with, and experience modern
technologies.  

Digital inequality is not only concerned with technology and its effective use, but also, for example, spaces that offer an
appropriate learning atmosphere (Beaunoyer et al., 2020). There is no question that the COVID-19 pandemic triggers
environmental and situation speci�c di�culties for students to learn at home. These di�culties can reduce students’
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ability to concentrate on the learning resources, create challenges to engage with the online classes, and hamper active
and meaningful discussions between peers and teachers (Neuwirth, Jović, & Mukherji, 2020). In fact, Neuwirth et al.
(2020) reasoned that some issues are exacerbated by underlying conditions of disparity of available resources triggered
by the COVID-19 pandemic. These include the lack of a calm and peaceful study space within the home environment
which can help students to learn in comfort and with privacy. However, a positive learning atmosphere is not simply
silence: it is a complex-to-describe combination of sense experience and feelings shaped by underlying spatial
organization, structures, social rules and interactions governed by the environment (Cox, 2017). Often too, close
proximities with other family members trigger disturbances, and students can be reluctant to use a webcam during
classes which may expose their socioeconomic and living conditions (Neuwirth et al., 2020). Students in such a
complex environment are also emotionally charged: there is a sense of belonging but also feelings of anxiety (Cox,
2017). This situational speci�c factor therefore signi�es the importance of students’ psychological preparedness for
online learning. In brief, the learning atmosphere is a crucial ingredient to stimulate student motivation (Pamungkas,
2019). Ryan and Deci (2000) argue that learners are intrinsically motivated to learn in a situation in which they feel
competent and self-determined. Evidence indicates that a supportive learning atmosphere has a major in�uence on
student competency and attitudes toward learning (Pan, 2014).

Educational institutions can also play a crucial role to support students in this pandemic situation. The home
con�nement triggered by COVID-19 limits access to the faster networks readily available at educational institutions
(Beaunoyer et al., 2020). When students are deprived of such facilities, educational institutions should subsidise the
internet cost for students from low-income families. Educational institutions should further facilitate student learning by
providing necessary information and basic technology devices to overcome the challenges of online learning (Huang,
Liu, Tlili, Yang, & Wang, 2020).

Based on the understanding of different constructs of students’ readiness amidst a pandemic situation, we therefore
propose a reconceptualised model of students’ readiness for online learning. This model consists of three key
components: motivation, self-e�cacy, and situational factors. Further, in this model we conceptualise situational factors
as a combination of three sub-constructs: digital access, learning atmosphere and institutional support.  

Based on the understanding of different constructs of students’ readiness amidst a pandemic situation, we therefore
propose a reconceptualised model of students’ readiness for online learning. This model consists of three key
components: motivation, self-e�cacy, and situational factors. Further, in this model we conceptualise situational factors
as a combination of three sub-constructs: digital access, learning atmosphere and institutional support.   

3 Research Methods

3.1        Scale development
The proposed model discussed in the previous section guided our scale development process, and this was  �nalised in
four different phases suggested by DeVillis (2016). First, we generated items under the three major constructs presented
in �gure 1, based on related previous research. A �ve-point Likert scale was developed with a continuum from strongly
agree to strongly disagree to measure the strength of students’ attitude for each item in the survey. Second, we modi�ed
and re�ned the items based on experts’ feedback. Third, we conducted a pilot study with a sample of 68 university
students to check initial internal consistency and inter-item correlations for a further re�nement of the survey items.
Finally, we tested the reliability and validity of the survey scale using a larger student sample in the actual study using a
more advanced statistical approach i.e., structural equation modelling (SEM).



Page 6/28

One of the key constructs in our proposed model is motivation. Motivation, as conceptualised in our study, delineates
students’ willingness to use online learning platforms during the COVID-19 pandemic. Guided by self-determination
theory (Ryan & Deci, 2000), we considered students’ intrinsic motivation i.e. interest or enjoyment, and extrinsic
motivation i.e. perceived usefulness and reinforcement, to be the key aspects to measure students’ motivation in our
study. Previous studies showed positive correlations between these motivational factors and students’ level of online
readiness and their rates of participation (Doe et al., 2017; Hung et al., 2010; M. K. O. Lee, Cheung, & Chen, 2005; Xie,
Debacker, & Ferguson, 2006; Xiong et al., 2015). Therefore, we adapted seven items from Hung et al. (2010), Xiong et al.
(2015)  and "Intrinsic Motivation Inventory (IMI)") rooted in the theory of self-determination (Ryan & Deci, 2000) to
measure student interest; seven items from Intrinsic Motivation Inventory and Xiong et al. (2015) to measure perceived
usefulness; four items (two from Xiong et al. (2015) and two newly created) to measure  reinforcement.

Self-determination theory further contends that students’ connectedness with their teachers and peers are a vital
component of student motivation. Previous literature also demonstrates the importance of engaging in human-human
interactions and the sense of being part of a learning community for effective learning in online settings (Joksimović,
Gašević, Kovanović, Riecke, & Hatala, 2015). Students get a feeling of connectedness to other students through online
learning communities and this contributes to meaningful learning experiences (Cho & Tobias, 2016). Therefore, we
adapted eight items from Intrinsic Motivation Inventory to measure students’ feeling of connectedness in online learning
during the pandemic.     

The second key construct in our model is self-e�cacy which focuses on how competent students are to adopt and use
the technology and to bene�t from them. Studies show that self-e�cacy is a major driving factor in preparing students
for online learning (Arthur-Nyarko, Agyei, & Armah, 2020a; Doe et al., 2017; Hung et al., 2010; Xiong et al., 2015) and  that
social and technical competency, two key dimensions of self-e�cacy for student learning, are highly associated with
online readiness and satisfaction (Yu, 2018; Yu & Richardson, 2015). Thus, in order to measure students’ technical and
social competency, we adapted four and ten items from Yu and Richardson (2015) and Hung et al. (2010), respectively.  

The �nal constructs in our study are characterized as situational factors which describe the contextual dynamics
emerging from the COVID-19 pandemic. As discussed in section 2.2, we conceptualised this construct as the
combination of three sub-constructs i.e., digital access, learning atmosphere and institutional support. The recent
literature (discussed in section 2.2) shows that these factors are highly related to students’ online learning during the
pandemic. Thus, we have created twelve new items under the situational factors (four items for learning atmosphere,
four items for institutional support and four items for digital access) to examine their relationships and in�uence on
students’ readiness for online learning. In total, there were 52 items in the initial survey instrument (see Appendix A). 

3.2        Research Contexts and Participants
The researchers started distributing the online survey during the peak of COVID-19 at the beginning of June 2020, when
all the higher educational institutes of Bangladesh were in a locked down state. Most of the educational institutions had
started online teaching by this time. The survey was created using Google form and administered nationwide in a total
of 23 universities. To achieve a representative sample for the study, participants were invited from all three types of
universities:   public (government funded), private, and international (funded by international donor agencies). Only
engineering students were invited to participate and students who did not undertake any online classes during the
COVID-19 pandemic were excluded from the survey. This ensured that participating students had a minimum experience
in online classes, and they could properly re�ect their state of readiness for online learning.

3.3        Data Collection and Preparation
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The researchers asked respective course teachers in the 23 universities to distribute the survey among their students.
The survey ran for a two-month period between mid-June to mid-August 2020 and initially a total of 1038 responses
were collected.

After a rigorous data cleaning and screening process, 988 responses were found to be valid. The data set had been
scrutinized for missing values, normality, outliers, skewness, and kurtosis coe�cients. Initial analysis of the raw dataset
of 1038 responses revealed that only one response had major missing data and nine responses had come from
disciplines other than engineering. Therefore, these ten responses were removed from the dataset. Furthermore, 36
apparently unengaged students had been identi�ed (for example patterns were evident in their responses such as all 52
item responses were either strongly agreed or strongly disagreed) and eliminated from the data set. Thereafter, four
responses had been identi�ed as outliers and eliminated which reduced the �nal dataset to 988 responses. Table 1
shows the summary of the participants’ demographic data.

Table 1: Summary of the demographics of the participants

Demographic Category Frequency
(n=988)

Percent Demographic Category Frequency
(n=988)

Percent

Gender Male 781 79.0 Discipline

 

EEE 370 37.4

Female 207 21.0 ME 234 23.7

University
Type

Public 196 19.8 CSE 234 23.7

Private 415 42.0 CE 99 10.0

International 377 38.2 TE 51 5.2

Place of
living

 

City 581 58.8 Educational
Level

Undergraduate
Year 1

223 22.6

District
Town

110 11.1 Undergraduate
Year 2

226 22.9

Thana Town 81 8.2 Undergraduate
Year 3

206 20.9

Village 216 21.9 Undergraduate
Year 4

302 30.6

Postgraduate 31 3.1

[EEE: Electrical and Electrical Engineering and related disciplines; ME: Mechanical Engineering and related disciplines;
CSE: Computer Science and Engineering and related disciplines; CE: Civil Engineering; TE: Textile Engineering]

Finally, the �ve negatively worded items (i.e., MI2, MC3, MC4, LA4, DA4) in the survey scale (see Appendix A) were
reverse coded to ready the data set for further analysis. The reliability and descriptive statistics of the data set are
shown below in Table 2.

Table 2 : Reliability and descriptive statistics of the theoretical constructs
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Constructs   Mean Std. Deviation Skewness Kurtosis

Motivation

α = 0.964

Interest 18.45 7.32 .319 -.757

Usefulness 18.59 7.56 .311 -.856

Reinforcement 11.58 4.18 .076 -.824

Connectedness 21.67 6.94 .176 -.584

Self-e�cacy

α = 0.926

Technology competency 13.93 3.99 -.403 -.440

Social competency 29.68 9.21 .101 -.608

Situational Factors

α = 0.868

Learning atmosphere 12.81 4.06 -.043 -.769

Institutional support 13.18 4.16 -.265 -.654

Digital access 12.46 3.93 .038 -.610

Table 2 shows that the coe�cient alpha values were well above 0.8 which showed very good internal consistency
among the items. Internal  consistency higher than 0.9 is regarded as excellent, and higher than 0.7 as  acceptable 
(Blunch, 2008). Each measurement variable is evaluated to check for normality. When normality assumption is violated,
an inaccurate estimate is attained, and correct statistical validation is di�cult to achieve in structural equation
modeling. Therefore, to test the multivariate normality assumption of the data set we assessed the mean, standard
deviation, skewness, and kurtosis. A previous study showed that skewness < 3.0 and kurtosis <10 met the assumptions
of multivariate normality (Kline, 2016). Thus, our data set met assumptions of multivariate normality.

3.4        Data Analysis
This study used structural equation modelling (SEM) (Anderson & Gerbing, 1988; Lei & Wu, 2007) to validate the
structural relationships among the variables of student online readiness. Once the structural model was validated, we
ran a multivariate analysis of variance (MANOVA) to explore the students’ readiness for online learning for different
demographic variables.  

We developed most of the constructs and their relevant items based on previous literature, however, as they were
reconceptualised for the COVID-19 situation, it was important to explore and validate the underlying relationships
between the latent constructs in this context. Therefore, we �rst conducted an exploratory factor analysis (EFA) to 
determine  the  relationships  between  latent variables  re�ected  in  the  items  of  the survey instrument (Hair, Black,
Babin, Anderson, & Tatham, 2010). In doing so, we ran a parallel analysis (Monte Carlo simulation) using a statistical
program (Watkins, 2000) to identify the exact number of factors to keep for EFA analysis. This method of determining
the number of factors for EFA is found to be the most accurate since both Kaiser’s (1960) criterion of using  eigenvalues
larger than one and Cattell’s (1966) scree test have a tendency to overestimate the number of factors required (Hubbard
& Allen, 1987; Zwick & Velicer, 1986). We also examined the sampling adequacy by testing the Kaiser-Meyer-Olkin (KMO)
measure and Bartlett’s test of sphericity to establish the construct validity of the EFA model. We also  ensured that all
items met the recommended threshold values of communality. Table 3 shows the recommended index values for EFA
analysis used in this study.

Table 3: Recommended index values for EFA used in this study
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Indicators Recommended value Source

Kaiser-Meyer-Olkin (KMO) > 0.70 Hutcheson and Sofroniou (1999)

Bartlett’s test of sphericity Signi�cant at p < 0.001 Field (2013)

Satisfactory communalities values > 0.50 Field (2013)

Total variance explained > 50% Podsakoff and Organ (1986)

The variance for the �rst factor < 50% Podsakoff and Organ (1986)

Factor loading for items > 0.50 (Hair, Hult, Ringle, & Sarstedt, 2016)

When undertaking SEM, Anderson and Gerbing (1988) proposed that analysis of data be completed  in two stages. First,
to determine the construct validity of the measurement model, and second, to assess the structural model by examining
the model �t and relationship strength among the factors.

In the measurement model, we examined the reliability, convergent validity, and discriminant validity of our proposed
model to determine the construct validity. Composite Reliability (CR) was assessed to examine the factor reliability.
Average Variance Extracted (AVE) was used to determine the convergent validity of the factors. To con�rm the
discriminant validity, we examined whether all square roots of AVEs were greater than the inter factor correlations and
all AVEs were greater than the MSVs (Maximum Shared Variance).

In the structural model, we assessed the model �t against several tests and �t indices recommended by literature. The
popular technique of testing the model �t is to use the chi-square test. Typically, a non-signi�cant chi-square value
implies a good model �t. However, researchers suggest that the chi-square test is sensitive to sample size and usually
rejects the admissibility of the model for a sample size greater than 200 (Bentler & Bonett, 1980; Byrne, 1998; Levesque,
Zuehlke, Stanek, & Ryan, 2004). Likewise, Hair et al. (2010) said that complex models and models with large sample
sizes typically offer signi�cant chi-square values. Considering these reports, we used several other recommended �t
indices, namely the normed �t index (NFI), the comparative �t index (CFI), Tucker Lewis Index (TLI), Incremental Fit Index
(IFI), Standardized Root Mean Square Residual (SRMR), and the Root Mean Square Error of Approximation (RMSEA), to
evaluate the model �t of our proposed model (see Table 8 for details).

4 Results

4.1          Exploratory Factor Analysis
We used parallel analysis to identify the exact number of components to best re�ect the underlying relationship among
the variables. Parallel analysis compares the eigenvalues obtained from principal component analysis (PCA) during EFA
with the randomly generated data in a Monte Carlo software program. We kept only those components with the
eigenvalues greater than the randomly generated data from parallel analysis (see Table 4).

Table 4: Outcome from parallel analysis
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Components Eigenvalue from PCA Random value from parallel analysis Decision

1 22.3751 1.4685 Accept

2 3.5368 1.4246 Accept

3 2.2804 1.3929 Accept

4 1.6592 1.3650 Accept

5 1.3130 1.3400 Reject

6 1.1018 1.3192 Reject

We selected principal component analysis (PCA) as the extraction method and Promax rotation with Kaiser
normalization to run the four accepted factors EFA. For a cleaner solution as regards to rotated results matching to
Thurstone's (1931) idealized simple structure result, items with low communalities (less than 0.5) were eliminated. Also,
we retained only items with greater than 0.5 factor loadings under each construct. Additionally, the higher cross loading
items in more than two factors were scrutinised and eliminated to further simplify the model. In this process, a total of
13 items were deleted from the original 52 items and the remaining 39 items were retained for the EFA model.
Exploratory factor analysis suggested a one-factor model for the variables of interest, usefulness, reinforcement, and
relatedness which when combined denote as motivation. Similarly, items of technology skills and social competency
greater than 0.5 factor loadings being loaded under self-e�cacy construct. We also observed a few items from self-
e�cacy loaded under motivation, and one item from self-e�cacy under the learning atmosphere. We retained these
items for further analysis in CFA. Interestingly, situational factors indicated a two-factor model and we denoted them as
learning atmosphere and institutional support.

Table 5 shows excellent internal consistency (Cronbach’s alpha) of the items in the four factors EFA model with the
lowest alpha coe�cient being 0.853. High loading variables are grouped together to meet the convergent validity
requirement, and discriminant validity is also ensured as no cross loading of the items are observed in more than one
factor. Further, inter factor correlations are below 0.70 which also con�rms discriminant validity. For the measure of
sampling adequacy, Bartlett’s tests of sphericity were found to be signi�cant (0.000; P<.001), suggesting the suitability
of factor analyses. Also, KMO (Kaiser–Meyer–Olkin) shows an excellent value (.980) which meets the criteria of data
adequacy for factor analyses (Kaiser & Rice, 1974).

Table 5: *Inter factor correlation matrix, reliability, and sampling adequacy of the EFA model
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Factors 1 2 3 4 Reliability (α)

1. Motivation 1.000       0.971

2. Self-e�cacy .461 1.000     0.863

3. Learning atmosphere .633 .488 1.000   0.860

4. Institutional support .580 .333 .581 1.000 0.853

Sampling Adequacy  

KMO 0.980  

Bartlett’s tests of sphericity 0.000***  

Total Variance Explained 62.62%  

*Extraction Method: Principal Component Analysis; Rotation Method: Promax with Kaiser Normalization

***Signi�cant at P<.001

4.2          Measurement Model
We ran con�rmatory factor analysis (CFA) with AMOS (version 24) to examine the composite reliability, convergent and
discriminant validity of the EFA model. However, in validating the measurement model, we found some problematic
items and therefore, following established data-analysis practices (MacCallum, Browne, & Sugawara, 1996), nine items
needed to be deleted which eventually reduced the model to 30 items. In deleting these items, we checked content
validity ensuring adequate items, i.e., at least four items remain loaded under each measurement construct.

In Table 6, the composite reliability (CR) for each construct of the �nal model was found to be greater than 0.7 which
ensures the reliability of the factors. CFA shows adequately high factor loadings on the corresponding components
which support convergent validity. According to Hair et al. (2010), standardized regression weights in the measurement
model should be greater than 0.5. The standardized regression weights were found to be between 0.64 and 0.85 at p<
.001 in the measurement model. We also assessed the average variance extracted (AVE) for each construct and found
that all the values are larger than 0.50 which indicates the criteria of convergent validity has been ful�lled (Fornell &
Larcker, 1981).   

Table 6: Convergent and discriminant validity of the measurement model

Constructs CR AVE MSV 1 2 3 4

1. Motivation 0.967 0.623 0.442 0.790      

2. Self-e�cacy 0.824 0.540 0.528 0.665*** 0.735    

3. Learning atmosphere 0.831 0.555 0.528 0.659*** 0.727*** 0.745  

4. Institutional Support 0.856 0.600 0.425 0.652*** 0.607*** 0.533*** 0.775

*** signi�cant at p <.001

We also assessed discriminant validity, as shown in Table 6, and found that our model met the criteria of discriminant
validity as all square root of AVEs (Average Variance Extracted) are greater than the inter factor correlations and all AVEs
are greater than the MSVs (maximum shared variance) (Fornell & Larcker, 1981). The correlations of the constructs and
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the square root of the AVE on the diagonal (in bold numbers) are shown in Table 6. Further, we used heterotrait-
monotrait (HTMT) ratio of correlations to assess the discriminant validity as shown in Table 7. All values of the
constructs are below .850 and this shows a strict discriminant validity between the factors (Fornell & Larcker, 1981;
Henseler, Ringle, & Sarstedt, 2015).

Table 7: HTMT Analysis

Constructs 1 2 3 4

1. Motivation ---      

2. Self-e�cacy 0.687 ---    

3. Learning atmosphere 0.671 0.757 ---  

4. Institutional support 0.668 0.628 0.562 ---

In sum, the evaluation of the measurement model suggested that all items are reliable and met the conditions of
convergent and discriminant validity.

4.3        Structural model
The structural model was tested to assess how latent constructs are related to one another in the theoretical model.

First, goodness-of-�t of the model was evaluated in SEM. Table 8 presents the recommended values of the �t indices
and the corresponding results of the proposed model. Hu and Bentler (1999) state that a RMSEA value less than 0.07,
and CFI and TLI values greater than 0.90 indicate good �t of a model. In our study, the value of the RMSEA coe�cient is
0.063, and other indicators (CFI, TLI, IFI, and NFI) are all above 0.90 which indicate a good �t for the model. SRMR �t
index is also smaller than 0.10, further con�rming.

Table 8: Recommended values of the �t indices and the corresponding results of the proposed model

Fit Index Admissibility Source Result Fit (Yes/
No)

CMIN/DF < 5.0

 

Hu and Bentler (1999); Kline (2016) (1954.32/399)

= 4.898

Yes

RMSEA < 0.08

 

Byrne (1998); MacCallum et al. (1996); Hu and Bentler
(1999)

0.063

 

Yes

CFI > 0.90 Bentler (1992); Hu and Bentler (1999) 0.929 Yes

TLI > 0.90 Bentler (1992); Hu and Bentler (1999); 0.923 Yes

IFI > 0.90 Bentler (1992); Hu and Bentler (1999); 0.929 Yes

NFI > 0.80 Bentler and Bonett (1980); Schumacker and Lomax
(2010)

0.912 Yes

SRMR < 0.10 Hu and Bentler (1999) 0.045 Yes
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Thus, we conclude that our model met all the recommended levels of �t indices. We also checked for multicollinearity to
identify whether there is any theoretically and/or empirically redundant variable included in the model. We assessed this
using variance in�ation factor (VIF) and found that all the values are between 1.903 and 3.550. Traditionally, VIF values
above 5 are regarded as indications of problematic multicollinearity (Hair et al., 2016) and above 10 implies a severe
multicollinearity issue (Kline, 2016). Thus, the VIF values met the criteria to support the structural model.

Second, we examined the path coe�cients which signify the strengths of the relationships between the factors. Table 9
shows the path coe�cients and path signi�cances revealing that all values are signi�cant (at p=.001). Figure 2
illustrates R2 values representing the amount of variance explained by the constructs. Student motivation is found to be
signi�cantly determined (R2 = 0.58) by the learning atmosphere, institutional support, and through the effect of self-
e�cacy. This implies 58% variance in motivation is explained by these three factors. Likewise, self-e�cacy is found to
be signi�cantly determined (R2 = 0.60) by the learning atmosphere and institutional support. Thus, learning atmosphere
and institutional support have explained 60.0% of variance in self-e�cacy.

Table 9: Model path analysis

Path relationships Unstandardized Estimate S.E. P Standardized estimate

(beta coe�cient)

Self-e�cacy <--- Learning atmosphere .654 .050 *** .563

Self-e�cacy <--- Institutional support .287 .034 *** .307

Motivation <--- Institutional support .373 .037 *** .349

Motivation <--- Self-e�cacy .263 .053 *** .230

Motivation <--- Learning atmosphere .406 .058 *** .306

*** signi�cant at p<.001

 

Finally, in Table 10, bootstrapping is used to determine whether there is any mediation effect. When bootstrapping was
run to identify the speci�c indirect effects for every mediation possible, we found that both the relationships between
learning atmosphere and motivation, and institutional support and motivation are signi�cantly mediated by self-e�cacy
at p = 0.001.

Table 10: Mediation effect in the structural model

Relationships Unstandardized
Estimate

Lower Upper P Standardized
Estimate

Institutional support --> self-e�cacy -->
motivation

.075 .048 .115 .001 .071***

Learning atmosphere --> self-e�cacy -->
motivation

.172 .112 .247 .001 .130***

*** signi�cant at p<.001

4.4        Student readiness for online learning
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As discussed in the literature, student’s preparedness for online learning can be in�uenced by digital access, therefore
the availability and speed of internet connection become important indicators of students’ readiness. We asked a
question about the type of internet connection students are using during the COVID-19 pandemic. It was found that a
signi�cant portion (35.73%) of the students depend on mobile data (see Figure 3) which is more expensive than other
connection types, and provides slower speed compared to the other internet connections in Bangladesh.

 

When asked about their preferred method for online class engagement, 22.98% of the students were in favour of pre-
recorded lectures. Interestingly, 8.10% of the students do not like to participate in any form of online classes. This clearly
indicates that a signi�cant portion (22.98% and 8.18%) of the students are uncomfortable engaging in live online class.
  

We conducted multivariate analysis of variance (MANOVA) to examine the effect of gender, type of university, place of
living, and academic study level on students’ readiness for online learning (i.e., motivation and self-e�cacy). We tested
all the assumptions for MANOVA to verify the sample distribution, linearity, normality, multicollinearity, univariate and
multivariate outliers, and homogeneity of variance-covariance. We noticed no signi�cant violation of any assumptions.
Table 11 shows the MANOVA results on the impact of demographic variables.

Table11: MANOVA analysis showing the impact of demographic variables on students’ readiness

Demographic variables Wilk’s lambda (λ) F Hypothesis df Error df P Partial eta squared

Gender .987 6.560 2.0 985.0 .001* .013

University .910 23.873 4.0 1968.0 .000* .046

Study Level .983 2.130 8.0 1964.0 .030* .009

Place of living .951 8.338 6.0 1966.0 .000* .025

*signi�cant at p <.05

The results of the MANOVA analysis suggest a statistically signi�cant effect of all demographic variables on student
readiness for online learning. We ran a separate analysis of variance (ANOVA) test to examine the statistical
signi�cance of the demographic variables for each of the results of the dependent variables (i.e., motivation and self-
e�cacy). When we found the ANOVA result to be signi�cant between three or more group means, we further conducted
a multiple-comparison analysis (post hoc) with Tukey’s test to show exactly where the differences existed (see Table 12
for details).

Table 12: F test results for demographic variables on students’ readiness for online learning
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Demographic
variables

Student
readiness

Category M SD df Error F P Partial
eta
squared

Post
hoc

Gender Motivation

 

1. Male 48.66 19.14 1 986 12.96 .000* .013 ---

2. Female 43.38 17.24

Self-
e�cacy

1. Male 13.69 3.84 1 986 6.35 .012* .006 ---

2. Female 12.94 3.80

University Motivation

 

1. Public 52.37 19.80 2 985 45.965 .000*

 

.085

 

1>3,
2>3

2. Private 51.65 18.38

3.
International

40.55 16.74

Self-
e�cacy

1. Public 14.09 3.73 2 985 8.065 .000* .016 1>3,
2>3

2. Private 13.82 3.83

3.
International

12.93 3.83

Study Level Motivation 1.
Undergraduate
Year 1

45.54 18.78 4 983

 

3.750

 

.005*

 

.015

 

5>
1, 2

2.
Undergraduate
Year 2

45.50 18.92

3.
Undergraduate
Year 3

48.36 19.02

4.
Undergraduate
Year 4

49.09 18.56

5.
Postgraduate

56.68 17.99

Self-
e�cacy

1.
Undergraduate
Year 1

13.22 3.83 4 983 2.611 .034* .011 5>1

2.
Undergraduate
Year 2

13.27 4.03

3.
Undergraduate
Year 3

13.47 3.95

4.
Undergraduate
Year 4

13.83 3.57

5.
Postgraduate

15.22 3.78

Place of
living

Motivation

 

1. City 45.64 18.57 3 984 7.255

 

.000* .022 4>1,
2

2. District 46.28 18.09
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Town

3. Thana
Town

51.28 18.50

4. Village 51.95 19.42

Self-
e�cacy

1. City 13.70 3.78 3 984 1.043 .373 .003 ---

2. District
Town

13.12 3.62

3. Thana
Town

13.52 3.70

4. Village 13.31 4.14

*signi�cant at p <.05

The results indicate statistically signi�cant impact on student readiness as follows:

Gender showed a statistically signi�cant impact on students’ readiness for online learning, F (1, 986) = 12.96, p =
.000, partial eta squared = .013, with male (M= 48.66) scoring higher than female (M = 43.38) in motivation; and F
(1, 986) = 6.35, p = .012, partial eta squared = .006, with male (M= 13.69) scoring higher than female (M = 12.94) in
self-e�cacy.

University type revealed a statistically signi�cant in�uence on students’ readiness in motivation, F (2, 985) = 45.965,
p = .000, partial eta squared = .085, with public university (M= 52.37) scoring higher than international university (M
= 40.55), and private university (M= 51.65) also scoring higher than international university (M = 40.55).

Likewise, F (2, 985) = 8.065, p = .000, partial eta squared = .016, with public university (M= 14.09) scoring higher
than international university (M = 12.93), and private university (M= 13.82) again scoring higher than international
university (M = 12.93) in self-e�cacy.  

Study level showed a statistically signi�cant impact on students’ readiness for online learning, F (4, 983) = 3.750, p
= .005, partial eta squared = .015, with postgraduate students (M= 56.68) scoring higher than year 1 (M= 45.54) and
year 2 (M= 45.50) students in motivation; and F (4, 983) = 2.611, p = .034, partial eta squared = .011, with
postgraduate students (M= 15.22) scoring higher than year 1 (M= 13.22) students in self-e�cacy.

Living place showed a statistically signi�cant impact on students’ readiness, F (3, 984) = 7.255, p = .000, partial eta
squared = .022, with village students (M= 51.95) scoring higher than both city (M = 45.64) and district town (M =
46.38) students in motivation.

No statistically signi�cant differences were found for living places in self-e�cacy.

5 Discussion
This study surveyed engineering students’ readiness for online learning during the COVID-19 pandemic in Bangladesh.
To measure student readiness for online learning, we considered the well-known constructs: a) motivation and b) self-
e�cacy. Our reconceptualised model also theorized some situational factors to investigate whether/how these factors
in�uence motivation and self-e�cacy. Data suggests that motivation is in�uenced in three ways: directly by situational
factors, and self-e�cacy, while self-e�cacy mediates the relationship between situational factors and motivation as
well (see Tables 9 and10).

In this study, we have developed and proposed a model for measuring engineering students’ readiness for online
learning in the COVID-19 situation. In developing this context-speci�c model, we have combined three constructs: 
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motivation, self-e�cacy, and situational factors. Considering the unique situation of the COVID-19 pandemic, we have
proposed the context-speci�c construct ‘situational factors’ which constitute information on i) availability of and access
to digital resources, ii) learning atmosphere, and iii) the role of educational institutes. We have assessed the reliability,
validity, and model �t evidence of the proposed survey scale. The model �t was found to be satisfactory for the speci�c
context of COVID19 and similar emergency situations. The reliability and descriptive statistics of the data set proved to
have very good internal consistency and the assumptions of multivariate normality were met. The model �t in the
structural model was assessed against several tests and �t indices. The developed model was validated and found to
be reliable for use in similar scenarios.  

Exploratory Factor Analysis (EFA) suggests that all four sub-constructs, i.e., interest, usefulness, reinforcement, and
connectedness, merge to form a single construct - motivation. This may be due to the pressing situation caused by
COVID-19 in which all the four sub-constructs strongly correlate to each other and converge in one factor. Thus, we infer
from our data that the COVID-19 situation exposes a need to reconceptualize motivation as a dominating component to
determine students’ online readiness. This �nding is supported by the study of Naji et al. (2020) in which  motivation
was identi�ed as one of the important factors for engineering students’ online readiness. EFA also suggests that the
three theorized situational factors can be merged into two constructs: learning atmosphere and institutional support.

The situational factors signi�cantly determine student online readiness as the coe�cient of determination, R2, indicates
a high percentage of variance to explain motivation and self-e�cacy (see Figure 2). Thus, situational factors play a
signi�cant role in determining student readiness during pandemic situations.

In this article we argue that learning atmosphere has a pronounced impact on the extent to which engineering students
are ready for online classes. As a component of the learning atmosphere, the pedagogical mode plays a signi�cant role
in student readiness. For example, engineering students reported more enthusiasm in project-based courses than in non-
project-based courses (Naji et al., 2020). Also, engineering students seem to be more engaged in a learning environment
that offers practical-oriented, interactive, and team-based activities in an online learning environment (Kebritchi,
Lipschuetz, & Santiague, 2017; Radianti, Majchrzak, Fromm, & Wohlgenannt, 2020). Boosting students’ intrinsic
motivation (Ryan & Deci, 2000) by offering appropriate pedagogical modes and learning activities  is likely to improve
students’ readiness for online classes (Hasan, Linger, Chen, Lu, & Wang, 2016).

We also argue that institutional support plays a vital role in student motivation towards online learning and therefore
their readiness learning online. If institutions provide timely IT support and a synchronized and reliable communication
platform, students are likely to engage in online classes. Even if institutions provide support for online theory classes,
however, more practical aspects of learning need to be included for effective online learning, especially for engineering
students whose study involves practical concepts (Naji et al., 2020).

When a direct question was asked about the students’ preferred online mode of participation, we found that
approximately 30% of students did not like to engage in live online classes (see Figure 3b). This �nding provides strong
evidence of a low level of students’ readiness for online learning during the emergency. Interestingly, students'
unwillingness to engage in live online classes is commonly reported in the literature; for instance, in Handel’s study
(Händel et al., 2020) , only 6% of students used live streaming. Further research may explore the emerging causes of
students not willing to attend live classes.

Our data also suggest a digital inequality as a signi�cant portion of students do not have adequate digital access in
terms of internet connectivity (see Figure 3a). Using the Technology Acceptance Model (TAM) (Davis, 1989), as an
investigation framework, Siron, Wibowo, and Narmaditya (2020) argued that individuals with prior experience using
computers and the Internet demonstrated higher scores in ‘perceived ease of use’ of technology compared to new
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learners, and this claim is supported by the works of Y.-H. Lee, Hsiao, and Purnomo (2014) and Purnomo and Lee
(2013). Because these ‘at risk’ or digitally-not-ready students tend to be vulnerable, a careful and deliberate instructional
strategy for their online learning is required.

Our �ndings revealed that the differences in students’ demographics (gender, university type, study level, living place)
have a signi�cant impact on student online readiness. For example, male students are likely to be more motivated and
e�cient than female students. This �nding  is supported by the study of (Händel et al., 2020), however it contradicts the
�ndings of Naji et al. (2020) and Chung et al. (2020) who  reported no signi�cant relationship between gender and
student readiness. Further studies may result in better understanding of engineering students’ readiness for online
learning based on their gender.

Also, while differences were found among students of public, private, and international universities, the difference
between public and private was not signi�cant with respect to both motivation and self-e�cacy. This may be due to
some universal characteristic of students irrespective of their type of institution.

Results also revealed that the junior cohort student (year 1 and year 2) is less likely to be ready than students in the
senior cohort (year 3, year 4 and postgraduate). In both motivation and self-e�cacy no signi�cant differences were
found among senior students. Young university students have been found to be  motivated toward learning and to
perform better than the senior students (Abdullah, 2011). In our case, it may be due to the pandemic that senior students
become more serious about their learning in order to complete their study and gain employment quickly.

An interesting �nding was observed when students’ readiness was explored with respect to their place of living. Our data
showed that village students were more motivated in online classes than city students, whereas urban students enjoyed
better access to the internet than village students. The village students may believe that having less access to
technology could impact negatively on their academic performance. As such, they became more motivated but also
anxious about gaining access to technology and joining online classes.

6 Limitation, Implications, And Generalisation
The survey used in this study employed convenience sampling for collecting data from the participants i.e., engineering
students in Bangladesh. The convenience sampling method helps researchers to accumulate a su�cient number of
participants needed for a certain research project, however this method can lead to unexpected or uncontrolled factors
in the sample data which could potentially impact on the investigation and skew the results of the study (Emerson,
2015). This sampling method recruits  participants who are easily accessible and this  leads to the possibility of
quali�ed individuals being missed in the survey (Etikan, Musa, & Alkassim, 2016).  However, a large sample group such
as the current study may minimize the limitations posed by the convenience sampling. Also, as the name indicates,
convenience sampling is often used despite its limitations due to the expediency of recruiting participants (Sedgwick,
2013). This sampling technique is also frequently utilized for quantitative studies whereas purposive sampling is more
observed in qualitative studies (Etikan et al., 2016).

The insights derived from this study can be applied to similar situations - pandemic or otherwise - where students are
required to shift to online learning due to some unwanted circumstances. Moreover, the �ndings will be applicable to
other developing countries with similar sociodemographic conditions. Although this study focused on engineering
students, some of the general �ndings can be applied to online learning for students from other disciplines as well. 

This study presented some stimulating observations which could be considered vital for ensuring a proper learning
environment for students. Support from educational institutes for students, in monetary or other form, would help foster
a caring environment for learning. Lessons from the study could also help teaching staff improve and customize their
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course teaching for such situations to improve the learning experience for students. Furthermore, policy makers in
developing countries should consider important evidence when preparing policies for teaching in similar conditions.
Informed by the insights presented, academic entities may consider establishing counselling units dedicated to
supporting the students’ psychological wellbeing during the pandemic as this should enhance student con�dence in
online learning. This in turn will increase student satisfaction with the education offered by their respective institutions. 

7 Conclusion
The focus of this study was to investigate engineering students’ readiness for online learning during the COVID-19
situation. For this, we conducted an online survey in different universities in Bangladesh and after scrutiny, selected 988
responses out of 1038 initial responses. Our study proposed a new model to measure student readiness for online
learning considering the context of the COVID-19 situation. Our study suggests that besides motivation and self-e�cacy,
situation and context-speci�c factors in�uence students’ readiness for online learning. This study also shows that
student readiness towards online learning can be hindered by digital inequality in a developing country. The proposed
model can be utilized to improve the student learning experience in emergency situations as well as to address potential
issues related to student online readiness. Further development of this study is to detect any changes in the relationship
of factors through a longitudinal study. We also plan to extend this study by broadening the demographic distribution to
include participants from different disciplines and locations. In our future study we wish to explore the relationship
between teachers’ readiness towards online teaching and their student’s readiness for online learning.
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The initial ‘Student Online Learning Readiness’ Survey
A. Motivation
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Sub-constructs Items

Interest MI1. I think I enjoy learning very much in online environment.

MI2. I think learning in online environment is a boring activity*.

MI3. I would describe learning activity in online environment as very interesting.

MI4. I think online learning activity is quite enjoyable.

MI5. I am open to accept the online environment for my learning.

MI6. I like to work with my classmates in an online environment.

MI7. I like to work with my teachers in an online environment.

Perceived Usefulness MU1. I believe it is effective to learn in online classes.

MU2. I believe online classes can help my learning.

MU3. I believe online classes help me to learn more complex topics than face-to-face
classroom.

MU4. I believe online classes allow many opportunities for discussion and sharing ideas
among my classmates.

MU5. I would be willing to learn in online classes again because it has some value to me.

MU6. I think online learning is important because it can improve my learning.

MU7. I believe online learning activity could be bene�cial to me.

Reinforcement

 

 

 

MR1. Through online classes, I hope to achieve a good grade for the courses I attend.

MR2. I hope my teachers and classmates will praise me if I can perform good in online
classes.

MR3. I hope my attendance in online classes will improve my course grade.

MR4. I hope online classes will have a positive impact in my career.

Connectedness/
Relatedness

MC1. I like to connect with my teachers and classmates in the online learning
environment.

MC2. I feel like I can trust my teachers in the online learning environment.

MC3. I prefer not to interact with my teachers and classmates in the online learning
environment in future*.

MC4. I feel disconnected from my teachers and classmates in the online learning
environment*.

MC5. I feel close to my teachers and classmates in the online learning environment.

MC6. I feel I could develop friendship with my teachers and other students in the online
learning environment.

MC7. I would like to interact with my teachers and classmates more often in the online
learning environment.

MC8. I feel I could develop a good bonding with others through online learning
environment.

*Item needs reverse coding

B. Self-e�cacy



Page 26/28

Technology
Competency

 

TC1. I feel con�dent in performing the basic functions of technology used in online
learning.

TC2. I feel con�dent in my knowledge and skills of how to manage software for online
learning.

TC3. I feel con�dent in using the internet to �nd or gather relevant information for
learning.

TC4. I feel competent at integrating computer technologies into my learning activities.

Social Competency

 

SC1. I feel con�dent to ask questions to my teachers in online classes.

SC2. I feel con�dent to seek help from my teachers when needed.

SC3. I feel con�dent to timely inform my teachers when unexpected situations arise.

SC4. I feel con�dent to express my opinions to teachers respectfully.

SC5. I feel con�dent to initiate discussions with my teachers in online environment.

SC6. I feel con�dent to respect other students’ social actions in online environment.

SC7. I feel con�dent to apply different social interaction skills depending on situations.

SC8. I feel con�dent to initiate social interaction with classmates.

SC9. I feel con�dent to work in groups in online environment.

SC10. I feel con�dent to develop friendship with my classmates in online environment.

 C. Situational Factors

Learning atmosphere LA1. I think my living environment is supportive to study in online environment.

LA2. I think I can effectively study from my living place.

LA3. I think my family members around me are helpful for my online study.

LA4. I think it is di�cult to study online from the place where I am living*.

Institutional Support IS1. I believe my institution is supportive for my online study.

IS2. I believe I can get the necessary help from my institution to study online.

IS3. I believe my institution makes necessary arrangements for effective online learning.

IS4. I believe my institution can provide a favorable environment for my online study.

Digital access DA1. I believe I have the necessary devices to participate in online classes.

DA2. I believe I can afford the cost of internet to participate in online classes.

DA3. I believe the internet connection and speed is reliable enough for the online classes.

DA4. I think I do not have enough resources to study online*.

*Item needs reverse coding

Figures
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Figure 1

Reconceptualised model for students’ online readiness for emergency like COVID-19
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Figure 2

Final model of students’ readiness for online learning with standardized regression weights

Figure 3

a) Available internet connection during pandemic; b) Students’ preferable mode of online classes during pandemic


