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Abstract

This paper reports the development and validation of a new questionnaire to assess stu-
dents’ perceptions of the online learning environment in Indonesia during the COVID-19
pandemic. In total, 669 participants (454 women, 215 men) from various universities were
recruited online to complete a 25-item questionnaire. Item factor analysis verified a five-
factor model, while multidimensional Rasch analysis showed that all items fit this model
and have good reliability. The factors of Access, Interaction, Lecturer Support, Equity,
and Investigation formed the valid and reliable Online Classroom Learning Environment
Inventory (OCLEI). All aspects of online learning readiness were related to the five factors
of the OCLEI, therefore supporting convergent validity. With these results, we concluded
that the OCLEI is a novel measure that can be used in future educational research in Indo-
nesia. Limitations and implications are noted.

Keywords Factor analysis - Learning environments - Online learning - Rasch model -
Validation

Introduction

The year 2020 was very challenging, especially because the COVID-19 pandemic has
spread worldwide, impacted both individuals and society, and caused major changes in
various fields, including education. This challenging situation is also faced by 270 mil-
lion Indonesians in the large archipelagic area consisting of 34 provinces (The World Bank
2020). For teachers, the COVID-19 pandemic is a quintessential adaptive and transforma-
tive challenge, one for which there is no pre-configured playbook that can guide appropri-
ate responses (Reimers et al. 2020).
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In the field of education, one of the challenges is the continuation of teaching and
learning processes during a pandemic (Reimers et al. 2020). To ensure the continua-
tion of these processes, higher education in Indonesia has changed from the traditional
classroom system to online learning (Habibie et al. 2020). Even though lecturers had
been trained to conduct online learning, online lectures were almost never carried out in
Indonesia before the pandemic. However, online learning has since become a valuable
solution that enables classroom teaching during a pandemic (Harto 2020). Compared
with other levels of education (e.g., senior high school), higher education has special
characteristics because university students come from all regions of Indonesia. Moreo-
ver, long before the pandemic, the implementation of online learning at the tertiary level
had various obstacles, such as funding and availability of experts, as well as the diffi-
culty of equitable internet access on 14,000 islands (Diki 2013).

In contrast to Indonesia, various countries have been investing in the development
of educational technology since the late 1990s in the hope that its use in schools would
improve the quality of learning outcomes (Huang et al. 2010), although proponents of
online learning doubted the effectiveness of using technology in the classroom envi-
ronment (Yang et al. 2018). However, in the past 20 years, proponents of online learn-
ing have stated that, when compared with traditional teaching, online lectures facilitate
learning in the context of higher education (Li et al. 2014; McPhee and Soderstrom,
2012).

Amid this debate, one important point that should be addressed is that of online learn-
ing environments, given that online and traditional classroom contexts are very different
(Trinidad et al. 2005; Yang et al. 2018). These differences impact academic performance
(Demian and Morrice 2012), the quality of learning (Haro et al. 2019), and teacher—student
interactions (Marks et al. 2005; Wright 2015). In addition, the implementation of online
lectures in Indonesia during the pandemic has been rather sudden (Habibie et al. 2020);
institutional competency development should be carried out carefully to prepare facilities
that are ready to implement online lectures (Gregory and Lodge 2015). Therefore, online
learning environment needs to be analysed through students’ perspectives, especially
because there is no online lecture standard in Indonesia, which means that the online learn-
ing context experienced by students is quite varied.

To evaluate the introduction of online learning from the perspective of students, suitable
instruments are needed. Unfortunately, such evaluation methods are very difficult to find in
the existing literature in Indonesia, even though learning environment questionnaires are
known to be an important source of information in curriculum preparation and program
evaluation (Spinner and Fraser 2005), including the preparation of standards for online
learning implementation. In addition, an understanding of the online learning environment
provides various benefits such as adaptability and a set of special instructions that can be
given to students who have different levels of academic knowledge (van Seters et al. 2012).

An analysis of existing studies revealed several instruments specifically developed to
measure online learning environments based on student perspectives, such as the Online
Learning Environments Survey (OLES; Trinidad et al. 2005). Additionally, there are
instruments that focus on readiness and student perceptions, such as the Online Learning
Readiness Scale (OLRS; Hung et al. 2010) and, more recently, the Online Learning Per-
ception Scale (OLPS; Wei and Chou 2020). Wei and Chou also tested the interrelations
between OLPS and OLRS. In addition, existing literature provides a record of instruments
developed in traditional classroom contexts, such as the What Is Happening In this Class?
(WIHIC,; Fraser et al. 1996). The WIHIC questionnaire also allows contexts to be adapted
into online learning, as in OLES. The adaptation of WIHIC provides various advantages
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from a theoretical point of view because the aspects covered are very broad and compre-
hensive (Rahayu et al. in press).

Although OLES, which contains three aspects of WIHIC (Fraser et al. 1996), covers
a broad spectrum of online learning environments, the development of new instruments
based on observations of these web-based learning contexts in Indonesia can provide alter-
natives. This approach was carried out in previous studies before the WIHIC was intro-
duced (Chionh and Fraser 2009). With the availability of online learning environment
instruments from the perspective of students, lecture quality can be improved by consid-
ering important points such as student-lecturer interaction (Wright 2015), access (Li and
Tsai 2017), or resources and can be used as a reference for a comparison between tradi-
tional and online classrooms (Yang et al. 2018).

However, online lectures are affected by various issues, such as lecturers’ inadequate
technology skills and the risk of being unable to resolve technology-related problems dur-
ing online classes, which can impact student access to learning materials (Roddy et al.
2017). In addition, online teaching requires good interaction and communication between
lecturers and students (Easton 2003) during e-mail, chat, live class questions, or feedback
(Roddy et al. 2017). Another challenge in conducting online lectures is the absence of
face-to-face interaction. This means that the feedback given by lecturers should be under-
stood by students immediately (Darabi et al. 2006), in contrast to the lower levels of educa-
tion (e.g., junior and senior high school), and online lectures must have a form of activity
which involves consultation between lecturers and individual students (e.g., thesis guid-
ance). Online teacher support should involve effective monitoring of student progress,
anticipation and resolution of key learning queries, and establishment and maintenance of
student—teacher relationships. Collectively, these types of skills shape the effectiveness of
online instructors and, in turn, the entire student experience (Roddy et al. 2017).

Considering that all of these aspects need to be verified and evaluated by students, the
aims of this study were to (1) develop instruments to assess students’ perceptions of the
online learning environment, (2) build these constructs, (3) validate these instruments via
factor analysis, (4) perform Rasch analysis to obtain detailed psychometric properties for
the OCLEI, and (5) test the interrelations of instruments that assess other variables related
to the construct.

Methods
Instrument development and data-analysis procedures

Developing an instrument for assessing students’ perceptions of the online learning envi-
ronment in Indonesia was carried out with reference to previous studies conducted by
Trinidad et al. (2005), but with several different statistical methods. The four development
stages are described below.

Phase 1: Observation in the online classroom

In the initial stage, observations were carried out for eight online lecture meetings. After
the observation process, information on the online learning environment was generated.
This approach, which is the hallmark of the field today (Tobin and Fraser 1998), was used
in previous studies (e.g. Chionh and Fraser 2009). The findings of the observation showed
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that the environment has actually been covered well by aspects of the WIHIC question-
naire. However, several elements needed to be added (e.g. Trinidad et al. 2005). Therefore,
a literature review was carried out to develop the instrument’s framework, while consider-
ing several aspects of WIHIC.

Phase 2: Framework and literature review

The theoretical framework is prepared with an approach that is in line with studies con-
ducted by Trinidad et al. (2005). The first aspects are focused on extrapolating observations
to show that access to learning is a common topic in lectures. In our study, access is built
on the concept of the smart classroom as measured by the name of the resource (Yang et al.
2018), which is an extension of the aspects of computer usage available in OLES (Trinidad
et al. 2005), as well as in the Technology-Rich Outcomes-Focused Learning Environment
Instrument (Aldridge et al. 2004). In addition, this aspect is closely related to elements of
accessible traditional classroom environments (Yang and Huang 2015).

The next aspect of interaction is taken from features of student communication and
collaboration (Trinidad et al. 2005) that also were developed as an independent construct
(Wright 2015). Based on findings from observations, three aspects of the WIHIC are in
line with the conditions of online learning in Indonesia: teacher support, equity, and inves-
tigation (Fraser et al. 1996). These three aspects work very well in the Indonesian con-
text (Margianti 2002; Rahayu et al. in press), but not all of them have been adapted in
the context of online learning. Moreover, equity and investigation are aspects of the Smart
Classroom Inventory (Li et al. 2015), teacher support and investigation are aspects of the
Classroom Environment Evaluation Scale (CEES; Yang and Huang 2015), and teacher sup-
port and equity have been adapted to the context of online learning (Trinidad et al. 2005).
Because this instrument was developed specifically in the context of higher education, the
term teacher support was changed to lecturer support.

Phase 3: Item writing and final version of instruments

In preparing for the focus-group discussion stage, item writing was carried out and the final
version was administered to respondents consisting of active students who had attended
online lectures. It was then tested for construct validity using factor analysis and the Rasch
model. The Online Classroom Learning Environment Inventory (OCLEI) assesses univer-
sity students’ evaluation of the online learning environment in Indonesia with 25 items that
measure five aspects (see Table 1). Each of the 25 items has a 4-point Likert response scale

Table 1 Framework for evaluating online learning environments

Dimension Description

Access Extent to which students can conveniently access learning materials on the internet and
sharing digital resources, etc

Interaction Extent to which students can communicate well with the lecturer in an online context

Lecturer support  Extent to which the lecturer helps, befriends, trusts and shows interest in students

Equity Extent to which students are treated equally by the lecturer
Investigation Emphasis on the skills and processes of inquiry and their use in problem solving and
investigation

@ Springer



Learning Environments Research (2022) 25:97-113 101

ranging from 1 to 4 for the possible responses of Strongly Disagree, Disagree, Agree, and
Strongly Agree. These categories are clearly ordered. All items consist of positive state-
ments so that the highest numerical value of the response scale reveals positive evalua-
tions of online learning environments for each subscale. The OCLEI was administered to
respondents using an online survey system.

Phase 4: Statistical analysis for validation

The OCLEI was then administered directly to the study sample of 669 Indonesian students
(454 females, 215 males). Their ages ranged from 18 to 31 years (mean age=21.11, SD
2.55); 596 respondents were undergraduate students (89.1%) and 73 were graduate stu-
dents (10.9%); 217 respondents came from metropolitan areas (32.4%) and 452 from rural
areas (67.6%). Data collection was carried out using an online survey system with 750
respondents, although only 692 are reported to have participated in this study (response
rate =92.2%). Further, 23 of 692 respondents were not included in the data analysis
because of listwise deletion for missing data. Participants also filled out informed consent
forms that made it clear that this research would be published while maintaining the confi-
dentiality of the respondents’ identity.

Item factor analysis

Confirmatory Factor Analysis (CFA) is a method commonly used to evaluate the factor
structure of the theory behind an instrument. Both the number of factors and factor load-
ings are assessed through CFA (Harrell-Williams and Wolfe 2013). The CFA model is
often used in the analysis of ordinal scale data (e.g., Likert), which assumes that data are
continuous. In contrast, if the data are considered categorical, Item Factor Analysis (IFA)
is used, which includes a threshold into the estimation process (Cai 2010a; Forero et al.
2009).

IFA can be used as an exploratory or confirmatory tool and has a long history of appli-
cation to the evaluation of instruments in education and psychology (Cai 2010a, 2010b).
When a study is carried out to evaluate the psychometric characteristics of an instrument
and the response options for each item are small (e.g., five or less), IFA should be applied
(Rhemtulla et al. 2012; Wirth and Edwards 2007). With IFA, we utilised several fit statistics
and indices, namely, root mean square error of approximation (RMSEA), comparative fit
index (CFI), Tucker—Lewis Index (TLI), standardised root mean square residual (SRMR),
and chi-square (y?). The following standards for good fit were used: RMSEA < 0.050, CFI
and TLI>0.950, SRMR <0.080, and nonsignificant y*> (Wang and Wang 2020). In this
study, the IFA was applied with the Mplus 8.4 program using the weighted least squares
means and variance adjusted estimation.

Multidimensional Rasch analysis

Based on results from IFA, the analysis was continued with multidimensional random coef-
ficients of multinomial logit models (Adams et al. 1997), also known as the multidimen-
sional Rasch model (Shih et al. 2013; Wang et al. 2006). This model is a generalisation of
the simple Rasch model (Rasch 1960) and polytomous Rasch models (e.g. Andrich 1978).
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If a test consists of several unidimensional tests (e.g. the five subscales of the OCLEI), it
can be calibrated using standard Rasch analysis procedures. The test can be either analysed
as a whole or, using the unidimensional Rasch model, it could be applied to each subscale
separately, one test at a time (e.g. Pichardo et al. 2018). However, the unidimensional Rasch
approach ignores the claims for the subscale structure of the test (Wang et al. 2004, 2006)
because there are no estimated correlations between traits. In using that approach, one can
only compute the correlation of person trait level between aspects.

To consider the correlations between latent traits, one needs a multidimensional model that
simultaneously calibrates all the tests and utilises the correlations to increase measurement
precision. In reality, because there are always non-zero correlations between latent traits, at
least in theory, the multidimensional approach is more appropriate than the unidimensional
one. In addition, the higher the correlations, the greater the measurement precision using the
multidimensional approach (Wang et al. 2004, 2006).

In this study, the multidimensional version of the rating scale model (Andrich 1978) was
chosen using the ACER Conquest 5.13 program with a marginal maximum likelihood esti-
mation method for item parameters and a Monte Carlo-based approach with 2000 nodes for
person parameter. The analysis was intended to obtain information about item fit, with Infit
and Outfit MNSQ, ranging from 0.6 to 1.4, indicating that the item was fit for the model with
Likert scales (Wright and Linacre 1994). Furthermore, the functioning of the 4-point Likert
scale was also investigated with an Outfit MNSQ < 2.0, indicating that the response category
was functioning well (Linacre 1999). Rasch analysis also yielded information about person
separation reliability for each aspect of OCLEI in the form of plausible values (PV) reliability
indices. This drew an estimate of how reliably items could be used to distinguish students’
underlying abilities (Fulmer et al. 2015), with values above 0.70 regarded as acceptable (Fauth
etal. 2019).

Validation measures
Online learning readiness

To measure online learning readiness, we used OLRS (Hung et al. 2010), which contains 18
items: Items 1-3 measure computer/internet self-efficacy, Items 4-8 measure self-directed
learning, Items 9—11 measure learner control (in an online context), Items 12—15 measure
motivation for learning (in an online context), and Items 16-18 measure online communica-
tion self-efficacy. The OLRS is answered on a 5-point Likert scale ranging from 1 (strongly
disagree) to 5 (strongly agree) for each dimension separately. In the present study, alpha reli-
abilities were 0.771 (computer/internet self-efficacy), 0.803 (self-directed learning), 0.734
(learner control), 0.730 (motivation for learning), and 0.715 (online communication self-
efficacy). With the criterion that alphas of 0.70 represent good internal consistency (Cortina
1993), all aspects of the OLRS have good internal consistencies.
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Results
Item factor analysis
Model fit

Initially, although we made a hypothetical model that with five aspects of the OCLEI ques-
tionnaire that are theorised to be correlated, we compared three models: 1-factor, 5-factor,
and 5-uncorrelated factor models (correlation between factors was determined to be 0).
The results of the comparison are presented in Table 2.

As seen in Table 2, the 5-factor model fits very well with RMSEA =0.032 <0.050,
SRMR =0.041<0.080, with CFI and TLI of, respectively, 0.975 and 0.972>0.950.
Although chi-square (y?) is significant, which means the model does not fit, it is reported
only as descriptive information because this statistic is influenced by sample size. With the
large sample size in this research, chi-square (y2) is significant (Wang and Wang 2020).
The data support the hypothetical model based on the five aspects that have been developed
since the item writing process.

Item parameter and reliabilities

Further information about the item parameters for each subscale is presented in Table 3.
All items had a significant factor loading with p <0.001. Factor loadings for all items are
within the range of 0.463 to 0.889 in a positive direction, which supports construct valid-
ity with all items being valid for measuring each dimension (Knekta et al. 2019). In addi-
tion, reliability is indicated by Cronbach’s a values of 0.744 (access), 0.723 (interaction),
0.718 (lecturer support), 0.758 (equity), and 0.723 (investigation). Using the criterion that
an alpha of 0.70 indicates good internal consistency, all aspects of OCLEI have satisfactory
internal consistency (Cortina 1993).

Multidimensional Rasch analysis
Item parameter, threshold, and separation reliabilities

Table 4 provides an overview of the psychometric characteristics of OCLEI, including item
fit statistics and location parameters for all items. All item fit statistics fall into an accept-
able range of Infit and Outfit MNSQ (0.6—1.4) (Wright and Linacre 1994). Therefore, all

Table 2 Goodness-of-fit indices for three hypothetical models

Fit index 1-factor model 5-factor model 5-uncorrelated factor model
72(df) 4047.752 (275)** 445.608 (265)** 1141.435 (275)%**

RMSEA (90% CI) 0.143(0.139,0.147) 0.032 (0.027,0.037) 0.069 (0.065,0.073)

CFI 0.480 0.975 0.881

TLI 0.433 0.972 0.870

SRMR 0.127 0.041 0.091

##p <0.01
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Table 3 Factor loadings from IFA and Cronbach’s alpha for five OCLEI factors

Item Factor loadings

Access Interaction Lecturer support Equity Investigation

Factor 1: Access

Ql 0.820

Q2 0.479

Q3 0.852

Q4 0.463

Q5 0.684

Factor 2: Interaction

Q6 0.667

Q7 0.732

Q8 0.768

Q9 0.482

Q10 0.531

Factor 3: Lecturer support

Ql1 0.737

Q12 0.565

Q13 0.593

Ql4 0.686

Q15 0.636

Factor 4: Equity

Ql6 0.831

Q17 0.565

Q18 0.622

Q19 0.835

Q20 0.585

Factor 5: Investigation

Q21 0.889
Q22 0.530
Q23 0.688
Q24 0.493
Q25 0.692
Alpha reliability 0.744 0.723 0.718 0.758 0.723

items fit the multidimensional Rasch rating scale model. The location of items is in the
range of —0.294 to 0.397 logits. Item 9, Saya berdiskusi secara daring dengan mahasiswa
lain untuk menyelesaikan tugas, with its location at —0.294 logits, is the easiest item for
obtaining a score of 4 (the easiest to endorse). In contrast, Item 17, Dosen tidak lupa meny-
ampaikan salam kepada seluruh mahasiswa yang mengikuti perkuliahan secara daring,
which is located at 0.397 logits, is the most difficult item for obtaining a score of 4 (the
most difficult to endorse).

The following information is focused on the item’s threshold (z), which rises from low
to high (t, = —0.641;1, = —0.446;t; = 1.087), as shown by the analysis. In addition,
MNSQ’s Infit and Outfit for all response categories are in the acceptable range, meaning
that the response categories of OCLEI are functioning well. In addition, person separation

@ Springer



105

Learning Environments Research (2022) 25:97-113

ueynferp Suek ueelueyrad 1de33ueusw

wre[ep emsiseyew yninfes eped eures Suek ueneyrod ueyIIOqUISW UISOP ‘Fulrep vIedds ueyernyrod wereq 98°0 L8°0 901°0- 910

&nbs i 40190
se3n) ueyIesa[oAuUW Welep ue)

-1[nsoY nueesudw eAes jees eped ueynsew ueyLoquiow jedep dejoy uesop ‘Surrep eiesss ueyernyred wereq Y11 111 020°0— S1O
uBYYnNQUIdW

Suek emsiseyewr 1Seq SuLrep eIeOds UBYWLINIP Ynjun ueyernyiod ueyeq-ueyeq UeIeMeUdwW N[e[as uaso SO'T LO°T 620°0 $10
yreq uesuap

se3n) ueyreso[oAudw jedep eynoy eAes eped ueilnd ueyLoquiow udsop ‘Jurrep e1edds ueyerniad wereq SI'T 911 SIT°0 €10
yn33uns-yn33uns ue3uap se3ny ueyreso[oAuow

jedep ymun emsiseyewr 1semeSuow deja) eAes uasop ‘Suriep vIedoss ueyeuesye[ip ueyernyad undoysojy 97’1 €Tl 921°0- 210
jreq ueSuop sesn)

ueyIes9[eAuaW ymun eAes 1seanowawt jedep dejd) ussop ‘Suns3ue] vreods eynwi dejeyroq yepn undnysoj 00'1 0’1 100°0 110

1ioddns 42.4m1227 1€ 101OD]

Surrep e1eods ueyeuesye[rp ueyernyrod undnysow yreq ue3uadp Jefe ueyeq ewrrouow jedep eAeg SI'T 481 1%0°0— 010

se3n) ueyIeso[eAUSW Ynjun ure[ emsiseyew ueSuap SuLIep BIROIS ISNYSIPIAq BARS €1 LT1 VLT 0— 60

U3sop Y10 Yreq ue3uap ueyiseyunwoyIp jedep Surrep ereods ueyernyiod oyew ueredweiusd S6°0 S6°0 001°0 80
se3n) ueyreso[oAuUdW wWeep

eAeS uBWR)-URWo) ueSuap Jnisod 1syerurraq deyo) ynjun eAes 1IJuerey3udw yepr) SULIEp BIBIS UBYRINNIO] €6°0 ¥6°0 190°0— LO

yreq ue3uop rweyedip yedep Surrep ereoos ueyermsped mrefow ussop ueyreduwresip Suek LI 96°0 160 1820 920

UONIDUIIUT T A0IOD]

Surrep vreoas tefe[oq 1snysip wepep jedepuad uep ueeluelred ueredweAusw ymun Lip eAeorod eseiow eAeg 96°0 ¥6°0 SLO0 [<e)
ure| emsIseyew ueSuap ([[p ‘XFqoMm

‘WO07Z ‘Testw) SuLIep ISUIIJUOY BIPAW IN[R[AW ISNYSIPIAQ SnIey YNy Sund3ued eserdw yepn eAes Y1 w1 690°0— 0O
uasop uesuap ([[p ‘X49oM

‘WO07Z ‘[esTW) SULIEP BIBOAS ISUAIOJUOY BIPAW IN[B[oU ISNYSIPIoQ snaey ey1oy Sun33ued eserow yepn eAeg 88°0 88°0 LIT0 O

Surrep wsts mepow veyernyied ueyeq Suejud) 1sewrtojur ueyndwnSusw ymun eseIqio) ye[o) eAeg 101 00’1 S91°0— 0

Jreq ue3uop Surrep eredoss ueyernyiod Suelunuad apmyfos reSeqroq ueyeun33uaw jedep eAeg 88°0 06°0 W00 10

SUILIDI] 0] SS2IIY [ 40JOD]

Surpiom wap OSNIN WInQ OSNIN WuT QINSEIN WL

SurpIOM WA puUR ‘SANI[IQRI[AI ‘SI[NSAI SISA[eue yosey ¢ a|qel

pringer

As



Learning Environments Research (2022) 25:97-113

106

Surrep wo)sts myeow eAuey undpysow eAuure] uewo) epedoy dosuoy nyens uerley [isey 13eqloq eAeg S6°0 96°0 181°0— sz0
dosuoy nyens wepe

-prodwewr ynjun 1susIefaI 1eSeqIaq IfeySuow ynun eAes BIUTWOW UASOP ‘SuLIep eIeods ueyerned wereq STl STl 9620 20
ueynye[ eAes Suek uey

-eefouad [1sey Lep ysjoredip Suek 1seurtojur ueyeun33uow ue3usp ueyernyiod sesn) ueyresofoAusu vAeg 801 80'1 €000 [5de)

Surrep ereods ueyernyiod eped uasop LIep IS)aI0Y [ISeY LIEp Ye[esew njens ueqemel Lreouow eAeg 80'1 SO'1 G500 720

Surrep e1eods sy[sIp [1sey 1ep ueeelueired qemeluowr Ynjun JnjeII| uerlfey uesnyeow eAeg €8°0 $8°0 LTT°0- 120

UONDSUSIAUT :G A0IOD]
Surrep eieosos ueyernad

werep emsiseqew ueel1oyod [Isey yninjos ymun Jnya[qo ereods sedn) uere[ruad ueyLIOqUIAW USOJ €0'1 10°T 850°0— 020

Jreq ueSuop JuLrep eIedss ueyeInIad ISNYSIP Weep ISNqLIUONI] Ynun uejedwasdy ueyeselowl eAeS 18°0 780 S0T°0— 610
Surrep e1eoos

ueyelnied welep eAuueyepaq-epaquiow edue) emsiseyews ynin[ds epedoy ISBAIIOW UBYLIOqUISW USO 90'1 80'1 8€1°0— 810
Sur

-Iep eI1edds ueyelrnyred nnyiSuow Suek emsiseyew ynin(as epedoy weres ueyredweAusw ednj yepn ussoq SO'T 00'1 L6€°0 L10

Surpiom woyy OSNIA 1IN0 OSNIA [ QINSeaN W

(ponunuoo)  s|qey

pringer

A s



Learning Environments Research (2022) 25:97-113 107

reliability, obtained in the form of PV reliability for each aspect, were 0.732 (access), 0.715
(interaction), 0.741 (lecturer support), 0.733 (equity), and 0.711 (investigation), all of
which meet acceptable criteria.

Wright map

Having previously presented information about the estimated results of item parameters,
the link between the levels of student perception aspects and the location of each item can
be compared simultaneously using the Wright map (Fig. 1).

To complete the information in Fig. 1, the average participant’s result for each aspect is
0.380 logits (access), 0.185 logits (interaction), 0.403 logits (lecturer support), 0.580 logits
(equity), and 0.466 logits (investigation). This shows that the mean of respondents’ trait
level was consistently higher than the mean of item difficulty (zero in each aspect). The
equity aspect has the highest mean of person trait level, while the interaction aspect has the
lowest mean. In addition, for all aspects, the persons are spread more than item measure
orders on the continuum (range from -0.247 to 0.397 logits). However, there are no items
aligned with the sample located on the top range of trait levels, indicating that the OCLEI
might need some more difficult items for assessing individuals with high trait level of each
aspects.

Correlation between subscales: IFA and multidimensional Rasch

The estimation results for the correlation between factors were obtained considering the
S-factor model fit for the data. Correlations between the five aspects of OCLEI are pre-
sented in Table 5. The IFA analysis showed that the correlation between OCLEI factors
is significant in a positive direction. The highest correlation was between lecturer support
and interaction (r=0.348, p<0.001) but, overall, the correlation was between 0.156 and
0.348, meaning that it tended to be low, although statistically significant. Therefore, the
5-uncorrelated factor model does not fit for the data, given that the factors tend to correlate
significantly with each other.

Based on information about factors correlations, in the lower triangle of Table 5, the
5-factor IFA model proved to be appropriate in describing the OCLEI measurement model.
This is because the range of correlations between factors is relatively low to moderate, thus
minimising the use of the IFA higher-order model, which is possible when the correlation
between factors is high. In the upper triangle of Table 5, the correlation between factors
can be seen from the results of the multidimensional Rasch analysis. The use of these two
methods results in a correlation solution between factors that are in line. These findings
confirm the theoretical framework used in developing the OCLEL

Correlation with other scales: Convergent validity

In this study, a convergent validity test of the OCLEI was conducted against an instrument
that measures OLRS. Table 6 contains correlations between aspects of the OCLEI and
those of another instrument that measures other related variables. This analysis supports
the convergent validity of the OCLEI instrument because all correlations were significant
and positive. This correlation pattern supports the theoretical foundation of online learning
environments and their aspects of readiness. The resulting correlation range was 0.227 to
0.429, which can be considered moderate.
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Dimension Terms in the Model Statements
1 2 3 4 5 +item
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X X X X
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Each 'X' represents 5 cases

Fig.1 Wright Maps of OCLEI (Dimension 1= Access; Dimension 2=Interaction; Dimension 3 =Lecturer
Support; Dimension 4 =Equity; Dimension 5 =Investigation)

Discussion and conclusion

Measurement instruments for online learning environments have been developed in the last
two decades since they were pioneered by Trinidad et al. (2005). However, online learning
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Table 5 Correlations among OCLEI scales

Scale Correlations

Access Interaction Lecturer support Equity Investigation
Access 1 0.183 0.210 0.224 0.252
Interaction 0.156* 1 0.380 0.305 0.263
Lecturer support 0.177%%* 0.348%** 1 0.369 0.264
Equity 0.188%* 0.265%* 0.325%%* 1 0.275
Investigation 0.169* 0.213%* 0.191%* 0.226%* 1

Note: *p<0.01 **p <0.001

Table 6 Correlations between OCLEI scores and OLRS

OLRS scale Correlations with OCLEI scales

Access Interaction Lecturer support Equity Investigation

Computer/internet self-efficacy 0.251 0.339 0.321 0.301 0.250
Self-directed learning 0.294 0.358 0.384 0385 0272
Learner control 0.325 0.379 0.402 0.403  0.306
Motivation for learning 0.332 0.390 0.408 0.392  0.299
Online communication self-efficacy ~ 0.320 0.383 0.429 0.382  0.303

All correlations were significant (p <0.01); OLRS Online Learning Readiness Scale (OLRS)

carried out during the COVID-19 pandemic in Indonesia is unique, especially in the imple-
mentation of online learning systems. Our research focused on the development of a short,
reliable, and valid measure of online learning environments based on students’ perspec-
tives. The data supported the scale’s latent structure and for convergent validity, including
empirical support for five dimensions of online learning environments (access, interaction,
lecturer support, equity, and investigation). Because of the low and moderate correlations
among the subscales, we advise researchers to consider using separate scores for each
subscale. Regarding the correlation with other measures, the 25-item OCLEI showed the
expected correlations with relevant measures of five aspects of OLRS, indicating good con-
vergent validity.

Considering that a previous study had revealed that students’ positive perceptions con-
tributed to their higher readiness for online learning (Wei and Chou 2020), we realised that
the OCLEI’s theoretical framework had a concept that was very close to the newly-devel-
oped OLPS used in that study. Positive correlations between our five aspects of OCLEI and
the five aspects of OLRS are in line with the findings of a previous study, which had also
found a positive relation between OLPS and OLRS (Wei and Chou 2020).

Data from the OCLEI were consistent with results from another survey about online
learning conducted in Indonesia in that access factors, including network or internet
connection, were two great challenges. Moreover, developing countries are facing many
challenges in the implementation of online learning: poor ICT network infrastructure,
lack of high-quality content, and lack of skills among those who interact with e-learning
systems (Harto 2020). This study, however, did not include internet network as part of
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the access factors, because it is outside the control of the online college education pro-
vider (e.g., university). In addition, findings about this internet access problem in online
learning during the COVID-19 pandemic have not been formally published in journals
or other scientific publications.

Instead of classical test methods, more-advanced techniques were applied to analyse
and describe the OCLEI’s psychometric properties. One of these techniques was IFA
to evaluate the latent structure and provide evidence for the proposed 5-factor theory
of online classroom learning environments. These results suggest that the OCLEI is a
valid assessment tool for researchers interested in exploring the effects of online learn-
ing environments within a latent variable modelling framework. These findings also
support the multidimensional model of both online learning environment theory (e.g.
Trinidad et al. 2005) and traditional classroom learning environment (e.g. Fraser et al.
1996) from previous studies.

Previous studies revealed that the combined Rasch—CFA approach provided better
insight into scale performance problems than either method alone (Kelly et al. 2007). In
our results, the multidimensional Rasch analysis also yielded several encouraging find-
ings for the scale. First, even though the item measure was in the narrow range, item fit
was good. Second, difficulty thresholds were ordered and provided fit to the multidi-
mensional Rasch rating scale model. Thirdly, regarding the correlation between factors,
all significant positive correlations in line with findings from the IFA.

The highest correlation between factors was between ‘lecturer support’ and ‘interac-
tion’, indicating that the interaction between lecturers and students in online lectures is
related to positive student support. Previous studies found that lecturer—student com-
munication is the most-important factor in online lectures. In these interactions, lectur-
ers actively involve students in class discussions, provide advice and input, and share
experiences. This interaction process seems to have been understood by our respondents
as lecturer support for students (Marks et al. 2015). In addition, we found that the equity
aspect has the highest average person measure which suggests that, although lectures
are conducted online, students feel that lecturers can still treat all their students equally.

An important implication from our findings with OCLEI is that the five-aspect meas-
ures show a fairly high mean based on Rasch person measures (trait level). This means
that the ‘forced’ implementation of online learning during the COVID-19 pandemic
caused students to feel that the move from traditional to online classrooms was not a
problem, given that the mean of the five aspects was greater than the mean of the Rasch
item measure. Based on our findings, we recommend that online teaching continue even
after the pandemic.

However, this research has several limitations. While other studies that focus on
developing online learning environment instruments also considered teachers (Trinidad
et al. 2005), only students were sampled in this study. In fact, just as students must sud-
denly adapt to online lectures, professors also undergo the same experience. Including
teachers or professors as participants in future studies is likely to produce more-com-
plete information about the implementation of online learning in Indonesia. Another
limitation relates to our findings of significant differences in certain aspects between
traditional and online classrooms. These aspects (such as access) were investigated by
previous studies (Yang et al. 2018), but they were not addressed in this research. Future
researchers should investigate this further.
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