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Abstract
Survey-based formats of assessing teaching quality in higher education are widely used
and will likely continue to be used by higher education institutions around the world as
various global trends contributing to their widespread use further evolve. Although the
use of mobile devices for course evaluation continues to grow, there remain some
unresolved aspects of the classic paper and web-based modes of evaluation. In the
current study, the multigroup confirmatory factor analysis approach (MGCFA), an
accepted methodological approach in general mixed-method survey research, was
chosen to address some of the methodological issues when comparing these two
evaluation modes. By randomly assigning one of the two modes to 33 continuing
training courses at a Swiss higher education institution, this study tested whether the
two different modes of assessing teaching quality yield the same results. The practical
implications for course evaluation practice in institutions of higher education as well as
the implications and limitations of the chosen methodological approach are discussed.
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1 Introduction
Originally, assessment of teaching quality was primarily used for formative purposes.
However, during the 1970s in the USA, its use started to expand to human resources
decisions concerning faculty personnel. Then, at the beginning of the new millennium,
in the course of increased international cooperation and competition, a process of
legalising quality for higher education institutions started, which created a need for
practices of accountability (Borch et al. 2020; Donzallaz 2010; Skedsmo 2020;
Spooren et al. 2017).
Despite the well-known critiques of the use of survey-based formats to assess
teaching quality in higher education, higher education institutions all over the world
continue to use them (Spooren et al. 2017). This trend is fuelled by the abovementioned
changes in the intentions of the use of such information over the last half century as
well as the relative ease of implementing and standardising the procedure and
collecting, processing, and communicating large amounts of data. To date the often
simultaneous use of the method for different purposes has been critically discussed by
practitioners and researchers alike, and various alternative or supplementary approaches
have been tested, suggested, and implemented to address different stakeholders’ need
for different information (e.g. Borch et al. 2020; Skedsmo 2020; Spooren et al. 2017).
However, as the institutional accreditation of higher education institutions will continue
to be a vital requirement and, as mentioned above, this survey method produces
comparable results with relative ease, higher education institutions will likely continue
to rely on this method. Therefore, it will remain important to ensure that this method
produces valid and reliable data.
This is all the more important since online evaluations of teaching in higher education
have become increasingly common since the beginning of the new millennium (Crews
and Curtis 2011; Morrison 2011; Venette et al. 2010; Treischl and Wolbring 2017). The
method’s practicality, feasibility, flexibility, time- and cost-effectiveness when dealing
with large samples and a large amount of data, and its potential to provide real-time
feedback make it an attractive option that is increasingly replacing paper-and-pencil
course evaluations (Barkhi and Williams 2010; Dommeyer et al. 2004; Hessius and
Johansson 2015; Layne et al. 1999; Nulty 2008; Risquez et al. 2015). As nowadays
mobile devices, such as smartphones or tablet computers, are more and more
widely used on campuses all over the world, a new line of discussion moves toward
the practicability and feasibility of ‘mobile’ course evaluations (Champagne 2013;
Hessius and Johansson 2015). This raises the question whether we must consider
research on issues related to the data quality of paper-and-pencil and online course
evaluations—that is, web surveys completed on a desktop or laptop computer—to be
part of a ‘historical’ (Champagne 2013, p. 644) debate that is no longer relevant.

2 Current data quality issues in comparative research on the effects
of the online and offline survey mode
As the use of mobile devices grows, a new data-gathering survey mode (survey
method) for course evaluation is emerging. However, there are still some aspects of
the differences between the two classic modes of course evaluation (i.e. paper-and-
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pencil and online) that must be discussed, as recent studies addressing this issue face
some essential methodological problems (Capa-Aydin 2016; Mitchell and Morales
2017; Morrison 2013; Risquez et al. 2015). Because of the methodological and
theoretical shortcomings of the ‘old’ online/offline mode difference studies and the
lasting controversial discussion concerning the usefulness of course evaluation, especially student evaluation of teaching (SET) (e.g. Rienties 2014), the data quality of
classic online course evaluation is still a topic of interest. Therefore, the paper-andpencil vs. online debate should continue.
Manifold quality indices have been studied in previous online/offline mode research,
including indices of missing data, such as item nonresponse, reliability, biases in reply
patterns or the number of words written, and the richness of information provided in
answers to open-text questions (e.g. Deutskens et al. 2006; Hardré et al. 2012). A large
body of research focuses on comparing response rates and overall or item means (for an
overview, see Capa-Aydin 2016; Mitchell and Morales 2017; Morrison 2013). While
small and inconsistent (or no) mode differences have been observed for most of the
compared indices (Deutskens et al. 2006), consistently lower response rates for online
course evaluations than for paper course evaluations have been reported (e.g. Klieger
et al. 2014; Shih and Fan 2008). It is also widely agreed that online course evaluations
provide more and richer information for open-text questions (Deutskens et al. 2006;
Kays et al. 2012; De Leeuw and Hox 2011). Usually, no difference or lower item
means have been found for online evaluations, although some studies have found
slightly higher mean ratings for this mode (for overviews, see Capa-Aydin 2016;
Mitchell and Morales 2017; Morrison 2013).
Given these inconclusive findings (see, e.g. Klieger et al. 2014) and the fact that inclass paper-and-pencil surveys are most often compared to out-of-class online surveys
(Capa-Aydin 2016), one line of research is looking for confounding psychological
factors of the completion situation affecting data quality to explain some of the
findings.
These factors include, for example, (pseudo)voluntariness, perceived anonymity,
social desirability, and cognitive load (Dittmann-Domenichini and Halbherr 2015;
Hardré et al. 2010; Hardré et al. 2012; Kordts-Freudinger and Geithner 2013).
While this line of research certainly has the potential to provide in-depth knowledge
on how mode effects are mediated by psychological factors, many of the studies,
including some of the most recent ones, still suffer from important methodological
limitations.
As this research is often conducted by in-house evaluation units that use the window
of opportunity when faculties or universities decide to switch the mode of course
evaluation, it is unsurprising that the study designs, range of study populations, and
instruments vary considerably (Mitchell and Morales 2017; Spooren et al. 2013).
Despite this heterogeneity, several critical issues previously raised by researchers,
which considerably influence the validity of the study results, could be avoided by
including some methodological considerations (e.g. Capa-Aydin 2016; Klieger et al.
2014; Morrison 2013; Spooren et al. 2013; Stowell et al. 2012). One of the main
methodological problems that has been raised is the lack of control for possible
confounding factors by randomisation, matching or statistical methods. This is problematic for several reasons. First, the response rates for online evaluations are substantially lower, and it is well known that mode preferences are highly biased (e.g. Avery
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et al. 2006). Second, research has shown that course evaluation ratings are influenced
by a broad variety of student, teacher, and course characteristics (for an overview, see
Spooren et al. 2013). Thus, these data are of a nested nature, at least on the course level
(Risquez et al. 2015; Morrison 2013). It is therefore difficult to draw generalisable
conclusions about mode effects from such studies.
Morrison (2013) considered 24 ‘key studies’, of which only 5 explicitly reported
randomisation at the student level. In her overview of 15 studies, Capa-Aydin (2016)
pointed out that only 9 of 12 studies with an experimental design reported to have
conducted randomisation. She also found that only a few studies validated their
instrument before using it for comparison, and some used statistical tests inadequately
by conducting multiple comparisons at the item level without correcting for an increase
in type I error. Thus, mode differences may have been over-interpreted by previous
studies.
As Spooren et al. (2013) summarised in their discussion of the state-of-the-art
knowledge about SET, the dimensionality debate remains unresolved. Although it is
widely accepted that SET instruments should be multidimensional to capture multiple
aspects of the quality of teaching, a strong position still tends to favour a single overall
score. These unresolved issues are rooted in the multiple functions that SET instruments often have to serve (see also Spooren et al. 2013). This seems to have an effect
on SET mode research, as most studies focus mainly on comparing single-item or
overall means instead of the comparability of the instrument as a whole. The whole
picture of possible mode effects cannot be captured if only mean differences are
considered, as these are only an indicator of a shift in the response distribution.
Moreover, they are often not effective for distinguishing between systematic and
random measurement errors. Only comparison of the factor structure and relationships
between the dimensions can reveal whether the whole construct of teaching quality and
its various dimensions are measured in the same way by the two modes. A difference in
the factor structure would imply that mode differences, such as differences in visual
presentation, data input by clicking as opposed to writing, or the presence or absence of
the lecturer, would influence the respondents’ evaluative process (Hox et al. 2015). To
our knowledge, only a few studies have compared the factor structure of their SET
instruments between modes (i.e. Capa-Aydin 2016; Morrison 2013; Layne et al. 1999;
Leung and Kember 2005). In addition, most have used explorative approaches. However, an explorative approach is more suitable during the instrument development
process, when the factor structure of an instrument is not yet known. Furthermore,
with this approach, the comparability of two different factor structures can only be
assessed in a descriptive way, as no straightforward statistical procedure exists. In
contrast, with confirmatory factor analysis (CFA), a factor structure testing procedure
exists, which allows one to statistically test the fit of a theoretically assumed factor
structure and assess the relationships between the items and factors as well. Furthermore, it offers the possibility to statistically test the equality of a theoretically assumed
factor structure across two or more subgroups simultaneously (see Romppel 2014; Sass
and Schmitt 2013).
In the broader scientific field of survey methodology research, which has extensively
examined systematic control of measurement errors, mode effects are also a topic of
interest (e.g. Biemer et al. 2017). Especially in research on mixed-mode survey designs,
which use paper-and-pencil and online questionnaires—among other modes—
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simultaneously or consecutively in the same study, multigroup CFA has proven to be
feasible and valuable for testing the comparability of data obtained with different
modes (De Leeuw and Hox 2011; Gregorich 2006; Hox et al. 2015; Klausch et al.
2013; Schmitt and Kuljanin 2008; Vandenberg and Lance 2000). In this paper, by
using the multigroup CFA strategy, we would like to address some of the methodological issues identified in previous research on SET mode differences.

3 Testing the invariance of a questionnaire with a multigroup
confirmatory factor analysis framework
Structural equation modelling (SEM) is a statistical methodology for modelling the
latent structure of an underlying set of observed variables. SEM can statistically test the
model fit of the data for all assumed relationships simultaneously. Although multigroup
invariance testing based on confirmatory factor analysis (MGCFA) is mainly used to
assess the invariance of an instrument between gender, racial, cultural, linguistic, or
other sociodemographic diverse subgroups, several studies have used this method to
assess the invariance between different modes of survey administration (Schmitt and
Kuljanin 2008). Since this MGCFA testing procedure is not broadly known in the SET
literature, the different forms of measurement invariance and their meaning are briefly
described here in nontechnical language. Furthermore, since there are several publications on this method, which differ slightly in their recommendations regarding the
consecutive steps and the terms for the different invariance concepts (e.g. Hox et al.
2015; Sass and Schmitt 2013; Steenkamp and Baumgartner 1998; van de Schoot et al.
2012), we decided to follow the in detail outlined test strategy proposed by Byrne
(2012). We also referred to other sources, mostly Steinmetz et al. (2009) and Gregorich
(2006).
According to Steinmetz et al. (2009), the following four questions can be addressed
with MGCFA: (1) Are the measurement parameters (factor loadings, measurement
errors, etc.) the same across groups? (2) Are there pronounced response biases in a
particular group? (3) Can one unambiguously interpret observed mean differences as
latent mean differences? (4) Is the same construct measured in all groups? The testing
procedure proposes steps that build upon one another, forming a nested hierarchy of
progressively more restricted invariance hypotheses by constraining more and more
measurement parameters equal in order to allow different conclusions about the
acceptable level of comparability.
After testing the fit of the baseline model (i.e. the postulated structure of the
measurement instrument under study) for each group separately, the first step of
MGCFA is testing for dimensional and configural invariance for both groups in a
combined multigroup model without imposing any equality constraints (Gregorich
2006). When confirmed, these two invariance levels only imply that the instrument
has the same number of factors and that each factor is associated with an identical item
set across groups (Gregorich 2006).
To establish metric invariance, the factor loadings must be equal across groups. This
level of invariance indicates that the respondents attribute the same meaning to the
factors of a construct across groups (van de Schoot et al. 2012). If the metric invariance
hypothesis is not supported by the data, two possible interpretations should be
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considered. Either one or more factors—or a subset of items—may have a different
meaning across groups, or a subset of factor loading estimates for one group may be
biased by a response style. That is, respondents either tend to use systematically
extreme response options, such as ‘never’ or ‘always’, or systematically avoid extreme
response options. Both response styles affect response variation (Gregorich 2006).
Another threat to measurement invariance is the differential additive response bias or
differential acquiescence response style (Gregorich 2006). Forces unrelated to the
factors, such as different cultural or gender norms in the groups, or, in this case, maybe
forces related to administration mode differences could cause items to be systematically
higher or lower valued. To rule out such a bias and thus establish scalar invariance
(Steenkamp and Baumgartner 1998; Steinmetz et al. 2009; van de Schoot et al. 2012),
the item intercepts must be equal across the groups. In contrast to the response styles
mentioned above, this bias does not affect response variation; instead, it relates to the
value of the observed means. When not equally present in all compared groups, this
bias contaminates the estimates of group mean differences, thereby threatening the
assumption that differences in the means of the observed items are related to differences
in the means of the underlying construct(s) (Steenkamp and Baumgartner 1998).
Therefore, only if scalar invariance is established a comparison of the groups latent
means is meaningful (van de Schoot et al. 2012).
To further assess whether the factorial structure is invariant across groups, the factor
variances, covariances, and error variances must be equal (Byrne 2012). Thereby, the
invariance of factor variances is a prerequisite for interpreting equal factor covariances
as correlations and equal error variances as equal reliabilities (Steinmetz et al. 2009).
However, as Bialosiewicz (2013, p. 9) notes, ‘…strict invariance [which the author
defines as having two sublevels: (1) invariance of factor variances and (2) invariance of
error variances] represents a highly constrained model and is rarely achieved in
practice’. This is why achieving this level of invariance across groups is seen as an
unrealistic standard by most experts in the field. Furthermore, for comparison of group
means, it is of limited practical value (Gregorich 2006).
3.1 Research questions and hypothesis
The overall aim of this study was to test whether it is defensible to replace an already
used paper-and-pencil course evaluation questionnaire with a corresponding online
course evaluation questionnaire. More specifically, we were interested in the question
of whether the two administration modes produce differences in the survey data. In
other words, are course evaluation results collected with a paper-and-pencil questionnaire comparable to the results collected with an online questionnaire? This was tested
with a MGCFA following the methodological procedure described above. The following research questions were posed:
&
&
&

Does the factor structure for both modes match the proposed theoretical model of
the course evaluation questionnaire? (dimensional and configural invariance)
Are the factors measured with the same accuracy across modes? (metric and scalar
invariance)
Are the relationships between the latent factors the same across modes? (invariance
of factor variances and factor covariances)
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Are the factor means for the two administration mode groups the same? (invariance
of latent means)

Based on the non-existent or limited and inconsistent findings of comparisons of item
means in SET research so far (see discussion on p. 4), we assume that the administration
mode of our course evaluation questionnaire does not affect the resulting course evaluation. We therefore expect no differences in the various invariance parameters (measurement errors, factor loadings, intercepts, factor variances, factor covariance, and latent
means) when comparing the course evaluation results collected with a paper-and-pencil
questionnaire to the results collected with a corresponding online questionnaire.

4 Methodology
4.1 Design and procedure
In the pilot phase, which led to the development of a programme for evaluating
continuing training courses for vocational and professional education training (VET/
PET) trainers and other VET/PET professionals at a Swiss institution of higher
education, the institution’s evaluation unit implemented a design to address questions
of measurement invariance across modes. As randomisation on the individual level was
not feasible in this setting, randomisation was conducted on the course level. In the data
analysis, this issue was addressed statistically. During a given semester, 33 continuing
training courses (mostly one-day refresher courses, offered by a different lecturers
covering different topics in the field of vocational training) were assigned either to a
web survey group (nonline = 17) or a paper survey group (noffline = 16). Identical wording
and response options for all items in both modes were used to ensure that the layout and
visual presentation of the online questionnaire was as close as possible to that used for
the paper-and-pencil questionnaire.
For the paper survey group, the administration procedure was the same as the
procedure that was routinely implemented previously. The participants completed the
paper-and-pencil questionnaire in class at the end of the course. Participants in courses
allocated to the web survey group received an email message at the end of the course (8
p.m. on the same day after the course finished) asking them to participate in the
evaluation. The invitation email included a personalised link to the online version of the
questionnaire. The web survey participants received a second email message 10 days later
to remind them to complete the questionnaire if they had not already done so.
To answer the research questions, a CFA was conducted for multiple groups with
Mplus7 (Muthén and Muthén 2012). A forward approach with sequentially increasing
model constraints, as described by Byrne (2012), was applied. Given that the data were
non-normally distributed (Mardia’s skewness coefficient = 74.5, p < 0.01), maximum
likelihood parameter estimates with standard errors (MLR) were used. By adding the
‘CLUSTER’ command, non-independence was controlled for data at the course level.
In addition to testing the models’ overall fit, the relative fit of the nested models was
tested by calculating the Santorra–Bentler scaled χ2-difference test. When the test
results in a significant difference value, it indicates that adding more equality
constraints worsens the model fit (Satorra and Bentler 2010). In addition to χ2, the
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comparative fit index (CFI), root mean square error of approximation (RMSEA), and
standardised root mean square residual (SRMR) are reported. Decisions about whether
the model fit indices were good, acceptable, or not acceptable were based on recommendations made by Bialosiewicz et al. (2013).
4.2 Instrument
The study was carried out for short training courses. To meet the needs of the course
lecturers and administrative staff, representatives of these groups were involved in the
iterative development of a generic, short questionnaire form. Schnoz-Schmied’s (2017)
extensive questionnaire, which is empirically well tested and based on an adaptation of
Rindermann’s (2009) multifactorial model of teaching quality and was used to evaluate the
institution’s longer training programmes, served as an item pool. The questionnaire
construction process resulted in a three-factor structure with 17 items covering the three
following aspects:
&
&
&

Course content, for which there were nine items related to how adequate, informative, helpful, understandable, and goal-oriented the intervention is perceived to be;
Course lecturers, for which there were five items related to issues like the perception of lecturers’ competencies in linking theory with practice and creating a
stimulating learning climate; and
Course administration, for which there were three items covering satisfaction with
the course infrastructure and course administration.

Participants were asked to rate the different aspects on a 6-point Likert-type scale
ranging from 1 (absolutely disagree) to 6 (absolutely agree). In addition, the
following sociodemographic information was included: gender, age, education,
and number of years of experience in the professional education field. At the
course level, as the courses differed in terms of the topic and lecturer, only
course length was included as a control. Table 1 presents Cronbach’s α for each
scale for both groups separately. The scales were at least acceptable, and mostly
excellent, according to Darren and Mallery’s (2002) recommendation for
interpreting Cronbach’s α values.
4.3 Sample
The participants, who attended continuing training courses at an institution of higher
education in the German-speaking part of Switzerland, were in their 40s and mainly
Table 1 Cronbach’s α for the three scales of the course evaluation questionnaire
Scale

Online

Offline

Course content (9 items)

.90

.89

Course lecturers (5 items)

.90

.86

Course administration (3 items)

.67

.58
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male. Generally, they had worked in the field of VET/PET education for more than
10 years, mostly as teachers at VET schools. The participants completed the evaluation
questionnaire as a routine procedure for all the training courses provided by the
institution.
Data were gathered from 463 participants, of whom 232 completed the online
questionnaire and 231 completed the paper-and-pencil questionnaire. Comparison
of the response rates of the two groups shows that the average response rate for the
online group (84%) was 9% lower than for the offline group (93%). This finding
corresponds with most of the former research evidence (see overview on p. 4). Based
on the conducted power analysis, we conclude that the sample size of our study is
acceptable, although it is important to note that very small effects may not be
detected.
A summary of the online and offline samples is given in Table 2. Pearson’s
chi-square tests, Spearman’s rho correlation, and independent-sample t tests were
used to check whether the two groups were comparable in terms of different
sociodemographic variables. An alpha level of .05 for all statistical tests was
used. No significant differences were found regarding gender distribution,
highest levels of education, mean age, or mean professional experience in years
across the two groups. The only significant difference was the overrepresentation
of participants who attended courses lasting more than one day in the online
sample.

5 Results
5.1 Establishing the baseline models
The questionnaire was developed to assess the quality of course content, course
lecturer, and course administration as perceived by the course participants. As a
first step, the CFA tested this three-factor structure for both models separately.
Since the fit indices for both groups were just acceptable (online: χ2[116] =
254.877, p < 0.001, CFI = 0.92, RMSEA = 0.06, SRMR = 0.07; offline: χ2[116] =
238.63, p < 0.001, CFI = 0.93, RMSEA = 0.07, SRMR = 0.07), in order to identify
possible causes of misfit, the Mplus modification indices were evaluated for each
model separately.
The results for the online baseline model suggested that allowing a residual
covariance between item 2 and item 8 would improve the model fit. As the model
fit did improve significantly (Δχ2 = 31.701, Δdf = 1, p < 0.01), and the items relate
to the evaluation of one’s personal achievements and one’s personal learning
success, respectively, allowing this residual covariance seemed defensible.
Although the model fit was still not higher than ‘acceptable’ (see Fig. 1), no
further model adaptations were performed since no single large source of misfit
could be identified and because of the model’s parsimony and comparability.
The results for the offline baseline model suggested that residual covariances
should be allowed between items 1 and 4 as well as between items 7 and 9 to improve
the model fit. It seems that, for the offline group too, some items’ content was
associated with similar constructs. As the model fit did improve significantly (Δχ2 =

rho correlation

samples t test

(3) Independent

chi-square test

(2) Spearman’s

(1) Pearson’s

Job-related experience in VET/PET in years

Age in years (mean)(3)

Top educational level (no. of participants)(2):

(mean)(3)

37
81
95
2
7

Teaching diploma
Professional college, etc.
Uni. (of applied sciences)
PhD
Other
14.5

46.5

7

Vocational education

103 (8)
1

More than 1 day
Academic baccalaureate

129 (9)

1 day

71
160

Women
Men

Gender(1):

Course duration (no. of participants and (no. of courses))(1):

232
17

No. of courses

N

No. of participants in the evaluation

Table 2 Description of the online and offline samples

1.6

0.5

22.0

18.8

8.6

1.6

0.2

22.2

27.9

34.6

15.4

51.5

50.1

%

Online

15.0

46.9

3

0

82

80

25

10

2

54 (6)

177 (10)

172

59

16

231

N

Offline

0.7

0.0

19.0

18.5

5.8

2.3

0.5

11.7

38.2

27.0

12.8

48.5

49.9

%

14.7

46.7

10

2

177

161

62

17

3

157

306

332

130

33

463

N

0.2

0.5

41.0

37.3

14.4

3.9

0.7

33.9

66.1

71.9

28.1

100.0

100.0

%

Total

0.635
449

− 0.513

0.608

0.523
450

< 0.001

0.214

Sig.

− 0.031

1

1

df

− 0.475

22.820

1.541

Value
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Item 1

F1
Cont.

.66(.73)
.61(.62)
.72(.78)
.75(.82)
.67(.69)
.39(.38)
.75(.73)
.81(.86)
.75(.78)

.82
(.79)

.46
(.18(n.s.))

F2
Lect.

.78 (.81)
.88(.85)
.65(.77)
.73(.76)
.69(.56)

.37
(.23)

F3
Admin.

.44(.49)
.87(.70)
.50 (.64)

.57 (.47)

Item 2

.62(.62)

Item 3

.48(.39)

Item 4

491

.44
.43(.33)

Item 5

.57(.53)

Item 6

.85(.86)

Item 7

.44(.46)

Item 8

.34(.27) .39

Item 9

.44(.40)

Item 10

.39(.34)

Item 11

.22(.28)

Item 12

. .57(.41)

Item 13

.47(.42)

Item 14

.53(.69)

Item 15

.80(.77)

Item 16

.25 (n.s)(.50)

Item 17

.75(.59)

(.40)

SBMLRχ2

df

p

RMSEA CFI SRMR

oﬄine 191.542 114

0.00 0.055 0.952 0.065

online* 229.987 115

0.00 0.066 0.933 0.064

"Note. Cont. = course content; Lect. = course lecturers; Admin.= course administraon"
*=Esmates in brackets are the esmates for the online group

Fig. 1 The two baseline models

24.89, Δdf = 1, p < 0.01), these residual covariances were allowed (see Fig. 1).
Although no fully identical baseline models for the two groups were identified,
according to Byrne (2012), multigroup invariance testing with partially invariant
baseline models is a defensible and established strategy.
5.2 Testing dimensional and configural invariance
Dimensional and configural invariance was tested with the configural model. That is, both
baseline models were tested in a combined model without adding any equality constraints.
The fit indices for the configural model (model 1 in Table 3) were ‘acceptable’, indicating
that the same number of factors and the same item sets for each factor could be assumed
across the two modes. In other words, for both the online and offline samples, the three
initially conceptualised scales of the course evaluation questionnaire seem to work, and all
the items seem to be significantly related to their originally assigned scales.
5.3 Testing metric and scalar invariance
The next step was to test for equal factor loadings across groups. This again resulted in
acceptable model fit (model 2 in Table 3). As the model fit did not significantly change
according to the Santorra–Bentler scaled χ2-difference test, the assumption of equivalent
loadings across the two modes holds. To test the invariance of the intercepts, these
parameters were additionally constrained equal in both groups (model 3 in Table 3). As
the model fit was again acceptable and Δχ2 was not significant, it can be assumed that the
intercepts too are invariant across modes. These results imply that measurement of the
three factors seems to work similarly across modes and that no systematic measurement

Model description

0.06
0.06
0.06

0.06

0.06

0.06

453.761 243 0.94
474.549 260 0.94

481.188 266 0.94

483.869 263 0.94

541.573 291 0.93

0.13

0.14

0.16

0.10
0.11

0.07

4 vs. 3

2 vs. 1
3 vs. 2

(2)

(1)

8.229

6

20.930 14
24.840 17

n.s.

n.s.
n.s.

CFI
RMSEA SRMR
Model
Δχ2(*) Δdf p
(~ > 0.95) (~ < 0.06) (~ < 0.08) comparison

434.454 229 0.94

df
SBMLRχ2

off: F1 ON course length = 0.075 (n.s); F2 ON course length = 0.144 (n.s); F3 ON course length = − 0.017 (n.s)

on: F1 ON course length = 0.172 (n.s); F2 ON course length = 0.117 (n.s); F3 ON course length = − 0.069 (n.s)

(2) Effects of course length on latent means:

(1) Latent means for the online group: F1 = − 0.239 (n.s.); F2 = − 0.289 (n.s); F3 = 0.113 (n.s.)

( *) The Satorra-Bentler scaled chi-square difference test was calculated as described on https://stats.idre.ucla.edu/mplus/faq/how-can-i-compute-a-chi-square-test-for-nested-modelswith-the-mlr-or-mlm-estimators/

Configural model
M1: configural inv. No constraints
Measurement parameters
M2: metric inv.
Factor loadings invariant
M3: scalar inv.
Factor loadings invariant;
intercepts invariant
Structural parameters
M4: structural inv. Factor loadings invariant; intercepts invariant; factor variances
and factor covariances invariant
Testing for latent mean differences
M5:
Factor loadings invariant; intercepts invariant; factor
variances and factor covariances invariant; factor means
are fixed to 0 for the offline group
Testing for effects of course length
M6:
Factor loadings invariant; factor variances and factor
covariances invariant; factor means are fixed to 0 for the offline group

Model

Table 3 Results of the MGCFA-models tested
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biases are induced by the mode of survey administration, which affect the interpretation of
the latent factor means.
5.4 Testing the factor variances and covariances invariance
To test for structural invariance, the factor variances and covariances were constrained
equal. As the model fit was again fairly acceptable and model comparison indicated no
significant worsening of model fit (model 4 in Table 3), structural invariance was
assumed across the modes. In addition, this result suggests that each of the three latent
factors explains the same amount of variance in both modes and that the strength of the
relationships between the three factors is the same for the online and offline sample.
5.5 Testing for latent mean differences
As a last step, we wanted to know whether the latent factor means differed across the
two groups. Since latent factor means are not directly observable, no direct estimate can
be made. The standard procedure proposed by Byrne (2012) is to use one group as a
reference against which the other group is tested. Therefore, the latent means for the
offline group were fixed at 0 and the factor variances were fixed at 1, whereas the
parameters for the online group were freely estimated. Again, the model fit was fairly
acceptable (model 5 in Table 3). As we found metric and scalar invariance, we
conclude that the latent means can be interpreted unambiguously. Therefore, as the
latent means in our study do not differ, we conclude that the two groups do not differ in
their course evaluations for the three constructs measured.
5.6 Testing for the effects of course length
To ensure that the assumption of factor mean invariance was defensible and not
influenced by course length, which was the only control variable that differed significantly for the two samples, course length was added to the model. This additional
estimation (model 6 in Table 3) resulted in acceptable model fit, and the loadings of
course length on all latent factors were not significant for both modes. This indicates
that course length did not influence course evaluations in either the online or offline
sample.

6 Interpretation and discussion of the results
The stepwise MGCFA analysis implies invariance across modes when measuring the
quality of teaching with the instrument in use, although based on two baseline models
that are not completely identical. This indicates that the data collected with paper-andpencil questionnaires are of equal quality to the data collected by online questionnaires,
and therefore, the latent means and correlations between the factors are comparable for
both modes.
It seems defensible to assume that the originally conceptualised three-factor structure
for the course evaluation questionnaire works for both modes almost equivalently and
the items in the online and offline sample load on the same factors. This means that the
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latent factors cover the same breadth of content in both modes, and therefore, the
assumption of dimensional and configural invariance holds. It also seems defensible to
assume that no systematic measurement errors resulting from a difference in response
style or interpretation of the meaning of one or several items were induced by using an
online questionnaire. Therefore, the metric and scalar invariance assumption holds as
well. Furthermore, the factors seem to have the same meaning and are equally related to
each other across modes, leading us to assume factorial and covariance invariance. As
no difference was found for the latent means, we conclude that the two groups do not
differ in their evaluations of the three constructs, despite the 9% lower response rate
found for the online group. Considering that mode assignment was random at the
course level and that the two groups do not differ for various sociodemographic
variables, it can be assumed that our findings are not influenced by a selection bias
introduced with the new mode.
By analysing online/offline data with a comprehensive method like MGCFA, using
randomisation at the course level and employing statistical accounting for the data’s
non-independency at this level, some of the main methodological critiques of mode
research on course evaluation were addressed in this study. We provided further
evidence that course evaluation data collected with online questionnaires have no
different implications for the interpretation of the measured items or the constructs. It
seems that no mode-inherent effects (Hox et al. 2015) are contaminating data quality.
Furthermore, the results indicate that comparison of an in-class and an out-of-class
setting seems to have no effect on data quality. An alternative argument could be that
the confounding context variables, mode (online/offline) and setting (in-class/out-ofclass), are cancelling each other out. However, since the research results for both factors
tend to point in the same direction (i.e. lower item mean values for the online mode as
well as for the out-of-class setting), the two context effects would have to add up and
not cancel each other out. On the other hand, a subject not yet addressed in the relevant
fields of research (to our knowledge) is the fact that the setting is a combination of the
context variable ‘lecturer present/not present’ and different time points of survey
completion (at the end of class/sometime after class). Further studies would be needed
to isolate these two effects to show which context variable has which effect and
whether this would change the interpretation of the results of this study.
The study results show that MGCFA is a valuable—and, from the perspective of
design requirements, feasible—method for testing whether an instrument works the
same way in two or more different groups. With the nested step-by-step approach, it
can be concretely concluded on which level (quantitative) comparisons are defensible.
In addition, because of the possibility of testing the theoretical underlying concept as a
whole, this method provides valuable and sophisticated evidence for underlying evaluative processes beyond simply listing differences in the data quality indicators.
Limitations to the generalisability of the findings, especially for the SET discussion,
are caused mainly by the sample: Since sample size allows only limited conclusions to
be drawn about very small effects. Additionally, the sample does not consist of students
in a strict sense, but of adult learners. Furthermore, the instrument used was developed
for the institute’s special setting and the course format’s specific needs. These characteristics could account for the fact that the response rate for both mode groups was
relatively high. Perhaps in a classical SET setting, in which students who attend courses
throughout a semester and are graded on their work, a selection bias could arise for an
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online group compared to an in-class paper-and-pencil group. Moreover, the participants in this study, who are in their 40s and have professional lives, probably
completed the online questionnaires either at home or at their workplace, whereas
students may complete online questionnaires in more diverse contexts with more
distractors (Hardré et al. 2012). This may affect data quality in a different way.
As randomisation was performed on the course level instead of the individual level,
selection bias cannot be totally excluded. However, the various statistical strategies we
conducted to rule out selection bias, like controlling for covariates and nonindependence at the course level, do not suggest the presence of such bias.
As the results show, it seems feasible to use the tested instrument for both offline and
online course evaluation. Despite the 9% lower response rate for online course evaluations, a complete switch from paper-and-pencil course evaluations to online course
evaluations seems defensible, as a response rate of 84% for an online survey is fairly high
and there is no indication that systematic biases affected data quality. As discussed above,
since students’ completion behaviour is probably somewhat different from adult learners
and the course format examined in this study is rather specific, the generalisability of these
results for SET is limited. Nevertheless, the results confirm the findings of many SET
mode studies, which revealed no relevant differences between modes.
Online course evaluation is a well-established practice for assessing teaching quality
in higher and further education and will likely continue to be so with the ongoing trends
of globalisation and accreditation in higher education institutions. Additionally, an
increasing number of students are completing their SET spontaneously on mobile
devices. Thus, future research on SET mode effects should address this issue. Because
the completion situations for mobile survey-taking are even more diverse and flexible
than classic online survey-taking, research in this field should carefully assess the
context of survey completion and analyse its effect on data quality with sound research
designs and methods of analysis that can provide comprehensive process information.
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