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Abstract

The COVID-19 pandemic posed challenges to the traditional mode of administration
of surveys. In most European countries it was not feasible to conduct standardized in-
person interviews due to restrictions. These events accelerated the trend towards alter-
native modes of survey data collection, such as live video interviewing. In this paper,
we investigate whether survey data collected with two different interviewing modes,
face-to-face and video interview, are comparable. Measurement invariance is a prereq-
uisite to make meaningful comparisons across groups. Using data from the European
Social Survey Round 10, we assess if the measurement invariance condition is met for
two concepts, social trust and attitudes towards immigration, in six European coun-
tries: Estonia, Finland, Iceland, Italy, the Netherlands and Norway. The results are en-
couraging: Full metric invariance is established for all countries for social trust and for
three out of six countries (Iceland, Italy and Norway) for attitudes towards immigration.
For those cases, analysts can aggregate data across modes to investigate relationships
among variables, e.g., using regression analysis. Scalar invariance holds in fewer cases.
For the concept social trust, full scalar invariance is established for Finland, Italy, the
Netherlands and Norway while for the concept attitudes towards immigration, it is es-
tablished for Iceland and Italy. For those cases, data can be aggregated across modes to
compare observed means at the country-language level. Generally, where measurement
equivalence is not reached, we recommend excluding observations from the video in-
terview mode before analysis.
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Conducting video interviews for various purposes is becoming increasingly
popular as the required technology becomes ever more accessible (Conrad et
al., 2023). Video interviewing offers potential advantages compared to in-person
interviewing, such as cost reduction and time efficiency. A trend towards video
interviewing was already discernible before the COVID-19 pandemic (Joshi et
al., 2020). With the COVID-19 pandemic posing numerous challenges to survey
research relying on in-person (i.e., face-to-face) interviews, its relevance peaked
as conducting in-person interviews became infeasible for entities conduct-
ing survey interviews in many countries, especially for surveys also covering
respondents in health risk groups such as elderly persons. Given the apparent
success of video interviews, survey researchers have continued studying this
method beyond the pandemic period. The mode of interview administration
typically has effects on the responses that people provide to survey questions.
Recent literature investigates the possible implications the video interview mode
might have on different aspects of surveys, for example in terms of interviewer
effects (West et al., 2022), implementation challenges (Durrant et al., 2024), par-
ticipation (Schober et al., 2023) and data quality (Conrad et al., 2023). Further-
more, survey mode effects across in-person and video interview mode have been
studied (Endres et al., 2023).

These studies suggest that differences between modes may influence how
respondents process questions and provide answers—through mechanisms
such as interviewer behavior or perceived confidentiality. Our work contrib-
utes to this body of research by investigating the comparability of survey data
across in-person and video interview mode by formally testing for measurement
equivalence (Meredith, 1993). We assess measurement invariance to examine
whether constructs are measured equivalently across modes, that is, whether
differences in responses reflect true differences in the underlying concepts. We
use measurement equivalence testing because respondents have not been ran-
domly assigned to interview modes in the survey data we use. In this context,
measurement invariance testing! provides a statistical means to evaluate com-
parability across groups while acknowledging that some residual bias from sam-
pling differences may remain. It enables researchers to assess if the compara-

1 Measurement equivalence or measurement invariance is assessed by testing whether certain
parameters of a measurement model are identical across groups (Davidov et al., 2015).
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bility of data is not hindered by group membership (here: mode groups). Only if
measurement invariance is established between in-person and video interview
data, can measurements across groups be analyzed jointly in conventional sta-
tistical analysis.

There are different levels of tests for measurement invariance with increas-
ing restrictions in the parameters of the models (Meredith, 1993; Vandenberg
& Lance, 2000). Configural invariance means that the same survey items (i.e.,
indicators) load on the same latent construct (i.e., factor) across groups. Some-
times, this is also referred to as the measurement model. It is interpreted as a
construct having similar theoretical content across groups. Because the factor
model relies on only three observed variables (statistically this is known as a
just identified model), we do not test for configural invariance. This situation
is common with very short scales, particularly in survey research where three-
indicator single-factor models are not uncommon and where the identification
constraints needed to set the metric of the latent variable exhaust all available
degrees of freedom. Prior methodological work (e.g., Cheung & Rensvold, 2002;
Wu & Estabrook, 2016) therefore treats configural invariance in such cases as
satisfied, noting that no empirical misfit can be detected at this step. In other
words, the theoretical models are not tested but assumed?.

Loading invariance, also known as metric invariance, means that the items’
factor loadings are equal across groups. Where this is the case, statistical rela-
tionships of each item of a construct can be meaningfully compared across
groups. In other words, the relative weight of each item is the same across
groups.

Intercept invariance, also known as scalar invariance, means that not only
the items’ factor loadings but also the intercepts are equal across groups. When
metric and scalar invariance are established across groups, observed means can
be compared. In the remainder of this paper, we use the terms metric and scalar
invariance.

The above also represents an ascending rank ordering of desirability of types
of invariance for analysts. In order to conduct meaningful analyses across
groups, here mode groups, establishing scalar invariance results in most ease for
analysts as it allows them to meaningfully compare observed means across the
mode groups. Where only metric but not scalar invariance is established, only
statistical relationships can be meaningfully compared across mode groups. If
analysts still wish to compare means having only established metric invariance,
they have to resort to the strategy of comparing latent means to do so.

2 Our approach in this article of assuming the theoretical model in a case of only three
items is in line with other published work such as Nickel and Weber (2024); Pirralha and
Weber (2020); Van de Vijver (2019); NieBen et al. (2020). We include in the Appendix the
commonly reported global fit statistics for our scalar models purely for the sake of trans-
parency, not because we actually rely on them for model evaluation.
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One, furthermore, distinguishes between partial and full invariance where
partial invariance means that a given type of invariance can be established for
only some items constituting a construct, not all (Byrne et al., 1989). For the case
of finding partial invariance, a strategy analysts can resort to is, once again,
comparing latent means instead of observed means (Pokropek et al., 2019).

If the interactions between respondents and interviewers were the same in
both modes (West et al., 2022), we would expect scalar invariance. However, we
will argue that the social dynamics in the two modes differ due to factors such as
perceptions of confidentiality and personal proximity. Furthermore, interview-
ers have less control over the context of the interview in video mode such that
distractions through multitasking on the side of the respondent are more likely
than in in-person mode (Deakin & Wakefield, 2014). Additionally, other people
might be present during the interview unbeknownst to the interviewer who only
sees the part of the room captured by the camera. More generally, a relevant
argument for this study concerns potential differences in social desirability
across modes and the concepts selected for the measurement invariance tests.
Social desirability bias tends to be less pronounced in modes where interper-
sonal proximity between respondent and interviewer is lower (Heerwegh, 2009).
This would be the case in video interviews as both of them are not physically
present in the same place, but the interaction happens by the means of a screen.

For all these reasons, we expect that data collected across the two modes may
not be fully comparable, that is, we do not expect full scalar invariance.

Using data from the European Social Survey (ESS) Round 10, we test if the
measurement invariance condition is met for two concepts, social trust and atti-
tudes towards immigration, in six different European countries: Estonia, Fin-
land, Iceland, Italy, the Netherlands and Norway.

Despite having found differences across countries and concepts in the levels
of invariance, if in-person interviews are the benchmark, our results are encour-
aging for video interviews: Full metric invariance is established for all countries
for social trust and for three out of six countries (Iceland, Italy and Norway) for
attitudes towards immigration. For those cases, analysts can aggregate data
across modes to investigate relationships among variables, for example, using
regression analysis. Full scalar invariance is established for fewer cases but still
for four countries for social trust (Finland, Italy, the Netherlands and Norway)
and for two countries for attitudes towards immigration (Iceland and Italy). For
those cases, data can be aggregated across modes to compare observed means
at the country level. Generally, where measurement equivalence is not reached,
we recommend excluding observations from the video interview mode before
analysis or using latent variable approaches, to account for measurement error
(Saris & Gallhofer, 2014). In this article, we argue that differences in invariance
levels across countries and concepts may be attributable to differences in social
desirability across modes, concepts and cultures. However, future research will
be necessary to elucidate the exact causes of non-invariance.
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The remainder of the paper is structured as follows: First, we introduce the
relevant literature and position our research within it. Then, we define the con-
cepts that are examined across different modes, namely social trust and atti-
tudes towards immigration. Next, we present the measurement instruments
(i.e., survey questions) used to measure them. Then, in the methods section, we
elaborate on the data we use, on measurement invariance testing more gener-
ally and on our analytical approach. Finally, we present our results followed by
a discussion and conclusion.

Survey Modes and Potential Implications for
Equivalence

Our research contributes to the growing literature that tests for measurement
invariance to elucidate potential issues with data equivalence across groups. The
necessity of testing for measurement invariance has been emphasized in several
studies as it ensures meaningful, valid, and unbiased comparisons across data
gathered in different groups (e.g., modes, countries, languages; Meuleman et
al., 2023). This is particularly critical in cross-cultural studies, where invariance
testing is essential to validate comparisons (Davidov et al., 2014; Steinmetz et al.,
2009).

More specifically, our research contributes to the literature on measurement
invariance across modes of data collection. Previous research on this includes,
for instance, Boal et al. (2017) who assess measurement invariance across two
different data collection modes, telephone and web self-administration. Their
hypothesis is that there may be differences because the survey is presented pri-
marily visually in web self-completion mode and primarily aurally in telephone
mode, and additionally, because phone administration involves an interviewer,
whilst web administration does not. Their results show configural, metric and
partial scalar invariance for the Posttraumatic Stress Disorder (PTSD) Checklist
across the two mode groups. The authors conclude that, in practical terms (i.e.,
for PTSD diagnosis) the use of both modes is unproblematic.

There is, furthermore, literature on mode effects, some of which we will
review here because it helps us develop our hypotheses. For example, Buerger et
al. (2016) assess mode effects between different self-completion modes hypoth-
esizing that they could exist due to factors such as item layout, input devices,
scrolling, and the likelihood of revisiting of past responses. Some of these fac-
tors might also differ between video and in-person interviews. For example,
input devices and/or item layout (depending on the screen size) might differ
between the two modes. Furthermore, the physical presence of an interviewer
in in-person interviews may induce pressure on respondents to continue with
the interviewing process swiftly which could lead to respondents in in-person



6 methods, data, analyses | 2026, pp. 1-28

interviews being less inclined to revisit previous questions than those in video
interviews.

More generally, a relevant argument for this study concerns potential
differences in social desirability across modes. Social desirability bias tends
to be less pronounced in modes where the interpersonal proximity between
respondent and interviewer is lower (Heerwegh, 2009). While this argument is
often made concerning the distinction between interviewer-administered and
self-completion modes (Heerwegh, 2009; Schnell & Kreuter, 2005), it similarly
applies to the comparison of a context where the interviewer is physically pres-
ent in a room with respondents as compared to a context where respondent and
interviewer communicate via videochat (Moallem, 2015). If this is the case, we
could expect differences across the concepts. As attitudes towards immigration
shows high social desirability bias (Creighton et al., 2019), it could be the case
that in video interview respondents would not feel as pressured to give a socially
expected answer as they would when the interviewer is present in the same
place as them.

Closely linked to this is the literature exploring the varying impact of interper-
sonal interactions across interview modes. We argue that the type of relationship
established between the respondent and the interviewer during the interview
process may differ due to factors such as their perceptions of confidentiality,
willingness to share information, social presence, personal proximity, and/or
the frequency of interactions or dialogues (e.g., there might be less probing in
one mode; Hoehne et al., 2024; de Villiers et al., 2022). The quality of the interac-
tion between respondent and interviewer is an important aspect of the mode
effect (Conrad et al., 2023) and may also be important for the comparability of
the data across cultures (Van de Vijver & Tanzer, 2004). Even if a live interviewer
is present in both assessed modes, there is evidence that a successful interaction
through videochat requires experience (de Villiers et al., 2022). Further research
demonstrates that rapport is stronger in in-person interviews or, more gener-
ally, in-person communication than in video interviews (Faucett et al., 2017;
Fernandez et al., 2021; Gordon et al., 2020; Joseph et al., 2017; Sherman et al.,
2013). Yet, a weaker social presence of the interviewer in video mode may also
be beneficial for topics in which the respondent perceives a high expectation of
a socially desirable answer.

Another aspect to consider is that video interviews can take place in a larger
variety of environments than in-person interviews which are usually conducted
at a respondent’s home. An important consequence is the higher potential for
disruptive background factors in video interviews which might lead to distrac-
tion or multitasking behavior on the side of the respondent (Deakin & Wakefield,
2014).

Furthermore, in the literature a distinction is made between two types of
video interviews: pre-recorded and live interviews. Schober et al. (2020) argue
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that differences between live video interviews and pre-recorded video inter-
views that may induce different answering behavior across the two modes due
to the fact live video interviews involve interaction and pre-recorded video inter-
views do not.

Concepts

We test for measurement invariance of the concepts of social trust and attitudes
towards immigration using the country cases of the ESS Round 10 which have
data available for video as well as in-person interview mode. We specifically
chose these concepts because they differ in how prone they are to social desir-
ability bias, that is, the tendency to provide an answer that the respondent
thinks aligns with a socially expected and accepted idea. The measurement of
attitudes towards immigration is argued to suffer from high social desirability
bias (Rinken et al., 2021; Piekut, 2021) while this is not the case for social trust.
Furthermore, video and in-person interviewing should induce differing levels of
social presence of the interviewer (Moallem, 2015) which, in turn, should affect
how strongly answers are impacted by social desirability bias. Hence, we expect
variation in patterns of answering behavior between the two modes across the
two concepts.

Furthermore, we consider the selected concepts especially relevant as both
are widely studied in the social sciences. There is a broad consensus among
social scientists about the importance of the concept of social trust, from a
political and societal perspective. For example, it has been argued that social
trust is central for the functioning of democracies (Inglehart, 1999). However,
even if social trust has been routinely used in cross-country research (Inglehart,
1999; Delhey & Newton, 2005; Letki & Evans, 2005; Rothstein & Uslaner, 2005;
Adam, 2008; Herreros & Criado, 2008; Kaasa & Parts, 2008; Zmerli & Newton,
2008), the measurement of social trust is not necessarily comparable across
different groups (Van der Veld & Saris, 2011; Reeskens & Hooghe, 2008). Studying
the concept of attitudes towards immigration has also been a relevant matter
of research in the social sciences for some decades (see, e.g., Ceobanu & Escan-
dell, 2010). The determinants of these attitudes are also a matter of study, both at
the individual and the country level. For a review see for instance Davidov and
Semyonov (2017). Furthermore, this concept is frequently studied using cross-
nationally comparative datasets (Ceobanu & Escandell, 2010), where, among
many other factors, the modes of data collection vary (Smith et al., 2011).

For both concepts, cross-cultural measurement equivalence has been studied
with ESS data (see, e.g., Davidov et al., 2015; Nickel & Weber, 2024; Reeskens &
Hooghe, 2008). Furthermore, Revilla (2013), assesses measurement equivalence
of the two concepts across in-person and web self-completion mode in sur-
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vey data from the Netherlands and finds scalar invariance for both concepts.
Moreover, punctual experiments have been conducted in different ESS Rounds
which assessed mode effects across a variety of modes. Results from these show,
for example, mode differences in attitudinal questions in general, and more
specifically for the concept of attitudes towards immigration in in-person inter-
views versus various alternative modes (Villar & Fitzgerald, 2017).

In this study, each of the concepts is measured with three indicators. The
wording of the three corresponding ESS items is shown in Table 1 and Table 2,
respectively. All six survey questions are presented with 11-point item-specific
scales (0-10). Figure 1 illustrates the configural model, that is, the relationship
between the latent variables and the indicators for the concept of social trust, as
an example. As shown by the three unidirectional arrows, the responses to the
observed variables (Yij ) are determined by the latent construct (g). The corre-
sponding equations to this graph are shown in Section 4.2.

Figurel Path diagram of the configural model
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Table1 ESS survey instrument for measuring concept social trust

Question wording Variable Response scale
name

Using this card, generally speaking, would you say ppltrst 0 (You can’t be too careful)
that most people can be trusted, or that you can’t be to 10 (Most people can be
too careful in dealing with people? Please tell me on a trusted)

score of 0 to 10, where 0 means you can’t be too care-

ful and 10 means that most people can be trusted.

Using this card, do you think that most people pplfair 0 (Most people try to take
would try to take advantage of you if they got the advantage of me) to 10 (Most
chance, or would they try to be fair? people try to be fair)

Would you say that most of the time people try to pplhlp 0 (People mostly look out for
be helpful or that they are mostly looking out for themselves) to 10 (People
themselves? mostly try to be helpful)

Table 2  ESS survey instrument for measuring concept attitudes towards

immigration
Question wording Variable Response scale
name
Would you say it is generally bad or good for imbgeco 0 (Bad for the economy) to 10
[country]’s economy that people come to live here (Good for the economy)

from other countries?

And, using this card, would you say that [country]’s imueclt 0 (Cultural life undermined)
cultural life is generally undermined or enriched by to 10 (Cultural life enriched)
people coming to live here from other countries?

Is [country] made a worse or a better place to live by imwbcnt 0 (Worse place to live) to 10
people coming to live here from other countries? (Better place to live)

Methods
Data

We use data from the ESS Round 10 (ESS ERIC, 2023). Due to locally varying con-
tact restrictions in the context of the COVID-19 pandemic, some ESS countries
opted for adding a video-interviewing option to their Round 10 fieldwork pro-
tocol while others did not (Ghirelli et al., 2024). In this paper, we include all six
country cases for which a video interviewing option was offered to respondents
as an alternative to in-person interviewing, namely Estonia, Finland, Iceland,
Italy, the Netherlands and Norway. Fieldwork in these countries was conducted



10 methods, data, analyses | 2026, pp. 1-28

between June 2021 and May 2022. The ESS reports the following response rates:
47.2% (Estonia), 41.1% (Finland), 33.6% (Iceland), 49.8% (Italy), 35.7% (the Neth-
erlands) and 37.9% (Norway). These response rates are calculated as the num-
ber of complete and valid interviews over the number of issued eligible sample
units (for more detailed information, see Ghirelli et al., 2024). Distributions of
the variables of main interest are presented in Tables 3 and 4. These Tables also
show that the proportions of cases missing due to item nonresponse are low with
amean of 0.7% for the concept of social trust and somewhat higher, with a mean
of 3.2%, for the concept of attitudes towards immigration. This is unsurpris-
ing given that the latter concept can be regarded as more sensitive, frequently
being at the center of political debate and given that previous studies have found
higher item nonresponse for this concept (for a more extensive discussion, see,
e.g., Piekut, 2021).

Table 3  Descriptive statistics of variables measuring social trust (ppltrst,
pplfair, pplhlp) by country and mode

Country Mode Valid N N ppltrst pplfair pplhlp
M (SD) M (SD) M (SD)
Estonia in-person 1296 1302 5.70(2.17) 5.88(2.13) 5.16(2.15)
video 239 240 6.10(2.01) 6.44(1.84) 5.76(2.02)
Finland in-person 1333 1337 6.93(1.87) 7.10(1.84) 6.37(1.92)
video 239 240 7.00(1.62) 7.18(1.58) 6.37(1.64)
Iceland in-person 560 567 6.53(2.11) T7.14(1.69) 6.73(1.82)
video 331 333 6.71(1.99) 7.20(1.59)  6.55 (1.71)
Italy in-person 2166 2183 4.96(2.24) 4.97(2.04) 4.56(2.04)
video 447 457 5.21(2.12) 5.22(1.95)  4.69 (2.02)
Netherlands in-person 1216 1221 6.50(1.81) 6.76(1.57) 5.89(1.75)
video 245 248 6.76 (1.71)  6.93(1.34) 6.02 (1.51)
Norway in-person 917 920 6.90(1.87) 7.09(1.74) 6.37(1.87)
video 488 491 6.69(1.81) 6.95(1.67) 6.22(1.79)

As respondents self-selected into either the in-person or the video interviewing
mode, it can be expected that the sociodemographic composition of these two
groups differs. We provide information on the distributions of variables age, sex
and university education in Table 5. We find respondents who self-selected into
the video interviewing mode to be, on average, younger and more highly edu-
cated. We find no strong or consistent differences in terms of sex.
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Table4 Descriptive statistics of variables measuring attitudes towards
immigration (imbgeco, imueclt, imwbcnt) by country and mode

Country Mode Valid N N imbgeco imueclt imwbent
M (SD) M (SD) M (SD)
Estonia in-person 1261 1302 5.25(2.40) 5.22(2.42) 5.16(2.25)
video 238 240 6.41(2.27) 6.48(2.16) 5.76(1.91)
Finland in-person 1314 1337 6.12(2.19) 7.29(1.93) 6.37(2.00)
video 236 240 6.40(2.07) 7.40(1.96) 6.37(1.98)
Iceland in-person 544 567 7.04(1.99) 7.39(1.96) 6.73(1.98)
video 323 333 7.14(1.95) 7.62(1.98) 6.55(1.84)
Italy in-person 2089 2183 5.00(2.39) 5.13(2.55) 4.56(2.24)
video 442 457 5.60 (2.46) 5.86(2.59) 4.69(2.27)
Netherlands in-person 1156 1221 5.91(1.90) 6.56(1.97) 5.89(1.76)
video 230 248 6.18(1.59) 6.93(1.65) 6.02(1.68)
Norway in-person 898 920 6.20(1.97) 6.68(2.21) 6.37(1.97)
video 483 491 6.06(1.92) 6.73(2.08) 6.22(1.95)

Table 5 Descriptive statistics of sociodemographic variables by country and

mode
Country Mode Age Proportion Proportion univer-
M (SD) women sity education
Estonia in-person 53.88 (18.63) .55 .29
Video 39.53(12.61) .55 61
Finland in-person 54.70 (19.40) .50 .33
Video 40.98 (14.05) .55 .58
Iceland in-person 54.83(18.86) .51 .33
Video 42.15 (15.79) .53 45
Italy in-person 52.37(19.01) .53 .15
Video 47.87 (16.61) .51 .24
Netherlands in-person 50.22 (18.81) 48 .37
Video 40.87 (14.69) .53 .55
Norway in-person 50.28 (18.84) 48 41

Video 41.76 (15.37) .52 .50
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Measurement Invariance

Measurement invariance testing is suited for situations, such as ours, where
respondents self-select into groups that differ in observed and unobserved char-
acteristics. It tests whether the latent constructs are recovered equivalently
despite such possible compositional differences (Meredith, 1993; Vandenberg
& Lance, 2000; Davidov et al., 2014). Several families of measurement invari-
ance tests are available (e.g. Comparative Fit Index/Root Mean Square Error
of Approximation rules, Bayesian Multi-Group Confirmatory Factor Analysis,
alignment, Multiple Indicator Multiple Cause model), but their performance var-
ies with sample size among groups and model identification strategies. Because
our mode groups are highly unbalanced (as Tables 3 and 4 show) and each con-
struct is measured with only three indicators (yielding just-identified configural
models), fit-index-based criteria risk inflated Type II error in detecting non-
invariance (Chen, 2007) and Bayesian priors cannot be incorporated. We there-
fore adopt the bias-corrected bootstrap factor-ratio test proposed by Cheung and
Lau (2012) within multi-group confirmatory factor analysis (MG-CFA), which
remains robust when group sizes differ substantially.

The model represented in Figure 1 is equivalent to Equation 1, which specifies
the configural model (Bollen, 1989; Meredith, 1993).

Equation 1 specifies a model for the relationship between three observed vari-
ables yg,i =1,2,3, the answers to the survey items and a latent (unobserved)
variable, ‘g’j’ ,j = 1,2, representing the concepts we measure by the survey ques-
tions, namely, 1) social trust and 2) attitudes towards immigration. As multiple
groups are involved, a multi-group confirmatory factor analysis (MG-CFA) is
used, in our case, this is represented by g = 1,2, the mode groups: in-person
or video interview, respectively. In this model, vﬁ., represents the intercepts,
7\23, represents the factor loadings between the ith observed variable and the jth
latent variable and 6% represents the disturbance terms. It is assumed that the
disturbance terms have a mean of zero, they are uncorrelated with each other
and with ¢ j’ as shown by (4) to (6).

v = Vi NGE + 8 &
For the latent means, a;, we establish that

@ = E(%)) @
Furthermore, for the variance of ¢;, we establish that

b = var(s)) 3)
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Moreover, for all models we make the following assumptions:

E(5;) =0; @)
E(8;%) = 0; (5)
E(8;8;)=0o0ri=+1i (6)

Measurement invariance holds where the parameters (vg-, /1;"]-) of the factor
model for E}-g are equal across groups. Metric invariance is established when Ag.
are equal for g = 1,2 and scalar invariance is established when V{'j- are equal
for g = 1,2. Furthermore, for metric and scalar invariance, partial invariance
can be achieved. Partial metric invariance refers to the loadings for some but
not all items being equal. Partial scalar invariance refers to loadings and inter-
cepts only being equal for some of the items, not all (Byrne et al., 1989).

When equality constraints are imposed on loadings and intercepts, the con-
strained model is usually compared with the unconstrained (configural) model
using a likelihood-ratio test based on the change in chi-square, Ay2. Yet Ayx? is
highly sample-size sensitive and may inflate type-I error even for minor para-
meter differences (Cheung & Rensvold, 2002). Consequently, to mitigate this
problem, researchers also inspect other fit indices, such as comparative fit index
(ACFI), root mean square error of approximation (ARMSEA) and standardized
root mean squared residual (ASRMR), but these statistics lose power when group
sizes are unbalanced, increasing type-II error risk and potentially masking non-
invariance (Chen, 2007).

As dependency of global fit measures on sample size is a long historical chal-
lenge of structural equation modelling (SEM), other approaches have been sug-
gested, for instance, to evaluate the models combining the fit index (AFI) with
the detection of misspecifications using local fit measures (Van der Veld & Saris,
2011). However, in both global and local fit approaches, the employed cut-off val-
ues for defining misspecifications and thresholds for concluding that one model
has a worse fit than another has been criticized as arbitrary (Cheung & Rens-
vold, 2002; Kline, 2016; Millsap, 2011). Recently, other more flexible alternatives
to MG-CFA such as Bayesian MG-CFA (Muthén & Asparouhov, 2017) have been
suggested. However, they are unsuitable for just-identified models, as there are
no degrees of freedom for the incorporation of priors. Additionally, the degree
of the sensitivity of Bayesian MG-CFA to sample size is being debated (Gelman,
2006) hence we do not consider this a suitable approach.
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Another consideration is that invariance testing, and more generally, struc-
tural equation models, require using an item as a reference to define the unit of
measurement and identify the models, that is, the loading of an arbitrarily cho-
sen item is fixed to 1, e.g. A,; = 1 and its intercept to zero, e.g. v,; = 0. Cheung
and Rensvold (1999) argue that, with this choice, the selected item is implicitly
assumed to be invariant. This implies that the choice of the item is critical, and
if a non-invariant item is selected, the conclusions about the invariance of other
items are likely to be incorrect (Johnson et al., 2009).

All the considerations outlined above led us to work with the bias-cor-
rected (BC) bootstrap confidence interval approach (Cheung & Lau, 2012). This
approach uses a single model as opposed to the likelihood ratio test (LRT) and A
FIapproaches, which estimate and compare different models. It offers a solution
to test for measurement invariance using data with very unequal sample sizes. It
uses maximum likelihood estimation with bootstrapping to evaluate the models,
in combination with a factor-ratio test, that allows overcoming the challenges of
the reference item, especially relevant in our data as the models have only three
items each. The specific implementation of the BC bootstrap confidence interval
approach is described in the next section.

Analytical Strategy

To test for metric and scalar measurement invariance following the BC boot-
strap confidence interval approach (Cheung & Lau, 2012), we constrained the
estimates of the parameters /’l;-"j for both mode groups, g = 1 for in-person inter-
views, g = 2, for video interviews to equality, within each country model. The
factor-ratio test uses three constraints which are created using each item as ref-
erence. Equation 7 to Equation 9 illustrate the test for the concept of social trust.
When y#%, is the referent item, the hypotheses to test for metric invariance are:
A1 _ A3

ek WL+ R 7)

1 2
111 2’11

1 2
Az A5
1 2
A1q A1y

=0 8)
When yzgj is the referent item, an additional hypothesis is tested:

M ©)

1 2
2'21 2'21

As there are only three items, there are no other hypotheses to test when y3g]. is
the referent item. If zero falls outside of a confidence interval, the null hypothe-
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sis of invariance can be rejected. Should zero fall outside of the confidence inter-
val for only one of these constraints, we can establish partial invariance. Using
the same procedure, a factor-ratio test is defined to test for scalar invariance, and
confidence intervals are computed and evaluated, using the same rules: Should
zero fall outside of the confidence interval for one of these constraints, we can
establish partial invariance and should zero fall outside of the confidence inter-
val for at least two of these constraints, this shows that there is non-invariance®.
We estimate confidence intervals using the bias-corrected bootstrapping
approach, for which 10,000 bootstrap samples are created, parameters are esti-
mated for each bootstrap sample and calculations are made to the bootstrap dis-
tribution of the parameters to form the confidence intervals.

Results

Table 6 summarizes our findings. We show results by country, concept and type
of invariance. We show the point estimates and the confidence intervals of the
factor-ratio tests in a series of graphs. In order to facilitate the interpretation
of the graphs, we simplify the notation of the equations from Section 4.3 in the
Y-axis of the graphs.

Below, we present the original labels from our factor-ratio tests along with
explanations.
1. A8, -8 represents the difference in the factor loading for item 2 between
group 1 (in-person) and group 2 (video), when item 1 is used as the reference (i.e.,
its loading is fixed). Under measurement invariance, the relative contribution of
item 2 compared to item 1 should be identical across groups.

Y-axis label: Loading Diff. for Item 2 (Ref: Item 1)

2. A8, —2% this is the analogous difference for item 3’s loading, again with
item 1 as the reference. It tests whether the relative loading of item 3 is equiva-
lent across groups.

Y-axis label: Loading Diff. for Item 3 (Ref: Item 1)

1 2

3. j&t ez this ratio compares the loading of item 3 relative to item 2 across
2.1 2.1

groups

It serves as an alternative anchoring check (using item 2 as the reference) to
ensure that invariance holds regardless of which item is selected as the anchor.

Y-axis label: Loading Ratio Diff- for Item 3 vs. Item 2

3 For a detailed mathematical derivation of these ratio-based constraints, see Cheung and
Lau (2012), Appendices B and D.
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4. v& —V& this indicates the difference in the intercept for item 2 between
groups when item 1 is used as the reference (with its intercept fixed). Under
scalar invariance, the baseline (intercept) of item 2 should be identical across
groups.

Y-axis label: Intercept Diff. for Item 2 (Ref: Item 1)

5. v& — V& this is the difference in the intercept for item 3 between groups,
with item 1 as the reference. It reflects whether the baseline response level for
item 3 is comparable across modes.

Y-axis label: Intercept Diff. for Item 3 (Ref: Item 1)

6. Aines — (%) Az here, Ay,3 is the difference in intercept for item 3 and Ay is
the difference in intercept for item 2 (both computed with item 1 as the refer-
ence). Multiplying A, by the ratio A3,/),; re-scales the intercept difference
for item 2 to reflect the relationship between items 3 and 2. This adjusted differ-
ence tests whether, when item 2 is used as the reference, the intercept for item 3
remains invariant.

Y-axis label: Adjusted Intercept Diff. for Item 3 (Ref: Item 2)

Table 6 Overview of findings by country, concept and type of invariance

Social trust Attitudes towards immigration
Metric Scalar Metric Scalar

Estonia invariance partial invariance non-invariance -
Finland invariance invariance partial invariance -
Iceland invariance non-invariance invariance invariance
Italy invariance invariance invariance invariance
Netherlands invariance invariance non-invariance -
Norway invariance invariance invariance partial invariance

The graphs show differences in the parameters of interest, point estimates of
loadings for metric invariance models and point estimates of intercepts for
scalar invariance models. We include their confidence intervals. We assess
if the estimates and their confidence intervals include zero or not. Where
confidence intervals overlap with zero, we conclude invariance, because there
are no significant differences across parameters. Where zero falls outside of the
confidence intervals for one parameter comparison, we regard this as partial
invariance. Where zero falls outside of the confidence intervals for at least two
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parameter comparisons, we regard this as non-invariance. In the graphs, for the
cases where metric invariance is not established, intervals are not shown for
scalar invariance, as it is not even tested for, and the respective cells remain
empty in Table 6, as well.

For Italy, we find metric as well as scalar invariance across the two modes for
both concepts as Figure 2 does not show statistically significant differences in
parameters. For Norway, both metric and scalar invariance is established for the
concept of social trust (see Figure 3). For attitudes towards immigration, metric
and partial scalar invariance is established. Iceland shows a different result, in
that metric and scalar invariance are established for attitudes towards immigra-
tion but only metric invariance for the concept of social trust (see Figure 4). For
Finland, we find metric and scalar invariance across the two modes for social
trust but we conclude only partial metric invariance for the concept of attitudes
towards immigration (see Figure 5). For the Netherlands, results show metric
and scalar invariance for the concept of social trust, but metric non-invariance
for the concept of attitudes towards immigration (see Figure 6). The latter also
holds for Estonia (see Figure 7). Lastly, for the concept of social trust, metric and
partial scalar invariance could be established for Estonia (see Figure 7).

Social Trust Attitudes Immigration
Loading Diff. for Item 2 (Ref: Item 1) - © &
Loading Diff. for Item 3 (Ref: ltem 1) e — o
Loading Ratio Diff. for Item 3 vs. Item 2 1 —————@——— —&—

o
% Invariance
c
o @ loading
S
© %
® -@- intercept
o

Intercept Diff. for Item 2 (Ref: Item 1) @

Intercept Diff. for Item 3 (Ref: Item 1) 4 L 2

Adjusted Intercept Diff. for Item 3 (Ref: ltem 2) —_— —to—
T T v T T T
0.2 0.0 0.2 04 02 0.0 0.2 0.4
Point Estimates and Cl of the Relati hip Across Loadi lintercepts

Figure 2 Results invariance testing Italy



18 methods, data, analyses | 2026, pp. 1-28

Social Trust Attitudes Immigration
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Loading Diff. for Item 3 (Ref: ltem 1) —— ——
Loading Ratio Diff. for Item 3 vs. Item 2 —1—— —e1
-
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c
2 ~@- loading
s
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©
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Figure 3 Results invariance testing Norway
Social Trust Attitudes Immigration
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Loading Diff. for Item 3 (Ref: ltem 1) { —e— ——
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Figure 4 Results invariance testing Iceland
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Social Trust Attitudes Immigration
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Figure 6 Results invariance testing Netherlands
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Figure 7 Results invariance testing Estonia

Discussion and Conclusion

The COVID-19 pandemic increased the diffculties of collecting high-quality
human data, especially by the means of in-person interviews. New interview
formats that do not require respondents and interviewers being in the same
place emerged or consolidated, and are nowadays still in use. As noted earlier,
ESS Round 10 offered respondents the option of an online video interview as an
alternative to an in-person interview (Ghirelli et al., 2024). A body of research
also emerged, such as this special issue, evaluating the costs and benefits of
the new interview formats and their potential effects on the answers (Deakin &
Wakefield, 2014; Oates et al., 2022). We contribute to this research using the ESS
Round 10 data and studying the measurement equivalence of data collected via
live video and in-person interviewing. As respondents were not randomly allo-
cated to the two groups, but rather self-selected into an interview mode, it cannot
be assumed that the data would be equivalent, hence this should be tested (Mer-
edith, 1993). Ensuring the equivalence of the data derived using these modes is
crucial for their effective employment in the analysis of social attitudes. This is
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especially important when the characteristics of the concepts make them prone
to bias by response behaviors. The concepts of social trust and attitudes towards
immigration differ in the level of social desirability bias among them, with atti-
tudes towards immigration showing larger bias (Creighton et al., 2019).

Measurement invariance between live video and in-person interviews is
particularly relevant when considering how different modes of data collection
influence response behavior. Video interviewing and in-person interviewing dif-
fer regarding the interaction with the administrator and regarding tools used
in the interviews, mainly, the intermediation of a screen in video interview. We
argue that for concepts where social desirability is present, such as attitudes
towards immigration, it is less pronounced in video interviews. Social desirabil-
ity is lower in modes of data collection where the social presence of an inter-
viewer is weaker (Heerwegh, 2009). The social presence may be perceived as
weaker in a context when respondent and interviewer communicate via video-
chat (Moallem, 2015) compared to a context where the interviewer is physically
present in a room with respondents.

Overall, the results can be seen as encouraging. In general, measurement
invariance can indeed be established between in-person and video interview
mode, across countries and concepts in the ESS Round 10 data. In consequence
the data is highly comparable. Particularly for Italy, both metric and scalar
invariance are established for both assessed concepts. In practical terms, this
means that the data can be aggregated and used as a single dataset for the analy-
sis of the concepts of interest, namely social trust and attitudes towards immi-
gration, and that the dataset can be aggregated as well for the analysis of the
means of the concepts.

Measurements for the concept of social trust have shown full metric invari-
ance across in-person and video interviewing modes for all six assessed coun-
tries: Estonia, Finland, Iceland, Italy, the Netherlands and Norway (see overview
in Table 6). This means that each item contributes consistently to the concept of
social trust across modes and countries. The measurements for the concept of
social trust are full scalar invariant across video and in- person mode for four
out of the six countries (Finland, Italy, the Netherlands and Norway), with Esto-
nia showing partial invariance and Iceland non-invariance. This means that,
only for four out of the six countries, the data can be aggregated, and observed
mean responses can be computed across the two modes.

For the concept of attitudes towards immigration, the results are somewhat
less encouraging. Three out of the six countries show full metric invariance
across mode groups. Where full metric invariance is present, the structure of
the underlying construct is preserved regardless of the mode of data collec-
tion. As a result, analysts can confidently combine data from in-person and
video interviewing to study the contribution of each item into the construct in
Iceland, Italy and Norway, but not in Estonia, Finland and the Netherlands. In
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cases where metric invariance is not established, we would advise using latent
models, or, as a less optimal solution because it decreases the number of cases,
excluding observations from the video interview mode since the relationship of
the variables differs across modes. In two out of the three cases showing metric
invariance, scalar invariance is also established, namely for Iceland and Italy.
For Norway, only partial scalar invariance could be established. Where scalar
invariance is not established, we advise against aggregating the data of the two
modes to calculate mean values. Instead, analysts could calculate the latent
means, taking into account the method variance contribution of both mode
groups. This is because the differences in the mean response to items may not
purely reflect true differences in the underlying construct across groups, and
method variance should be accounted for.

Our findings are neither homogeneous across countries nor across concepts.
Measurement invariance across in-person and video interview mode are sensi-
tive to the concept being measured.

It has been found before that measurement invariance is not easily estab-
lished for attitudes towards immigration if measured in different contexts.
Nickel and Weber (2024) study the concept of attitudes towards immigration, and
report that metric invariance was established for most ESS countries in Rounds
1 to 9 but scalar invariance only for about half of them. Measurement invari-
ance seems sensitive to contextual influences. Our findings are in line with this
result, though the different contexts in our study refer to different modes within
countries. Throughout this article, we have presented the argument that it is
precisely because of the differences in social desirability between the two con-
cepts that we observe differences in the levels of invariance achieved. On the
one hand, attitudes towards immigration presents a larger bias than social trust,
on the other, video interviews imply a weaker social presence of the interview-
ers, than in-person interviews, potentially reducing this bias.

We indeed observe higher levels of invariance for social trust, this means that
the data is more comparable than the data for attitudes towards immigration.
Our interpretation for this result is that in video mode, respondents feel less
pressured to give a socially expected answer, therefore the data is less compa-
rable to an in-person interview. However, more research is needed to explore
whether this interpretation is correct.

There are other potential explanations. It could be revealing to investigate
questionnaires, interviewer instructions, protocols and similar documentation
of the cases where invariance was not consistently reached (especially Estonia,
Finland, Iceland and the Netherlands) to see if one can find hints as to how the
implementation of these modes might have differed here from those countries
where invariance was consistently reached.

Assessing measurement invariance in video and in-person interviews and
assessing mode effects are two different subjects of study. In this research, we
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cannot test simultaneously for mode effects and measurement invariance across
modes. Testing for mode effects would require random allocation of respon-
dents into either video or in-person mode. Invariance testing assesses for the
comparability of the data in the presence of non-random allocation into groups,
in which case characteristics of the survey participants, such as age, gender,
employment status, home ownership, and ethnicity, may present differences
across interviewing modes (Rowen et al., 2022).
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Appendix

Global Fit Indices of Scalar Invariance Models by Concept

and Country

Table A1 Global fit indices of scalar invariance models for concept social trust

by country
Model x? df p rmsea cfi
Estonia 0.07 2 .96 0.00 1
Finland 4.91 2 .09 0.04 1
Italy 3.84 2 .15 0.03 1
Netherlands 3.33 2 .19 0.03 1
Norway 3.72 2 .16 0.03 1

Table A2 Global fit indices of scalar invariance models for concept attitude
towards immigration by country

Model x? df p rmsea cfi
Iceland 0.02 2 .99 0.00 1
Italy 175 2 42 0.00 1
Norway 1.39 2 .50 0.00 1
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