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Abstract
Mixed-mode surveys allow researchers to combine the advantages of multiple modes, for 
example, the low cost of the web mode with the higher coverage of offline modes. One 
drawback of combining modes is that there might be systematic differences in measure-
ment across modes. Thus, it would be useful to know which measurement methods work 
best in all employed modes. This study sets out to find a method that results in the high-
est measurement quality across self-administered web mode questionnaires (web mode) 
and self-administered paper questionnaires sent out by mail (mail mode). Two Multitrait-
Multimethod (MTMM) experiments employing questions on environmental attitudes and 
supernatural beliefs were implemented in the GESIS Panel, a probability-based panel in 
Germany. The experiments were designed to estimate the measurement quality of three 
different response scales: A seven-point fully labelled scale, a 101-point numerical open-
ended scale and an eleven-point partially labelled scale. Our results show that the eleven-
point partially labelled scale consistently leads to the highest measurement quality across 
both modes. We thus recommend using eleven-point partially labelled scales when measur-
ing attitudes or beliefs in mixed-mode surveys combining web and mail mode.
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While in the past surveys were mainly unimode, nowadays respondents often 
receive the possibility to answer in the mode of their choice. This is supposed to 
increase their willingness to participate and lower survey costs (Eifler & Faulbaum, 
2017). Mixed-mode surveys are used in various settings, especially where certain 
population groups are difficult to reach via the main survey mode. For example, 
these surveys are useful when researchers aim to conduct web mode surveys but 
have to account for the fact that parts of the target population do not use the inter-
net (Bosnjak et al., 2017; ESOMAR & WAPOR, 2014). While this is an adequate 
strategy to deal with coverage error, it may lead to issues concerning measurement 
equivalence, as respondents may answer questions differently across modes (ESO-
MAR & WAPOR, 2014; Grewenig et al., 2018; Blom et al., 2016). Linked to this, 
employing the same measurement instrument across different modes can also lead 
to differences in measurement quality (e.g., Sánchez Tomé, 2018; Tourangeau, 2017; 
Dillman et al., 2014). 

Measurement quality, in general, refers to the relationship between the unob-
served, latent variable of interest and the observed response, and is here defined as 
the product of validity and reliability (Saris & Andrews, 1991). Validity here cov-
ers the construct validity subtypes convergent and discriminant validity (Campbell 
& Fiske, 1959). More specifically, it is defined as the strength of the relationship 
between a latent variable of interest and a so-called ‘true score’. This ‘true score’ 
represents the score that respondents would have provided if no random measure-
ment error existed. Reliability, in the model we employ, is defined as the strength of 
the relationship between the ‘true score’ and the observed variable. It captures the 
absence of random measurement error. It should be noted that an array of different 
definitions and operationalizations of measurement quality, as well as of validity 
and reliability, are used in the literature (Saris & Andrews, 1991). While studies 
may differ along these lines, they share the aim of empirically capturing measure-
ment quality, that is, the absence of measurement error. The above definition of 
measurement quality thus holds for our analysis, while a somewhat broader per-
spective on the concept will be considered in the literature review. 

Questionnaire designers in mixed-mode settings need not only to make sure 
that they indeed measure what they aim to measure. Furthermore, they need to 
ensure that respondents in different modes understand the measurement instru-
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ment similarly. This means that questionnaire designers employing multiple modes 
have to make decisions bearing in mind the various features of the different sur-
vey modes. In self-administered modes, respondents can always see the questions 
and response scales, while in interviewer-administered modes they may only hear 
them. Furthermore, mail mode respondents see the questions on paper, while web 
mode respondents see them on electronic devices with varying screen sizes. Mail 
mode respondents answer using a pen or pencil while web mode respondents use a 
mouse, keyboard or touchscreen. Such features can have an influence on the com-
parability and quality of the measurement instrument. 

Klausch et al.’s (2013) findings suggest that comparability of measurement 
between modes may not be attainable when comparing self-administered and inter-
viewer-administered modes, but that measurement between different self-admin-
istered modes is comparable. Other authors have also reported this pattern (see 
e.g., De Leeuw & Hox, 2011; Hox et al., 2017). Yet, there are also studies finding 
differences within the group of self-administered modes, more specifically between 
mail and web mode, on aspects such as response quality, response patterns and esti-
mation precision (Savage & Waldman, 2008; Olsen, 2009; Kwak & Radler, 2002). 
These differences are, for example, hypothesised to be due to online respondents 
suffering more fatigue and boredom which, in turn, could be caused by visual and 
interactive stimuli in the online mode being more cognitively demanding (Savage 
& Waldman, 2008). Kwak and Radler (2002) also discuss that differences in visual 
display, for example, different sizes of open-answer fields, or in the relative burden 
caused by filter questions in mail as compared to in web surveys, could cause such 
mode differences. Olsen (2009) attributes these mode differences to different self-
selection processes into the mode groups. 

If measurement differs between modes, different ways of designing a survey 
question, which we refer to as different methods in the following, might thus be 
preferable per mode to ensure the highest measurement quality. For example, longer 
response scales, i.e., with more answer categories (see e.g., Alwin, 1997; Andrews, 
1984; Cox III, 1980; Költringer, 1995; Saris et al., 1977), as well as fully labelled 
response scales (see e.g., Alwin, 2007; Alwin & Krosnick, 1991; Saris & Gallhofer, 
2007) tend to lead to higher measurement quality. However, one might not expect 
long and fully labelled scales to lead to high measurement quality in purely oral 
modes where respondents are unlikely to keep all response options equally present 
in their memory before answering (Krosnick & Alwin, 1987). Thus, long lists of 
response categories are typically not read out in oral modes (Schwarz et al., 1991). 
For unimode surveys, method recommendations tailored to the employed mode 
may thus be followed. However, where comparability across modes is crucial, such 
as in mixed-mode surveys, the focus should be on finding those methods that lead 
to the highest measurement quality in all modes used.
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Various question characteristics have been studied in terms of their links to 
measurement quality (see e.g., DeCastellarnau, 2018). While, in practice, question 
characteristics are often interrelated and there are no incontestable unique guide-
lines on what works best (DeCastellarnau, 2018; Saris & Gallhofer, 2014; Schaeffer 
& Dykema, 2020), this research helps questionnaire designers. It enables them to 
carefully consider the way they employ question characteristics in their measure-
ment instruments, taking into account different theoretical arguments and empiri-
cal evidence. Previous research has determined the measurement quality of spe-
cific questions (see e.g., Revilla et al., 2014; Oberski et al., 2007) as well as the 
influence of question characteristics on measurement quality through meta-analysis 
(Kogovšek & Ferligoj, 2005; Saris & Gallhofer; 2014; Saris et al., 2011; Scher-
penzeel & Saris, 1997). Such research has been conducted in several countries, 
concerning various question topics and in different modes of data collection. Still, 
as web surveys have existed for a relatively short time, measurement quality assess-
ments for this mode are still rarer than for other modes (Bosch et al., 2019). Fur-
thermore, web panels are a special context in which web surveys are administered, 
on which even less research exists. The specificity here comes particularly from the 
fact that panel conditioning, i.e., training or learning effects, can appear, which tend 
to lead to an increase in the reliability and stability of responses over time (Sturgis 
et al., 2009). Moreover, as in most countries substantive parts of the population do 
not use the internet (World Bank, 2020), it is crucial to also study the measurement 
quality of survey questions in mixed-mode settings (Callegaro et al., 2014).

This study therefore sets out to assess measurement quality in a mixed-mode 
panel survey, using web and mail mode, to find a measurement method that results 
in the highest measurement quality across both modes. We do this by conducting 
two Multitrait-Multimethod (MTMM) experiments, allowing us to estimate mea-
surement quality as defined above. Furthermore, to advance research on the links 
between question characteristics and measurement quality, we particularly focus on 
the effect of two response scale characteristics, namely the length and labelling of 
response scales.

This paper proceeds as follows: We first present the theoretical argumentation  
and empirical evidence concerning using response scales of a certain length and 
using fully versus partially labelled response scales. On this basis, we formulate 
hypotheses. We then describe the data, the experimental design and the analytical 
strategy. Subsequently, we present the results, discuss them and draw conclusions. 
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Theory and Empirical Evidence:  
Scale Characteristics and their Impact on 
Measurement Quality 
Length of Response Scales: Theory

Much of the literature on the relationship between response scale length and mea-
surement quality bases its theoretical argument on the theory of information (e.g., 
Alwin, 2007; Alwin et al., 2018; Revilla et al., 2014). The theory of information 
suggests that with an increasing number of scale points, not only the direction but 
also the intensity or extremity of an attitude can be assessed in an increasingly 
detailed fashion (Garner, 1960). Therefore, longer scales should result in better 
measurement quality because more information can be gathered (see also Alwin, 
1997; Andrews, 1984; Cox III, 1980; Költringer, 1995; Saris et al., 1977). Along the 
same lines, Alwin and Krosnick (1991) describe that offering too few categories 
would lead to a loss of information, as respondents would have to ‘round’ their 
answers.

However, there are also arguments for not including too many answer catego-
ries. Schaeffer and Presser (2003) state that the right response scale length should 
be a compromise between offering more potential for finer distinctions and con-
sidering respondents’ limited capacities for making finer distinctions reliably and 
in similar ways. For example, a 100-point scale enables respondents to make finer 
distinctions than a five-point scale. However, it bears higher potential to induce 
different responses from a respondent when asked repeatedly across time, as well 
as to be used in different ways across respondents compared to a five-points scale. 
Similarly, other authors argue against the use of long response scales, referring 
to the suggestion of cognitive theorists that there is an upper limit to how many 
answer categories respondents can handle (Vall-Llosera et al., 2020). At a certain 
point, adding more categories results in the answer options having less rather than 
more meaning. Moreover, referring to motivational theories, the task of answer-
ing survey questions becomes increasingly complex the more answer categories 
are offered, thus too many scale points could lead to satisficing (Alwin, 1997). 
Especially scholars discussing very long scales have pointed out that respondents 
are likely to engage in rounding which can be regarded as a form of satisficing 
because, rather than considering all answer options, the task complexity is reduced 
by effectively only considering a part of the answer options (Liu & Conrad, 2016; 
Tourangeau et al., 2000). 
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Length of Response Scales: Empirical Evidence

Previous studies offer a large body of empirical findings on the optimal length of 
response scales. It should be noted that response scales can be classified in terms 
of various characteristics, such as the scales’ evaluative dimension (item-specific 
versus agree-disagree) or the scales’ polarity (unipolar versus bipolar) (DeCastel-
larnau, 2018). These characteristics are interrelated. For example, agree-disagree 
scales are always bipolar. To review the empirical literature on the impact of single 
response scale characteristics on measurement quality, we will draw from findings 
on scales that are otherwise heterogenous. For example, we will look at the effects 
of response scale length in both item-specific and agree-disagree scales, to gather 
as many findings as possible on the impact of response scale length on measurement 
quality. Moreover, due to the mixed-mode angle of this study, we will also consider 
whether results differ across modes in our review. Where operationalizations of 
measurement quality, reliability or validity diverge from the operationalization we 
use, this will be indicated in the following by specifying the exact indicator used 
(e.g., test-retest reliability) or by describing the operationalization. 

Many scholars report an improvement of measurement quality with an increase 
of answer categories. For example, Alwin (1997) finds higher reliability and valid-
ity for eleven-point scales than for seven-point scales in a study employing face-to-
face mode. Andrews (1984) also finds that using more categories increases mea-
surement quality, both in terms of reliability and validity, in a study conducted in 
various modes, namely telephone, face-to-face and group interviews. Rodgers et al. 
(1992) find in a face-to-face study that both validity and reliability increase with the 
number of scale points. Lundmark et al. (2016) look at concurrent validity, i.e., the 
extent to which a variable can predict other variables it should be related to. They 
find this to be higher for longer scales (seven and eleven-point scales as compared 
to two-point scales) in a web mode survey. Furthermore, Wu and Leung (2017) use 
simulated survey data to compare scales of four, five, six, seven and eleven points 
and find the longer scales to lead to higher measurement quality, here defined as the 
accordance of the simulated data with the ‘true scores’ calculated from a known 
underlying distribution. Revilla and Ochoa (2015) similarly find longer scales to 
lead to better measurement quality, at least up to eleven points, focusing on item 
specific scales in a web survey. Yet, looking specifically at agree-disagree scales, 
Revilla et al. (2014) do not find measurement quality to improve by increasing the 
number of scale points beyond five. Their results are based on a face-to-face study.

Many authors find that improving measurement quality by increasing the 
number of answer categories only works up to a certain point beyond which no 
improvements are observed. Instead, quality might even decrease. This is often 
described as a curvilinear effect. For example, Preston and Colman’s (2000) find-
ings suggest a curvilinear effect when looking at test-retest reliability: Adding cat-
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egories increases this measure of reliability between two and ten scale points, but 
adding further points leads to a decrease in test-retest reliability. They find a similar 
pattern when looking at indicators of criterion and convergent validity. Their study 
was conducted using self-administered paper questionnaires. Similarly, Saris and 
Gallhofer (2007) find that increasing the number of categories up to eleven points 
leads to improved measurement quality in their meta-analysis based on data from 
face-to-face interviews, the disk-by-mail approach1 and the Telepanel2. Alwin and 
Krosnick (1991), using data from face-to-face interviews, find that for item specific 
questions, the quasi-simplex model reliability3 increases from three to seven points 
and then remains constant when the scale is extended to nine points.

In contrast, other scholars find relatively short scales to be superior. McKel-
vie (1978) finds that test-retest reliability tends to be highest when using five-point 
scales in his study using self-administered paper questionnaires. Alwin (2007), 
looking particularly at unipolar scales and using quasi-simplex models, finds that 
they are most reliable at four points. He bases his findings on a mix of face-to-face 
and self-administered paper questionnaire surveys. Scherpenzeel and Saris (1997) 
stress the different effects response scale length can have on validity and reliability 
showing that validity is highest at four, five or seven points while reliability is high-
est at two to three points. They analyse data from web surveys, mail surveys and 
computer assisted telephone interviews (CATI). They also look at potential differ-
ences between modes but do not find any. Alwin et al. (2018) find that reliability 
tends to decline with an increasing number of response options, with two-point 
scales resulting in the highest reliability. Unipolar measures of attitudes form the 
exception. For this type of question, reliability increases with longer scales. Their 
analysis is based on General Social Survey questions conducted in face-to-face 
mode.

There are also studies suggesting that changing the number of response catego-
ries does not affect measurement quality. Jacoby and Matell (1971), looking at both 
test-retest reliability and indicators for predictive and concurrent validity, find this 
in their study focusing on agree-disagree scales based on self-administered paper 
questionnaires. McKelvie (1978) also finds indications for this, at least in terms of 
validity, in his study using self-administered paper questionnaires. More precisely, 
he does not find criterion validity, operationalized as correlating responses with 

1	 A floppy disk containing the survey and the programme required to open the survey 
was sent to respondents.

2	 An early web mode approach. Respondents were provided with a computer and a mo-
dem, if necessary, so that surveys could be sent to them.

3	 The quasi-simplex model is an extension of the test-retest model using at least three 
repeated measures of the same variable over time to estimate reliability. It allows to 
account for change in the measure of interest and assumes that there is no method effect 
(Saris & Gallhofer, 2014).  
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available objectively correct values, to be affected by a change in the number of 
answer categories.

Overall, most empirical findings seem to suggest that longer scales can indeed 
lead to higher measurement quality but that this only works up to a certain point 
from which on quality tends to remain stable. Yet, different studies find different 
optimal numbers of scale points, ranging from five to eleven. From this review, we 
cannot deduce that this should differ between web and mail mode. We therefore 
expect that response scales with five to eleven points result in the highest measure-
ment quality in both web and mail mode (H1).

Fully Labelled Versus Partially Labelled Response Scales: 
Theory 

More comprehensive labelling of a scale is commonly assumed to be beneficial as it 
clarifies the meaning of otherwise ambiguous scale points, thus reducing variabil-
ity in scale point interpretation across respondents (Alwin, 2007; Eutsler & Lang, 
2015; Krosnick & Berent, 1993; Krosnick & Fabrigar, 1997). Verbal labels should 
be a more natural form of expressing meaning compared to numbers (Krosnick & 
Fabrigar, 1997). Receiving the information in text form, rather than via numbers, 
should therefore reduce respondent burden (Krosnick & Presser, 2010).

Yet, there are arguments that suggest more extensive verbal labelling might 
be harmful to measurement quality. For example, Krosnick and Fabrigar (1997) 
mention that verbal labels could be problematic due to language ambiguity and are 
also more difficult to remember (see also Alwin & Krosnick, 1991). They argue 
that the task of answering a survey question could be less cognitively demanding 
for respondents if they have to read fewer labels, for example, when only end point 
labels are used (see also Kunz, 2015). This stands in direct contrast with the argu-
ment made above. Menold et al. (2014) reconcile these opposing assumptions stat-
ing that while full verbal labelling facilitates interpretation, it makes the mapping 
process more burdensome when compared to end point labelling.

Fully Labelled Versus Partially Lablled Response Scales:  
Empirical Evidence

The vast majority of research finds fully labelled scales to be superior to partially 
labelled ones of similar length. For example, Alwin (2007) finds the quasi-sim-
plex model reliability of response scales to increase when full labels rather than 
just endpoint labels are used. He bases his work on a variety of face-to-face and 
self-administered paper questionnaire surveys (administered on site, i.e., not mail 
mode). Alwin and Krosnick (1991) find that using fully labelled response options is 
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associated with an increase in quasi-simplex model reliability in a study based on 
face-to-face and telephone surveys. Similarly, Saris and Gallhofer (2007), in their 
study based on data from face-to-face interviews, the disk-by-mail approach and 
the Telepanel find that the use of verbal labels increases the reliability of questions.

There are, however, also some findings that point in the opposite direction. 
Andrews (1984) concludes from his analyses of data collected in telephone and 
face-to-face individual and group interviews that measurement quality decreases 
where fully labelled answer categories are used. Similarly, Rodgers et al. (1992) 
find full labelling to lead to more random measurement error, i.e., lower reliability, 
in a face-to-face survey. 

To sum up, most empirical assessments of the issue find that fully labelled 
scales lead to higher measurement quality. This was found to be the case across 
various modes. We therefore expect that fully labelled response scales lead to 
higher measurement quality in both web and mail mode (H2).

Comparing the Effects of Scale Length and Full Labelling

So far, we have focused on the impact of the length of response scales and the 
labelling of response scales separately. However, for the sake of deriving practical 
recommendations for questionnaire designers, we would also like to assess whether 
it is more beneficial for measurement quality to have a long or a fully labelled 
response scale. We could only find one study that compared the effect of these two 
characteristics on measurement quality based on a meta-analysis. Andrews (1984) 
shows that the number of scale categories explains a larger share of the variance in 
validity and reliability than the labelling of the scale. Therefore, we expect that the 
benefit of employing longer response scales will outweigh the benefit of employing 
fully labelled response scales (H3).

Data and Method
Sample

We conduct the experiments in the GESIS Panel, a probability-based mixed-mode 
panel in which about 75% of the respondents answer in web mode and 25% in mail 
mode. The GESIS Panel was founded in 2013 and contains about 5000 panelists. To 
account for attrition, the sample was refreshed in 2016 and 2018. Every two months, 
panelists are invited to participate in a survey lasting approximately 20 minutes. 
They receive a five-euro prepaid incentive with each survey invitation (GESIS, 
2020; Minderop et al., 2019; Bosnjak et al., 2017). Upon a face-to-face recruitment 
interview, those respondents who indicated that they use the internet regularly were 
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offered to participate in web mode. Interviewers were requested to present online 
participation as an attractive option and to persuade respondents to participate in 
web mode. However, internet users were also free to opt for mail mode. Those 
respondents who did not use the internet were only presented the option to partici-
pate in mail mode (Bosnjak et al., 2017). The Multitrait-Multimethod experiments 
were implemented in the ‘gb’ wave fielded in April and May 2019 (GESIS, 2020). 

Sociodemographic characteristics of both web mode and mail mode respon-
dents in the sample before listwise deletion4 of respondents with missing values on 
the experimental variables are presented in Table 1. As can be expected, respon-
dents who self-selected into the web mode differ significantly from those who self-
selected into the mail mode. Mail respondents are on average about ten years older 
than web respondents (p<.001). Furthermore, the proportion of female respondents 
is about five percentage points higher among mail respondents than among web 
respondents (p<.05). Women are thus overrepresented in mail mode. The propor-
tion of respondents who have obtained a university degree is substantially higher 
among web mode respondents (34%) than among mail mode respondents (14%) 
(p<.001). After listwise deletion of cases with missing values, the total valid sample 
size for experiment 1 (environmental attitudes) is n=3,632 and n=3,589 for experi-
ment 2 (supernatural beliefs). We also conduct analyses of variance to check if 
sociodemographic characteristics differ significantly across the experimental 
groups. The results show that differences approach significance (p=.0596) only for 
‘university education’. Concretely, the proportion of respondents who indicated that 
a university degree is their highest achieved level of education is about four per-
centage points lower for group two (26.34%) than for groups one and three (30.29% 
and 29.34%, respectively). As this difference is substantively small, we see no rea-

4	 We ran a robustness analysis using pairwise deletion instead. The resulting estimates 
are extremely similar to those found using listwise deletion. The results would not lead 
to an alteration of any substantive findings.

Table 1	 Characteristics of sample before listwise deletion for both web and 
mail mode (unweighted)

Web mode Mail mode

Mean SD Valid n Mean SD Valid n

Age 47.08 14.36 2,779 57.19 12.69 1,028
Female 49.14% .50 2,784 54.07% 49.86 1,032
University education 34.18% 47.44 2.762 13.76% 34.46 1,025

Total 2,784 1,032
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son to be concerned about the success of respondents’ random assignment into 
experimental groups.

The True Score MTMM Model

The MTMM experimental design used here is based on the True Score MTMM 
(TS-MTMM) model proposed by Saris and Andrews (1991) to estimate the reliabil-
ity, validity, and quality of the survey questions. According to Saris and Andrews 
(1991), measurement quality is defined as the product of validity and reliability. 
Validity is defined as the strength of the relationship between a latent variable 
of interest and the ‘true score’ and reliability as the strength of the relationship 
between the ‘true score’ and the observed variable.

The following system of equations describes the TS-MTMM model:

Yij = rij Tij + eij	 (1)

Tij = vij Fi + mij Mj   	 (2)

with Fi being the ith trait or factor, Mj being the jth method, Yij being the observed 
answer for the ith trait and the jth method, Tij being the true score factor or systematic 
component of the response, rij being the reliability coefficient (when standardized), 
vij being the validity coefficient (when standardized), and eij being the random error 
associated with Yij.

Equation (1) defines the observed variables as the sum of the associated sys-
tematic component and random errors. Equation (2) defines the systematic com-
ponents themselves as the sum of the trait component and the effect of the method 
employed to assess the trait. The total measurement quality can be obtained by 
taking the product of the reliability and validity, being the reliability coefficient 
and the validity coefficient squared: An illustration of the path diagram of the True 
Score MTMM model for three traits, each measured with three methods is pre-
sented in Figure 1. 
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Figure 1	 Path diagram of the True Score MTMM model for three traits and 
three methods

It shows that each trait (Fi) is measured three times with different methods 
(Mj). This results in nine true scores (Tij) which are measured by the nine survey 
questions that are evaluated in each experiment. The observed responses to these 
nine questions are denoted as Yij. By measuring three correlated traits with three 
methods, we can thus estimate the measurement quality of all employed survey 
questions estimating the TS-MTMM model using Structural Equation Modelling 
(SEM) (see also section on analytical strategy).

As Figure 1 shows, we assume the traits (Fi) to be correlated, the method fac-
tors (Mj) to be uncorrelated, and the method factors to be uncorrelated with the trait 
factors. We also assume that the impact of the method factor on the traits measured 
with a common scale is the same and that the random errors (eij) are uncorrelated 
with each other and with the true scores (Tij), the trait factors (Fi) and the method 
factors (Mj).

The Assessed Traits

The traits for experiment 1 are three questions on environmental attitudes based on 
previous questions asked on the GESIS Panel (GESIS, 2020). The traits for exper-
iment 2 are three questions in supernatural beliefs based on questions from the 
ALLBUS 2012 (GESIS, 2016). Table 2 shows English translations of the questions. 
The German questions can be found in Appendix B.
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Table 2	 Traits 

Experiment 1: Environmental attitudes

Trait 1 Can you identify with environmentalists?

Trait 2 Should we all be willing to restrict our current living standard for the benefit of 
the environment? 

Trait 3 Do you believe that some problems of our times would be solved if we went back 
to a more rural and natural lifestyle? 

Experiment 2: Supernatural beliefs

How much do you believe in the following?

Trait 1 …in life after death 

Trait 2 …in heaven 

Trait 3 …in miracles

The Assessed Methods

To test our hypotheses, we focus on varying the length of the response scales and the 
extent of labelling answer categories. However, to be able to identify the MTMM 
model in the analysis, it is helpful to vary further question characteristics. In the 
three assessed methods, we vary the following characteristics (see also Table 3): (1) 
the length of the response scale; (2) the verbal labelling of the response scale (fully 
versus partially labelled); (3) whether a continuous or discrete scale is used; (4) 
whether the scale is presented in a horizontal format or as a numerical open-ended 
scale; (5) whether a definition of the scale is present in the request or not. Figures 2 
and 3 display how the methods for the first trait of the first experiment appear in the 
GESIS Panel web and mail questionnaire, respectively. In Appendix A, we present 
an exemplary smartphone screenshot, showing that the horizontal response scales 
were also displayed horizontally on small screen mobile devices. 

Table 3	 Variations of question characteristics across methods

Variation Method 1 Method 2 Method 3

1 7-points 101-points 11-points

2 Fully labelled Partially labelled Partially labelled

3 Discrete Continuous Discrete

4 No definition of scale Definition of scale Definition of scale

5 Horizontal Numerical open-ended scale Horizontal
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Method 1:

 

Method 2:

 

Method 3:

 

Figure 2	 Screenshots of the GESIS Panel web questionnaire: Trait 1 of experi-
ment 1 asked with methods 1, 2 and 3
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Method 1:

 
Method 2:

 

Method 3:

 Figure 3	 Depiction of the GESIS Panel mail questionnaire: Trait 1 of experi-
ment 1 asked with methods 1, 2 and 3

Experimental Design

For the experiments, respondents are randomly assigned to three groups of approx-
imately equal size. In three-group Split Ballot MTMM experiments, each group 
receives three questions asking for the three traits using one method at time 1 
(towards the middle of the questionnaire), and each group receives the same three 
questions again but with another method at time 2 (at the end of the questionnaire). 
Other questions are asked in between the two instances to reduce memory effects 
(Schwarz et al., 2020; Van Meurs & Saris, 1990). By implementing two methods 
in each group but varying which methods these are across groups, all combina-
tions of methods are covered. Also, respondents do not have to handle the burden 
and potential fatigue that would result from asking them the same questions three 
times. As we run two MTMM experiments in one survey, we vary which groups 
are asked with which methods across the two experiments (see Table 4) to avoid 
repetitions of the same methods within a group as much as possible.
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Table 4	 Three-group Split-Ballot MTMM Design for both experiments

Time 1 Time 2

Experiment 1 Experiment 2 Experiment 1 Experiment 2

Group 1 M1 M2 M2 M3

Group 2 M2 M3 M3 M1

Group 3 M3 M1 M1 M2

Analytical Strategy: Model Estimation and Testing

For model estimation we use Maximum Likelihood in LISREL 8.72 (Jöreskog & 
Sörbom, 1996). The base model in LISREL notation can be found in Appendix C. 
We run three separate analyses: (1) for the entire sample, (2) only for web mode 
respondents and (3) only for mail mode respondents. For testing, we evaluate the 
local model fit with the software JRule (Van der Veld et al., 2008). Parameter mis-
specifications indicated by JRule are used to improve the model. Such improve-
ments can consist in allowing unequal effects of one method on the different traits, 
freeing error variances because of timing effects, adding a correlation between two 
methods, or allowing correlations between errors due to expected memory effects. 
As we expect the same models to hold in the analysis of the entire sample as well as 
presenting reliability and validity separately, we aim to implement the same adjust-
ments to the model across these analyses. However, this is not always possible (i.e., 
it can result in improper solutions or poor model fit). The final model adjustments 
for all analyses are shown in Appendix D, as are the global model fit indices and 
indications of remaining local misspecifications as shown by JRule. 

Results
In Table 5, we present the average measurement quality across traits by method, 
experiment and mode. The detailed results, i.e., per trait as well as presenting reli-
ability and validity separately, are shown in Appendix E. We consider a quality 
estimate above or equal to .9 to indicate excellent measurement quality, a quality 
estimate between .9 and .8 good quality and a quality estimate between .8 and .7 
acceptable quality. A quality estimate between .7 and .6 is seen as questionable, and 
quality estimates below .6 are interpreted as poor measurement quality.



177 Schwarz et al.: In Search of the Best Response Scale in a Mixed-mode Survey

Table 5	 Average quality across all traits by method, mode of data collection 
and experiment

Experiment: 
Environmental Attitudes

Experiment: 
Supernatural Beliefs Both experiments

Both 
modes Web Mail

Both 
modes Web Mail

Both 
modes Web Mail

M1 0.69 0.73 0.59 0.90 0.89 0.89 0.80 0.81 0.74

M2 0.72 0.77 0.66 0.89 0.90 0.86 0.80 0.83 0.76

M3 0.83 0.83 0.79 0.99 1.00 0.97 0.91 0.91 0.88

Note: M= Method; M1= 7-point fully labelled horizontal, no scale definition; M2= 
101-point numerical open-ended scale, scale definition present; M3= 11-point partially 
labelled horizontal, scale definition present.

Looking at all average quality estimates across methods and experiments, we 
find that measurement quality tends to be especially high for the experiment on 
supernatural beliefs, with all estimates indicating excellent or good quality. Find-
ings are more mixed for the experiment on environmental attitudes, with quality 
estimates ranging from good to questionable and even to poor in one instance (for 
method 1 in mail mode). 

When we look at the average quality for each method in both experiments, 
we find that, overall, method 3 (eleven points, only end points labelled) obtains the 
highest quality (between .79 and 1), independently of the mode of data collection 
or the topic of the experiment. Thus, our hypothesis that the benefits of using long 
response scales outweigh the benefits of using fully labelled response scales (H3) 
cannot be rejected. Comparing the performance of method 1 (seven-point fully 
labelled) and method 2 (numerical open-ended scale ranging from zero to 100) in 
all modes and experiments shows that they perform similarly. An exception can be 
observed in mail mode in experiment 1, where method 1 performs substantially 
worse than method 2. The similar performance of methods 1 and 2 is not in line 
with our expectation formulated in H1 that scales between five and eleven points 
result in the highest measurement quality. Instead, our results show that the 101-
point scale tends to result in the same measurement quality as the seven-point scale. 
For the experiment on environmental attitudes, it appears that the longer scale even 
outperforms the seven-point scale, at least for mail mode. Moreover, the observa-
tion that method 1 results in the lowest measurement quality in most instances and 
that it is consistently outperformed by the partially labelled scale (method 3) means 
we can reject H2 that fully labelled response scales lead to higher measurement 
quality.
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Furthermore, the observation that method 3 performs best across all modes 
and that there are few differences in the performance of methods 1 and 2 in the dif-
ferent modes also means that it is indeed possible to find one method that performs 
best across both modes in this case5.

Discussion and Conclusion
In this paper we set out to assess which response scale results in the highest mea-
surement quality across two modes of data collection, self-completion in a web 
survey (web mode) and on a paper questionnaire (mail mode). Given the differing 
internet penetration and internet literacy across and even within countries, such 
mixed-mode designs are a valuable option to increase survey participation while 
saving costs. Based on the state-of-the-art in the field, we formulated hypotheses 
regarding the impact of length and labelling of response scales on measurement 
quality. 

In line with the literature, we find that the eleven-point partially labelled scale 
(method 3) consistently produces the highest measurement quality across modes 
for both experiments (Preston & Colman, 2000; Rodgers et al., 1992; Saris & Gall-
hofer, 2007). Contrary to previous results, we find that a numerical open-ended 
scale, i.e., a scale requiring respondents to indicate the answer using a number, here 
between zero and 100, and a seven-point fully labelled response scale tend to result 
in the same measurement quality. Previous literature has found fully labelled scales 
to lead to higher measurement quality across various modes including self-com-
pletion on the web (Saris & Gallhofer, 2007) and on paper questionnaires (Alwin, 
2007). 

Moreover, differences in measurement quality across modes have been 
reported (Sánchez Tomé, 2018; Tourangeau, 2017; Dillman et al., 2014). However, 
our study suggests that there are no systematic differences across modes concern-
ing the effect of response scale length and labelling on measurement quality.

Furthermore, we find that using longer response scales seems to give more 
of a boost to measurement quality than using fully labelled scales (H3). The par-
tially labelled eleven-point scale (method 3) outperforms the fully labelled seven-
point scale (method 1) consistently, and the numerical open-ended scale (method 
2) outperforms the fully labelled seven-point scale (method 1) for one mode in one 
experiment. However, longer scales are not generally better. Our study shows that 

5	 We also ran a robustness analysis on only respondents using smartphones (valid n for 
the experiment on environmental attitudes is 512 and for the experiment on supernatu-
ral beliefs is 516). The resulting estimates are extremely similar to those found for web 
mode overall. Analysing smartphone respondents separately leads to the same substan-
tive findings.
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increasing the number of scale points from seven to eleven yields higher measure-
ment quality but increasing it from eleven to 101 points leads to inferior measure-
ment quality.

On the basis of these findings, we can recommend using an eleven-point par-
tially labelled scale (method 3) when measuring attitudes or beliefs in mixed-mode 
surveys combining web and mail mode. Furthermore, we recommend prioritizing 
the use of longer response scales (up to eleven points) over the use of seven-point 
fully labelled scales. 

One limitation of our study results from the suboptimal formulation of the 
questions of experiment 1. Question formulations here did not indicate that respon-
dents would be able to give a nuanced answer but read as yes/no questions. This 
might partly explain why lower measurement quality is obtained by the questions 
of experiment 1 compared to those of experiment 2. 

Another limitation is that, given the design of our experiments, we cannot 
draw conclusions beyond the particular combinations of characteristics present in 
the tested response scales. To estimate an MTMM model, several scale character-
istics should be varied across methods. Therefore, we could not assess the isolated 
effect of one scale characteristic. To do so, more experiments and a meta-analy-
sis are needed (Kogovšek & Ferligoj, 2005; Saris & Gallhofer, 2014; Saris et al., 
2011; Scherpenzeel & Saris, 1997). However, in terms of practical implications it 
is not always necessary to unconfound the impact of different question character-
istics. In survey practice, specific question characteristics tend to occur together 
(e.g., eleven-point scales are usually only partially labelled), while the combina-
tion of other question characteristics is less practically feasible, less common, and 
therefore less relevant to study (e.g., eleven-point scales are rarely fully labelled). 
These “structural dependencies among sets of characteristics” are also pointed out 
by Schaeffer and Dykema (2020, p.10.6), reminding us that decisions in the design 
of survey questions depend on what combinations of characteristics can or cannot 
occur together. The results of MTMM experiments showing which measurement 
scales lead to which measurement quality thus remain a vital basis for question-
naire design.

Further research is needed to investigate the questions left open by this study: 
Does full labelling only lead to higher measurement quality in shorter scales? Are 
eleven points really the optimal length, or may slightly shorter scales (for example: 
nine points) be preferable? If the seven-point scale had been only partially labelled, 
would it still be outperformed by the partially labelled eleven-point scale? And 
would any of these adjustments have resulted in differences across modes? In short, 
a variety of feasible scales remain to be tested on mixed-mode panels such as the 
GESIS Panel and mode differences should always be taken into account.
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Appendices

Appendix A:  
Example smartphone screenshot

 

Figure 4	 Depiction of the GESIS Panel web questionnaire on a smartphone: 
Showing the horizontal scale of method 3 (example: Experiment 1, 
trait 3)
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Appendix B:  
Question formulations (original German versions)

Traits Experiment 1: Environmental attitudes

Trait 1 Können Sie sich mit Umweltschützern identifizieren?

Trait 2 Sollten wir alle bereit sein, unseren derzeitigen Lebensstandard zugunsten 
der Umwelt einzuschränken?

Trait 3 Glauben Sie, dass einige Probleme unserer Zeit gelöst würden, wenn wir zu 
einem ländlicheren und natürlicheren Lebensstil zurück fänden?

Traits Experiment 2: Supernatural beliefs

Wie sehr glauben Sie an Folgendes?

Trait 1 An ein Leben nach dem Tod

Trait 2 An den Himmel

Trait 3 An Wunder
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Appendix C:  
Lisrel Input Base Model

! group 1
Data ng=3  ni=9 no=1368 ma=cm
km file=sb-group-1-corr.corr
mean file=sb-group-1-mean.mean
sd  file=sb-group-1-sd.sd 
model ny=9 ne=9 nk=6  ly=fu,fi te=sy,fi ps=sy,fi be=fu,fi ga=fu,fi ph=sy,fi

! set lambdas of observed traits to 1, of not observed to 0
value 1 ly 1 1 ly 2 2 ly 3 3 ly 4 4 ly 5 5 ly 6 6 
value 0 ly 7 7 ly 8 8 ly 9 9 

! free error variances of all observed traits, set error variance of not observed to 1
fr te 1 1 te 2 2 te 3 3 te 4 4 te 5 5 te 6 6 
value 1 te 7 7 te 8 8 te 9 9

! free trait gammas
fr ga 1 1 ga 2 2 ga 3 3 ga 4 1 ga 5 2 ga 6 3 ga 7 1 ga 8 2 ga 9 3

! set method gammas to 1
value 1  ga 2 4 ga 5 5 ga 8 6 ga 1 4  ga 4 5 ga 7 6 
value 1 ga 3 4 ga 6 5 ga 9 6

! set trait variances to 1
value 1 ph 1 1 ph 2 2 ph 3 3

! free correlations among traits
fr ph 2 1 ph 3 1 ph 3 2 

! free method variances
fr ph 4 4 ph 5 5 ph 6 6

pd
out mi iter= 5000 adm=off sc ec

! group 2
Data ni=9 no=1357  ma=cm
km file=sb-group-2-corr.corr
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mean file=sb-group-2-mean.mean
sd  file=sb-group-2-sd.sd 
model ny=9 ne=9 nk=6 ly=fu,fi te=sy,fi ps=in be=in ga=in ph=in

! set lambdas of observed traits to 1, of not observed to 0
va 1 ly 4 4 ly 5 5 ly 6 6 ly 7 7 ly 8 8 ly 9 9 
value 0 ly 1 1 ly 2 2 ly 3 3

! free error variances of all observed traits, set error variance of not observed to 1
fr te 4 4 te 5 5 te 6 6 te 7 7 te 8 8 te 9 9
va 1 te 1 1 te 2 2 te 3 3

equal te 1 4 4 te 4 4
equal te 1 5 5 te 5 5
equal te 1 6 6 te 6 6

pd
out mi iter= 5000 adm=off sc ec

! group 3
Data ni=9 no=923 ma=cm
km file=sb-group-3-corr.corr
mean file=sb-group-3-mean.mean
sd  file=sb-group-3-sd.sd 
model ny=9 ne=9 nk=6 ly=fu,fi te=sy,fi ps=in be=in ga=in ph=in

fr te 1 1 te 2 2 te 3 3 te 7 7 te 8 8 te 9 9
va 1 ly 1 1 ly 2 2 ly 3 3 ly 7 7 ly 8 8 ly 9 9 te 4 4 te 5 5 
va 1 te 6 6

value 0 ly 4 4 ly 5 5 ly 6 6 

equal te 1 1 1 te 1 1
equal te 1 2 2 te 2 2
equal te 1 3 3 te 3 3
equal te 2 7 7 te 7 7
equal te 2 8 8 te 8 8
equal te 2 9 9 te 9 9

pd
out mi iter= 5000 adm=off sc ec 
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Appendix D:  
Final Lisrel model adjustments, fit and JRule evaluation

Experiment Mode Model adjustments
(in LISREL notation) df χ2 p-

value RMSEA CFI JRule

Environ- 
mental  
attitudes

Both FR GA14 GA76 PH44(G3) 108 70.43 0,998 0,00 1,00 None

Web FR GA14 GA76 PH44(G3) 108 79.56 0,982 0,00 1,00 2

Mail FR GA14 GA45 GA76 108 78.95 0,984 0,00 1,00 6

Super 
natural  
beliefs

Both FR TE66(G2) 110 297.19 0,000 0,04 0,99 4

Web VA 0 TE99(G3)* 112 231.61 0,000 0,04 0,99 2

Mail FR GA34 110 108.57 0,521 0,00 1,00 None

*Note: When looking for a suitable model to analyse the answers of online respondents 
in Experiment 2, the best solutions found still resulted in a small negative error variance 
of the observed variable measuring trait 3 with method 3 (te 9 9), equal to -.01. However, 
given the fact that fixing this parameter to zero neither substantially affects the resulting 
estimates nor the fit of the model, we decided to accept the model with this parameter fixed 
to zero as our final solution in this case.
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Appendix E:  
Reliability, validity, and quality estimates for the different 
traits and methods for both experiments by mode

Reliability Validity Quality
T1 T2 T3 Avg T1 T2 T3 Avg T1 T2 T3 Avg

Experiment: Environmental Attitudes
Both modes
M1 (Time 1) .76 .76 .81 .77 .96 .90 .92 .93 .73 .68 .75 .72
M1 (Time 2) .77 .79 .83 .80 .92 .76 .83 .84 .71 .60 .69 .67
M2 .81 .83 .86 .83 .86 .85 .86 .86 .70 .70 .75 .72
M3 .85 .83 .85 .84 1.00 .98 .98 .99 .85 .81 .83 .83

Web
M1 (Time 1) .77 .79 .83 .80 .98 .90 .94 .94 .76 .71 .78 .75
M1 (Time 2) .77 .81 .85 .81 .94 .79 .86 .87 .73 .64 .73 .70
M2 .86 .85 .88 .86 .90 .86 .90 .89 .78 .73 .80 .77
M3 .86 .83 .85 .85 .98 .98 .98 .98 .85 .81 .83 .83

Mail
M1 .77 .72 .77 .76 .86 .71 .77 .78 .67 .51 .60 .59
M2 .76 .81 .86 .81 .77 .83 .85 .82 .59 .67 .73 .66
M3 .86 .83 .83 .84 1.00 .90 .90 .94 .86 .75 .75 .79

Experiment: Supernatural Beliefs
Both modes
M1 .96 .96 .94 .95 .94 .94 .94 .94 .90 .90 .89 .90
M2 (Time 1) .96 .94 .94 .95 .96 .94 .94 .95 .92 .89 .89 .90
M2 (Time 2) .96 .94 .88 .93 .96 .94 .94 .95 .92 .89 .83 .88
M3 .98 1.00 .98 .99 1.00 1.00 1.00 1.00 .98 1.00 .98 .99

Web 
M1 .96 .96 .92 .95 .94 .94 .94 .94 .90 .90 .87 .89
M2 .96 .94 .94 .95 .96 .94 .94 .95 .92 .89 .89 .90
M3 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Mail 
M1 .98 .96 .90 .95 .94 .92 .94 .93 .92 .89 .85 .89
M2 .94 .94 .88 .92 .94 .92 .92 .93 .89 .87 .81 .86
M3 .98 1.00 1.00 .99 .98 .98 .98 .98 .96 .98 .98 .97

Note: M=Method, T=Trait, M1=7-point fully labelled horizontal, no scale definition; 
M2=101-point numerical open-ended scale, scale definition present; M3=11-point partially 
labelled horizontal, scale definition present; Avg=Average.




