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ABSTRACT 

This paper validates measures of response styles as latent variables using structural equation 

modeling. Next to measurement validation the main objective is to assess whether different 

modes of data collection bring along measurement bias due to response styles. Results 

indicate that Internet panel and telephone survey respondents do not show a higher yeah-

saying tendency than do people responding to a postal mail survey. Participants in web panel 

surveys also use the range of rating scales similarly compared to postal mail participants. 

Telephone survey respondents used a wider range of rating scale options. This may be due to 

primacy and recency effects of the response options. Internet pop-up surveys seem to lead to 

more yeah-saying, while respondents also use a narrower range of the rating scale. 
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INTRODUCTION 

In survey studies, researchers assume that the response to items in a questionnaire 

reflect a respondents true position with regard to the content of the question. This is, however, 

not always the case. The effect of random error has been generally accepted and is accounted 

for by using multi-item scales and correcting for measurement error (e.g. by computing 

internal consistency or using structural equation models). The effect of systematic error, on 

the other hand, poses more serious problems to the validity of survey research and has been as 

widely recognized or investigated (Baumgartner and Steenkamp 2001). Often, respondents 

seem to be prone to response styles, such as (dis)acquiescence response style or respondents’ 

tendency to (dis)agree with items irrespective of its content (Paulhus, 1991). The literature 

offers several definitions and operationalizations of response styles. The most exhaustive is 

probably the one proposed by Baumgartner and Steenkamp (2001) which offers a summary of 

previous proposals. Greenleaf (1992) proposes a similar alternative that is somewhat more 

parsimonious as it holds less overlap between response styles measures. Furthermore, since 

response styles can only be measured indirectly, it is surprising to see that there have been no 

studies that measure response styles using latent constructs. Therefore, the first objective of 

this paper is to reliably measure and validate response styles by means of structural equation 

modeling. We compare both Baumgartner and Steeenkamp’s (2001) and Greenleaf’s 

operationalizations and evaluate all psychometric properties of response style measures.  

To the best of our knowledge no research has investigated the impact of data 

collection methods on response styles and the validity of research results. This is an important 

issue for both practical and academic market(ing) research as it may shed a different light on 

the choice of which data collection procedure to use. Especially with the growing importance 

of the Internet and the ongoing discussion about its validity compared to traditional methods, 

it may enrich our understanding of various research methods. Web surveys are a very fast 

growing development in social research offering a multitude of opportunities for market 

research (e.g. experimentation, low cost, fast response (Gunter, Nicholas, Huntington and 

Williams 2002; Johnson 2001; Reips 2002; Griffis, Goldsby and Cooper 2003). Although 

researchers have identified a wide range of possible (dis-)advantages of web surveys the focus 

is mainly on response rate, response speed, costs, representativeness of samples, anonymity 

and confidentiality (Deutskens et al. 2004; Gunter et al. 2002; Truell 2003; also see Ployhart 

et al. 2003; Simsek and Veiga 2001; Thompson et al. 2003 in the domain of organisational 

psychology). The question remains open, however, whether any type of data collection 
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method affects response styles and data validity and how different methods compare. The 

second goal of this paper therefore builds on the first. We compare four types of survey data 

(web survey using an Internet panel and pop-up recruitment, regular mail and telephone 

interview) with one another in terms of the levels of bias due to response styles using the 

structural equation models validated earlier in the paper. 

 
OVERVIEW OF THE LITERATURE ON RESPONSE STYLES 

Following Paulhus (1991) and Baumgartner and Steenkamp (2001), we define a 

response style as a tendency to respond systematically to questionnaire items on some basis 

other than what the items were specifically designed to measure. A useful way to think of this, 

is in terms of true and error variance. 

Insert Figure 1 About Here 

Items are being designed to measure true variance. Unfortunately, this aim is not fully 

met due to the presence of error variance. Error variance has two components, a random and a 

systematic component. The systematic component can be split up into content related 

systematic error (i.e. due to response sets) and non-content related systematic error (i.e. due to 

response styles). A response set is related to content.  This means the respondent wants to 

create an impression of her/his self with regard to the item content. Social desirability is a 

well-known example of this. A response style, on the contrary, is a tendency to answer items 

in a certain way regardless of content. Response styles are not limited to specific domains, 

such as socially sensitive variables, or so-called ‘dark side variables’ (Mick 1996) and are 

omnipresent in marketing research (Baumgartner and Steenkamp 2001). Therefore, this study 

only treats response styles. Following Baumgartner and Steenkamp, we consider response 

styles as an interaction of personal dispositions and situational factors other than questionnaire 

content. Consequently, this conceptualization excludes response sets which are related to 

content but allow to test for differences according to mode of data collection. To avoid 

confusion appendix 1 shortly defines some general concepts as we use them in this text. 
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Typologies of response styles 

Next, we discuss two typologies of response styles and their operationalizations. The 

response styles discussed in these paragraphs are summarized in table 1, together with their 

abbreviations and definitions. 

Insert Table 1 About Here 

Baumgartner and Steenkamp (2001) 

Baumgartner and Steenkamp (2001) discuss seven reponse styles: acquiescence 

response style (ARS), disacquiescence response style (DARS), net acquiescence response 

style (NARS), extreme response style (ERS), response range (RR), midpoint responding 

(MPR) and noncontingent repsonse style (NCR). We refer to table 1 for the definitions. Note 

that NARS is nothing more than a summary measure of ARS and DARS and is therefore not 

further considered in this paper. In this paper, we will also not further discuss NCR. NCR is a 

non-systematic influence on observed scores (see figure 1) and, can consequently not be 

considered a response style as we treat it here.  

 

Greenleaf (1992) 

Greenleaf (1992) defines yea- and nay-saying as the general tendency to agree or 

disagree with statements and questions independent of specific item content, and standard 

deviation as the tendency to use a wide (or narrow) range of response intervals about the 

individual’s mean response. We will use the abbreviation ISM to refer to intra-subject mean, 

and ISSD to refer to intra-subject standard deviation.  

 

Effects of response styles 

We discern two main effects of response styles. First, they may bias the assessment of 

true scores by either suppressing or inflating observed scores. Second, they may bias the 

assessment of relations between true scores by either suppressing or inflating covariances and 

correlations between variables.  

Effect on scores. Baumgartner and Steenkamp (2001) examined the influence of ARS, 

DARS, ERS/RR, MPR and MPR on observed scores of a wide range of scales in a survey 

across 11 European countries. Their conclusion is that these response styles vary significantly 
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by scale but that the variation across countries is generally negligible. In several existing 

scales; items are worded in such a way that for some, scores are positively related to the 

construct measured. For others, scores are negatively related to this same construct. Scales 

that contain the same amount of negatively worded items as positively worded items are 

called balanced scales. Balancing scales decreases the impact of ARS and DARS to a large 

extent, but not completely. For scales that have mean scores above (below) the midpoint, ERS 

has an inflating (suppressing) impact and MPR has a suppressing (inflating) effect. 

Effect on relationships between scales. Baumgartner and Steenkamp (2001) find that 

correlations between variables are affected by response styles, in that a substantial proportion 

of the observed correlation between scales is due to correlations between the systematic errors 

in the scales involved. If one corrects for response styles, resulting correlations will be closer 

to the true correlations.  

 

Correcting for response styles 

Baumgartner and Steenkamp (2001) see two main ways of correcting for response 

styles. A first approach solves the problem of response styles ex ante (when constructing the 

scales) by balancing scale items (i.e. using negative and positive wordings for the same 

construct domain). Baumgartner and Steenkamp (2001) observe that the latter solution is not 

as often used in the construction of marketing scales as would be recommendable. We believe 

that, apart from neglect, a possible reason for this might be the problems often encountered 

with reverse keyed items. Such items often show lower correlations with the non-reverse 

coded items and one cannot unconditionally assume they measure exactly the same construct 

as their non-reverse coded counterparts (e.g., Wong, Rindfleisch and Burroughs, 2003). As a 

consequence, many marketing scales are still prone to the effects of response styles. 

Therefore, there also is a procedure for post hoc correction. One can compose a set of 

heterogeneous or non-related items and look for consistent patterns of responses over these 

items. If such consistent patterns are found, they are probably not related to content. One can 

then capture these patterns and correct for them by means of regression analysis. More 

specifically, one can regress the focal scale scores on response style indicators and use the 

residuals of this analysis as the corrected scores. We see two disadvantages to this method. 

First, these supposedly unrelated items may share content related variance after all, thus 

invalidating the operationalization of the response styles. Moreover, it is hard to assess the 

validity of such a measure, since only one single score is obtained. Hence it is impossible to 
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correct for measurement error in the response style indicator. Conceptualizing and validating 

response style as a latent construct would allow us to tackle these problems. This is the 

objective of study 1. Once validated the use of structural equation models allow us to reliably 

compare the level of response styles present in data obtained from different modes of data 

collection. This is the objective of our second study.  

 

STUDY 1 

In this first study, our aim is to validly and reliably measure response styles that can be 

implemented in a structural equation model. For this purpose, we split a sample at random in a 

calibration and a validation sample. For both samples, we compute multiple-indicator 

response style scores. First, we compute the response style scores as proposed by 

Baumgartner and Steenkamp (2001). These response style scores then are assessed by means 

of internal reliability analysis (Cronbach’s α), exploratory factor analysis and confirmatory 

factor analysis. Next, we compute the response style scores as proposed by Greenleaf (1992). 

These are also assessed in terms of psychometric properties. 

 

Sample description 

The data for this study are taken from a consumer paper and pencil survey conducted 

by means of a random walk procedure. Of 1250 questionnaires distributed, 793 fully 

completed surveys were recollected two days later (response rate 63%). After listwise deletion 

of incomplete responses, 767 useful data points remained for analysis (net response rate 61%). 

In the sample, 55% are women, 45% are men. Median age is 41 years. Respondents had an 

average of 9 years of education after primary school. The sample was randomly split in a 

calibration (n=372) and a validation sample (n=395).  

 

Questionnaire 

The questionnaire contained several measures of psychological variables (among 

others ethical consumption, attitudes towards advertising, attitudes towards ICT and media), 

measures of media behavior and social demographic information. A random subset of the 182 

five point Likert items measuring attitudinal (i.e. non-behavioral) variables are used for the 

analyses in this study. 
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ARS, DARS, ERS, MPR, RR 

 
Response style score indicator calculation 

We calculate multiple indicators for each of the following response styles: ARS, 

DARS, ERS, MPR, RR. First, four sets of 6 items each are selected. Each set of items covers 

a systematic sample of the scales in our questionnaire: the first set consists of the first items of 

each scale, the second of the second items of each scale, and so on. An example will clarify 

this. Given 6 scales a, b, c, d, e, f, each consisting of 4 items 1, 2, 3, 4, the first set would 

consist of items a1, b1, c1, d1, e1 and f1. The second set would consist of items a2, b2, c2, d2, 

e2 and f2. The average absolute correlations between the items within the same set all lie 

between .00 and .10. In order to have multiple indicators of each of the response styles, we 

compute each of the response style scores for each set of items1.  

For ARS, we count the number of times a respondent marks a 5 (‘fully agree’) and 

multiply this number by 2. Similarly, the number of times a respondent marks a 4 (‘agree’) is 

counted and summed with the previous figure. For DARS, the same method is used, this time 

double counting the 1’s (‘totally disagree’) and single counting the 2’s (‘disagree’). ERS is a 

count of the number of times a respondent marks a 1 or a 5. MPR is a count of the number of 

times a respondent marks 3, the rating scales neutral midpoint.  RR is the intra-subject 

standard deviation across the set of items. 

 

Response style score validation 

In order to assess internal reliability and convergent and discriminant validity, we 

analyse our calibration sample and replicate these analyses on our validation sample.  

Internal reliability. We compute Cronbach’s alpha’s to assess the extent to which the 

four indicators of each response style show convergent validity. The respective alpha’s for the 

calibration (validation) samples are very satisfactory: .88 (.90) for ARS, .80 (.78) for DARS, 

.88 (.89) for ERS, .75 (.75) for MPR, and .89 (.88) for RR.  

Discriminant validity. We perform a principal components analysis with varimax 

rotation on the 20 response style indicators (5 response styles, 4 indicators each). Both in the 

calibration and validation sample, the scree plots indicate the presence of three factors. The 

first five eigenvalues in the calibration (validation) sample are 6.6 (6.6), 3.3(3.3), 2.6(2.8), 1.1 

                                                 
 
1 Since we focus on response styles as tendencies in responses not related to content, we opt for the 
operationalizations that are not content related (more specifically, ‘ARS1’ in Baumgartner and Steenkamp 2001). 
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(1.2) and 1.1(1.1). After this, eigenvalues drop below one. Several communalities, including 

those of all MPR indicators, are below .60. Therefore, we assess dimensionality of the data 

based on Cattell’s (1966) scree test, as recommended by Stevens (1986). The criterion of 

interpretability of the factor structure also favors a three-factor solution. The initial rotated 

three-factor solution is shown in table 2.  

Insert Table 2 About Here 

We observe that these three factors correspond to ARS, DARS and RR. The ERS-

indicators load on ARS and DARS, the MPR-indicators mainly have negative loadings on the 

RR factor. We conclude from this that ERS and MPR do not add a substantial amount of 

relevant information and can be omitted from further analyses. ARS, DARS and RR are stable 

and discriminable factors, as was confirmed in an additional principal components analysis. 

The three-factor structure (ARS, DARS and RR) is tested by means of a structural 

equation model. Since they are calculated on the basis of the same set of items, the error terms 

of all first, all second, all third and all fourth indicators of ARS, DARS and RR are allowed to 

covary. This covariance is due to scale related variance and is therefore different from the 

variance due to response style. The resulting model is presented in figure 2. The model fit is 

very good with all fit measures well above the suggested cut-off criteria (chi²(39)=146.61, 

p<.001; RMR=.003; GFI=.97; AGFI=.94; NFI=.98; TLI=.97; CFI=.98; RMSEA=.060 in the 

calibration sample). All factor loadings are significant and substantial, indicating reasonable 

to good factor reliability. The model also indicates good discriminant validity since all 

average variances extracted are larger than the latent construct correlations (Steenkamp and 

van Trijp 1991; Fornell and Larcker 1981). 

Next, we assess an alternative operationalization of response styles based on the work 

of Greenleaf (1992). This alternative has the advantage of parsimony and intuitive 

comprehensibility, since it focuses on within subject means and standard deviations. 

 

ISM and ISSD 

Response style score indicator calculation 

We compute response styles scores for ISM and ISSD. For this purpose, we use the 

same 4 sets of 6 items each we discussed above. The four ISM indicators are the within-
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subject means across the 6 items of each item set. The four ISSD indicators are the within-

subject standard deviations across the 6 items of each item set.  

 

Response style score validation 

The internal reliability and convergent and discriminant validity are analyzed using the 

same procedure as above for the calibration sample and replicated for the validation sample.  

Internal consistency. We compute Cronbach’s alpha’s to assess the extent to which the 

four indicators of each response style show convergent validity. The respective alpha’s for the 

calibration (validation) sample are high: .94 (.96) for the ISM-indicators, .89 (.88) for the 

ISSD-indicators. 

Discriminant validity. We perform a principal components analysis with varimax 

rotation on the 8 response style indicators (2 response styles, 4 indicators each). Both in the 

calibration and validation sample, the scree plot and the eigenvalue criterion clearly indicate 

the presence of two factors. The first two eigenvalues are 4.12 and 2.35, afterwards 

eigenvalues drop below 1. After varimax rotation, all items load as expected. 

Insert Table 3 About Here 

We test this factor structure by means of confirmatory factor analysis. The model is 

tested on the calibration sample. This configuration, shown in figure 3, includes error 

covariance between the ISM and ISSD-indicators based on the same item sets, as discussed 

above. The confirmatory factor solution is proper and the multiple fit indices meet the 

recommended cut-off values (chi²(15)=29.84, p=.013; RMR=.007; GFI=.983; AGFI=.959; 

NFI=.989; TLI=.990; CFI=.995; RMSEA=.049 in the validation sample) (Marsh and Hovecar 

1985). Moreover, all factor loadings are above .70,  and all average variances extracted are 

larger than latent construct correlations indicating convergent and discriminant validity 

(Steenkamp and van Trijp 1991; Fornell and Larcker 1981). 

 

Discussion study 1 

In study 1, we assessed the psychometric properties of two operationalizations of 

response styles. For this purpose, we computed multiple indicators of response style scores. 

These indicators were then subjected to internal consistency analysis, exploratory factor 

analysis and confirmatory factor analysis. The first response typology we evaluated was taken 
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from Baumgartner and Steenkamp (2001) and distinguishes between ARS, DARS, ERS, MPR 

and RR. Although the internal consistency of these response style scores was high, a factor 

analysis revealed that three underlying constructs explain most of the variance in the data, 

being DARS, ARS and RR. ERS loads partly on ARS, partly on DARS. MPR mainly is a 

negative correlate of RR. This three-factor results in a satisfactory model fit in a confirmatory 

factor analysis.  

We also evaluate an alternative typology of response styles, proposed by Greenleaf 

(1992). Here, only two response style scores are discerned: ISM and ISSD. ISSD is identical 

to RR. ISM, in essence, covers both ARS and DARS, in that subjects high in ARS will also be 

high in ISM, while subjects high in DARS, will be low in ISM. This more parsimonious 

factor structure gives good results in terms of internal consistency and factor structure.  

Based on the above findings, we conclude that both alternative typologies can be used 

to carry out study 2. In this second study, we will investigate whether different modes of data 

collection lead to different levels of response style bias. 

 

STUDY 2 

In our second study, we compute ARS, DARS, RR/ISSD and ISM scores for 

respondents who all completed the same questionnaire, be it via four different data collection 

methods (regular mail, telephone interview, web survey in response to an e-mail, web survey 

after recruitment by means of a pop-up). Next, we compare the levels of response styles of 

these four samples using the operationalizations from study 1.  

 

Samples 

The first recruitment technique used was the InSites Consulting2 online opt-in web 

panel. 170 panel members were randomly selected and sent an e-mail including a link to a 

web survey. This recruitment procedure generated 84 responses or a 50% response rate. Next, 

91 visitors were randomly selected via pop-ups on variety of Belgian high traffic web sites 

during a period of three days. 10% of the presented pop-ups yielded a usable response. A total 

of 450 postal mail surveys were sent out, including university letterhead and a pre-paid 

envelope directly addressed to the researchers. The mailing generated 141 completed 

questionnaires or a 31% response rate. Finally, 122 responses were generated by means of a 

                                                 
 
2 www.insites-consulting.com 
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telephone interview using random digit dialling. In total, 350 people were called which 

implies a usable response rate of 35%. These samples are comparable in social demographic 

composition, as described in table 4.  

Insert Table 4 About Here 

We perform an analysis of variance with membership of the four samples as the 

independent variable, and income, educational level and age as the dependent variables. None 

of the effects is significant. Hence we consider the four samples as being similar in terms of 

educational level, age and income. 

 

Questionnaire 

The questionnaire consists of social demographic questions and 24 seven point Likert 

items measuring attitudes, interest and preferences concerning specific topics such as leisure 

activities, tooth paste, fashion and others.  

 

Data-Analysis 

21 of these items that share little common content and, hence, share only little 

common variance were selected: the average inter-item correlation amounts to .12. Out of 

these, 3 sets of 7 items each are composed. For each response style, we computed one 

indicator for each of the 3 sets of items. This allows to assess internal consistency and 

reliability, and to model the response styles as latent constructs. For both response style 

typologies, the same measurement model as in study 1 was specified to assess the validity of 

the factor structure.  

 

ARS, DARS and RR score computation and validation 

The same procedure outlined in study 1 to compute three indicators for each response 

style of the first typology was used: ARS, DARS and RR. Similarly, the same structural 

equation model was estimated. The latent ARS, DARS and RR constructs covary and consist 

of three indicators each. The error variances of ARS, DARS and RR indicators using the same 

items are allowed to covary. This time, however, we test the model across 4 groups (modes of 



14 
 

data collection) simultaneously. The model shows acceptable fit (chi²(60)=90.91, p=0.006; 

RMR=.011; GFI=.96; AGFI=.88; NFI=.96; TLI=.97; CFI=.99; RMSEA=.034).  

 

ARS, DARS and RR Measurement invariance 

In order to compare means of latent constructs, several additional conditions have to 

be met (Steenkamp and Baumgartner 1998). First, there has to be configural invariance, which 

means that factors consist of the same set of items across the groups under study. The second 

condition, metric invariance, means the factor loadings of the items constituting a factor are 

equal across groups. Finally, scalar invariance means the intercept (i.e. the constant term in 

the regression equation linking item and factor) is equal across groups. Once these three 

measurement invariance conditions have been established, it becomes possible to 

meaningfully compare means of latent constructs. Only if the invariance conditions are met, 

we can assume that the indicators are indeed related to the latent constructs, the response 

styles in this case, in the same way in each of the four samples. We will gradually impose 

additional constraints on the structural equation models of the response styles. The resulting 

change in model fit indices are then evaluated against the following criteria, proposed by 

Little (1997). (1) Overall fit is acceptable; (2) the difference in fit between a freely estimated 

and constrained model is negligible; (3) indices of local mis-fit are uniformly and 

unsystematically distributed for the constrained parameters; and (4) the accepted model is 

substantively more meaningful and parsimonious than the alternative model. We more 

precisely specify criterion (2) by using a cut-off value of ∆TLI =< -.05 (Little, 1997) and 

∆CFI =< -.01 (Cheung and Rensvold (2002). Some of our results of the model comparisons 

will not meet the more stringent chi² change test.  Therefore, we like to point out the 

procedure just described is also in line with the recommendations of Steenkamp and 

Baumgartner (1998) to keep the number of modifications low and only free parameters if this 

corrects for relatively severe problems. 

Factor loadings and intercepts are gradually constrained to equality across groups. The 

resulting fit indices are reported in table 5. The results meet the criteria formulated above. 

Hence, we accept the hypothesis of configural, metric and scalar measurement invariance 

across groups.  

Insert Table 5 About Here 
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ARS, DARS and RR mean score comparison 

Now we can compare the ARS, DARS and RR factor scores of the four subsamples. 

We test different models for this purpose. For each model, the means of 1 group (mode of data 

collection) are set to 0 while the others are freely estimated. The means of the other three 

groups are summarized in table 6. In this table, critical ratios (mean estimate divided by its 

standard error) are shown based on the separate model tests. Each row thus shows to what 

extent means in other groups are higher or lower than that of the reference group. For reasons 

of comprehensibility, we focus our discussion on the row where the regular mail sample’s 

means are fixed to 0. We believe that regular mail is a common mode of data collection, and 

is – hence – well fit to serve as a reference category.  

Insert Table 6 About Here 

First of all, results show that ARS, DARS and RR are no more prevalent in the 

Internet panel data than in the regular mail data. The Internet data collected after pop-up 

recruitment, on the contrary, show significantly higher levels of ARS, while the levels of 

DARS and RR are significantly lower. This indicates that respondents show a stronger and 

consistent tendency to agree with items in this mode of data collection. The telephone data, 

finally, show high levels of ARS, DARS and RR. This indicates that respondents more 

frequently use both extremes of the scale. 

 

ISM and ISSD score computation and validation 

For ISM and ISSD the same procedure as in study 1 is used to compute three 

indicators for each response style. ISM and ISSD are freely covarying latent constructs with 

three indicators each. As in study 1, the error variances of ISSD and ISM indicators using the 

same items are allowed to covary. We test the model for 4 groups, one for each mode of data 

collection. The model shows good fit (chi²(20)=25.352, p=0.188; RMR=.023; GFI=.981; 

AGFI=.922; NFI=.969; TLI=.979; CFI=.993; RMSEA=.025). 
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ISM and ISSD Measurement invariance 

Conditions of measurement invariance are tested by gradually imposing restrictions on 

the model (table 5). Again, the results meet the criteria formulated above. Hence, we accept 

the hypothesis of configural, metric and scalar measurement invariance across groups. 

 

ISM and ISSD mean score comparison 

We compare the ISM and ISSD factor scores of the four groups. For this purpose, we 

test different models. In each model, the means of 1 group (mode of data collection) are set to 

0 while the others are freely estimated. The means of the other three groups are summarized in 

table 6 as critical ratios (parameter estimation divided by its standard error of estimation). 

Again, we focus our discussion on the row where the regular mail sample’s means are fixed to 

0. The mean ISM scores of the telephone interview sample and the Internet sample recruited 

via e-mail are not significantly different from the regular mail sample. The Internet sample 

recruited by pop-up has a significantly higher ISM score. As compared to the regular mail 

sample, the telephone sample has a significantly higher ISSD score, the Internet sample 

recruited by pop-up has a significantly lower ISSD score. The ISSD score of the Internet 

sample recruited by e-mail is not significantly different from the regular mail sample.  

 

Discussion study 2 

In this study, we compared four samples’ ARS, DARS, ISM and RR/ISSD scores. 

Each sample filled out the same questionnaire, but did so by means of a different interface: 

one by regular mail, one by telephone, one via the Internet after being recruited by e-mail, one 

via the Internet after being recruited by means of a pop-up. The samples are similar in social 

demographic characteristics. To compare the response style scores of these four groups, we 

constructed multiple indicators of all response styles. These indicators were then combined as 

operationalizations of ARS, DARS, ISM and RR/ISSD as latent constructs. Cross-group 

comparability was tested by gradually imposing constraints on this measurement model. 

Configural, metric and scalar invariance were confirmed. Based on this invariant 

measurement model, we compared the mean (1) ARS, DARS and RR and (2) ISM and ISSD 

scores of the four samples. Both comparisons show complementary results. Note that ISSD is 

identical to RR. ISM, on the other hand, is related to ARS and DARS in that it indicates the 

mean score of respondents, presumably higher or lower than the midpoint as a consequence of 

ARS and DARS.  
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The telephone sample has a significantly higher ISSD score. ARS and DARS also are 

significantly higher, while its ISM score is equal to that of the regular mail sample. This 

indicates that respondents in the telephone sample tend to use both extremes of rating scales 

more frequently than do other respondents. The effects of frequently using the positive and 

negative extremes, cancel out one another, resulting in a zero net result on the mean scoces.  

The Internet sample recruited by e-mail has ISM, ARS, DARS and RR/ISSD scores 

that are not significantly different from the reference sample. Seemingly, responses obtained 

by means of this mode of data collection are equivalent to those obtained by regular mail.  

The Internet sample recruited by means of pop-ups has significantly higher ISM and 

ARS scores than the other groups, while having the lowest ISSD/RR and DARS scores. This 

points towards a strong tendency to systematically agree with items. Seemingly, data collected 

by this mode are of the lowest quality and should therefore be interpreted with care. Means 

may be upwardly biased. The effect on correlations can be expected to be twofold: the 

acquiescence tendency might lead to spurious correlations on the one hand, since respondents 

tend to react in the same way to items that are not really content-wise related. On the other 

hand, the downward bias in standard deviation might suppress true variance, thus artificially 

decreasing correlations. 

To conclude, it may hold risks to compare scores or relations observed in samples 

questioned by means of different modes of data-collection, since the observed scores may be 

influenced by response biases to a different extent.  

More specifically, respondents recruited by means of pop-ups show a tendency for 

yeah-saying, while using a narrower range of the rating scale. Possibly these problems are due 

to the specific situation these respondents find themselves in. If one is recruited by means of a 

pop-up, this usually means the respondent has to interrupt her/his current task in order to fill 

out the questionnaire. This, in turn, may imply less time and effort being invested, resulting in 

lower response quality.  

The Internet respondents that were recruited by means of e-mail, on the contrary, do 

not significantly differ from the regular mail respondents in their response style scores. This 

indicates that responses obtained via the Internet can be of similar quality to those obtained 

via regular mail, if respondents’ situations do not put time and effort constraints on them. This 

finding qualifies the assumption based on previous evidence that “online surveys produce 

higher response quality than some offline methodologies (e.g. self-completion postal surveys)” 

(Gunter, Nicholas, Huntington and Williams 2002). 
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Telephone survey participants do not show a higher net yeah-saying tendency than do 

people responding to a postal survey or an internet survey after e-mail recruitment. They do, 

however, seem to use a wider range of rating scale options. This may be due to the stronger 

impact of primacy and recency effects for the recall of response options. During a telephone 

interview, the respondent cannot visually check the response options, but has to recall them 

from the interviewer’s introduction. Seemingly, this leads to more extreme responses. Such 

response patterns in telephone surveys may result in less nuance in participants’ responses and 

threaten the generally accepted numerical properties of five or seven point scales.  

 

LIMITATIONS AND RECOMMENDATIONS FOR FUTURE RESEARCH 

Although it provides new information on a relatively neglected research topic, this 

study has limitations. The main limitations are (1) the across-subjects design, and (2) the 

impossibility to determine the explanatory mechanism underlying the differences in response 

style impact. 

We compared four samples of respondents that responded to the same questionnaire 

via different modes of data-collection on their levels of intra-subject mean (ISM) and intra-

subject standard deviation (ISSD). Although we checked for differences in social 

demographic composition of the sample, we cannot fully guarantee the absence of 

confounding variables, in casu personal characteristics of the respondents that would lead to 

differences in ISM and ISSD. The only way to counter this, would be the use of a within-

subject comparison of ISM and ISSD when filling out the same questionnaire via different 

modes of data-collection. Such design, however, would probably suffer from maturation, 

testing, and attrition effects. 

Second, our research design does not allow for inferences on the causal mechanism 

underlying the differences in ISM and ISSD levels between the responses obtained by 

different modes of data collection. We do not have operationalizations, let alone 

manipulations, of the levels of task involvement, cognitive effort, time investment, etc. We 

can make reasonable guesses based on what we know from the data collection methods 

studied, though. Future research should direct the question of how the effects work. This study 

mainly had the objective of establishing the presence and direction of the impact of response 

styles and providing a procedure to measure them. 
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APPENDIX 1: DEFINITION OF CONCEPTS 

The focus of this study is on the items that are part of a questionnaire. An item refers 

to a closed question that can be answered by indicating one’s position on a rating scale (i.e. an 

ordered set of numbers). A (multi-item) scale consists of several such items that have similar 

contents and are designed to measure the same construct (note the difference with ‘rating 

scale’). Items can be reverse coded, which means they are formulated in such a way that their 

rating is negatively correlated to the score of  the construct they measure. If half of a scales 

items are reverse coded, we consider it to be balanced.   

While the items of a scale are mutually closely related in terms of contents, we also 

will need to compose sets of items that are not related to one another in terms of content. A 

‘set of items’ as such does not imply any relation apart from our decision to put these items 

together, for example to use them to compute a response style indicator. A response style 

indicator refers to a variable indicating the level of a response style for a given respondent 

who filled out a given questionnaire. We can combine multiple indicators into a response style 

measure. The relation between the indicators and the measure is then comparable to the 

relation between items and a scale: several indicators are meant to be as many 

operationalizations of one response style and can hence be summarized in one response style 

measure.  
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TABLE 1  

Overview of response styles 

Response style Definition 

ARS Acquiescence  

Response Style 

The tendency to respond positively to an item, 

regardless of its content. Also called yea-saying. 

DARS Disacquiescence 

Response Style 

The tendency to respond negatively to an item, 

regardless of its content. Also called nay-

saying. 

NARS Net Acquiescence 

Response Style 

The tendency to show greater acquiescence than 

disacquiescence. Summary of ARS and DARS. 

ERS Extreme Response 

Style 

The tendency to use the extreme response 

intervals, both positive and negative. 

RR Response Range The tendency to use a wide (or narrow) range of 

response categories around the mean response. 

MPR  Midpoint Response 

style 

The tendency to use the middle scale category 

regardless of item content. 

NCR Non-contingent 

Response style 

The tendency to respond to items carelessly, 

randomly, or non-purposefully. 

ISM Intra-subject Mean The mean score of a respondent across a set of 

(unrelated) items.  

ISSD Intra-subject Standard 

Deviation 

The standard deviation of scores of a 

respondent across a set of (unrelated) items. 

Identical to RR. 
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TABLE 2 

Rotated Factor Solution of ARS, DARS, ERS, MPR, RR indicators 

 Calibration sample Validation sample 

 1 2 3 1 2 3 

ars1   0.83   0.83     

ars2   0.82   0.89     

ars3   0.84   0.88     

ars4   0.85   0.87     

dars1     0.68     0.76 

dars2     0.81     0.79 

dars3     0.82     0.86 

dars4     0.72     0.72 

ers1   0.53 0.57 0.55   0.62 

ers2   0.60 0.54 0.66   0.50 

ers3   0.54 0.57 0.57 0.34 0.53 

ers4   0.65 0.44 0.70   0.36 

mpr1 -0.58       -0.45 -0.36 

mpr2 -0.64       -0.56   

mpr3 -0.64       -0.59   

mpr4 -0.66       -0.47   

rr1 0.76       0.77   

rr2 0.82       0.83   

rr3 0.87       0.87   

rr4 0.83       0.80   

* Factor loadings smaller than .30 are not shown 
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TABLE 3 

Rotated Factor Solution ISM and ISSD 

 Calibration 

sample 

Validation 

Sample 

 ISM ISSD ISM ISSD 

ISM1 0,91  0,93  

ISM2 0,91  0,93  

ISM3 0,91  0,95  

ISM4 0,90  0,93  

ISSD1   0,84   0,82 

ISSD2   0,86   0,88 

ISSD3  0,87  0,87 

ISSD4  0,85   0,84 

* Factor loadings smaller than .30 are not shown 
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TABLE 4 

Sample characteristics study 2 

  Regular mail Telephone  Web (e-mail) Web (pop-

up) 

Gender  Female 

(male) 

52.5% 

(47.5%) 

50.8% 

(49.2%) 

54.8% 

(45.2%) 

56.0% (44%) 

Age 15-17 years 3.5% 4.1% 0 4.4% 

 18-24 years 9.9% 14.8% 19.0% 14.3% 

 25-34 years 21.3% 18.9% 22.6% 22.0% 

 35-44 years 22% 18.9% 25.0% 25.3% 

 45-54 years 19.9% 20.5% 21.4% 19.8% 

 55-64 years 14.9% 14.8% 10.7% 8.8% 

 >= 65 years 8.5% 8.2% 1.2% 5.5% 

Educational 

level 

Low 56.7% 56.6% 58.3% 57.1% 

 High 43.3% 43.4% 41.7% 42.9% 

Income 0-1500 EUR 24.8% 33.9% 16.9% 29.5% 

 1501-2500 

EUR 

28.4% 23.1% 28.9% 26.1% 

 2501-3500 

EUR 

14.9% 12.4% 16.9% 15.9% 

 >=3501EUR 6.4% 9.1% 6.0% 2.3% 

 Missing 25.5% 21.5% 31.3% 26.1% 
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TABLE 5 

Test of measurement equivalence by means of s.e.m. 

  chi² df p chi²/df NFI TLI CFI RMSEA 

Base 90.91 60 0.006 1.52 0.962 0.967 0.986 0.034 

Metric invariance 118.93 78 0.002 1.53 0.951 0.967 0.982 0.035 

ARS, DARS, 

RR 

Scalar invariance 158.10 96 0.000 1.65 0.980 0.985 0.992 0.039 

ISM, ISSD Base model 25.352 20 0.188 1.27 0.997 0.997 0.999 0.025 

 Metric invariance 48.71 32 0.030 1.52 0.994 0.994 0.998 0.036 

 Scalar invariance 71.899 44 0.005 1.63 0.991 0.993 0.997 0.038 
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TABLE 6 

Critical Ratio of Mean ARS, DARS, ISM and ISSD/RR scores by Group 

  Estimated sample  

Reference sample  Internet, 

pop-up 

Regular mail Telephone Internet, panel 

Internet, pop-up ARS 0 -2.45 1.03 -2.25 

 DARS 0 3.92 6.32 2.52 

 RR/ISSD 0 3.56 8.81 3.18 

 ISM 0 -4.52 -4.50 -3.39 

Regular mail ARS 2.45 0 4.00 0.04 

 DARS -3.92 0 2.22 -1.41 

 RR/ISSD -3.56 0 5.82 0.01 

 ISM 4.52 0 0.05 1.26 

Telephone ARS -1.03 -4.00 0 -3.64 

 DARS -6.32 -2.22 0 -3.71 

 RR/ISSD -8.81 -5.82 0 -5.01  

 ISM 4.50 -0.05 0 1.21 

Internet, panel ARS 2.25 -0.04 3.64 0 

 DARS -2.52 1.41 3.71 0 

 RR/ISSD -3.18 -0.01 5.01 0 

 ISM 3.39 -1.26 -1.21 0 

* For the RR/ISSD means, we report only the means found for the ARS, DARS, RR structure. 

The ISSD findings were only marginally different from these figures, with deviations 

smaller than .1.
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FIGURE 1 

Graphic representation of variance components 
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FIGURE 2 

CFA of ARS, DARS and RR factor structure 
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FIGURE 3 

CFA of ISM ISSD factor structure 

 
 
 
 
 
 
 
 
 
 
 

 


