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Abstract

The authors propose a procedure, labeled the a@itbsigma method, which is designed to
correct for between-group differences in endorseiezlihood of response categories that
are unrelated to the content of the items. The ateth especially useful in cross-cultural
research where group differences may reflect variah scale usage rather than substantive
differences. However, the procedure is also relewaather situations, for example, when
different data collection modes or different expental manipulations affect respondents’
perception of the meaning of the scale labels.cCHtibrated sigma method uses information
derived from heterogeneous control items (calibratiems) to reweight the responses to
substantive items in a group-specific way. The athges of the calibrated sigma method are
that it avoids the arbitrariness in the assignneépiarticular numerical values to response
categories; that it is compatible with the lineardal, which is used by most marketing
researchers; and that it does not require the fusenaplex nonlinear models involving the
estimation of many additional measurement modedrpaters. The authors validate the
calibrated sigma method on a simulated cross-Istgudata set pertaining to 12 different
languages; an empirical data set collected fropaedents of the same nationality but from
two different language groups; and an experimetdtd set consisting of responses to two
different response scale formats. The findings destrate that the proposed procedure
controls for artefactual scale use differencessscgroups but does not eliminate substantive
differences. It is particularly efficient for martkeg research agencies, panel providers and
other marketing researchers who analyze surveysvimg multiple language groups,
different scale formats, multiple modes of datdemion, or different manipulations affecting

the meaning of the response category labels.
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1. Introduction

When researchers want to compare scores on vaiabieterest across groups or
conditions, scale usage heterogeneity is an impbostaurce of concern. The term scale usage
heterogeneity (also called differential scale uyagkers to systematic differences in how
respondents in different groups use the resporade,sehich are unrelated to substantive
differences on the variables studied. Scale usatgdgeneity is problematic because it may
lead to artificial differences between groups oskntaue differences.

Scale usage differences are often conceptualizedlasdual differences that should
be assessed and controlled at the respondent(Bae@mhgartner & Steenkamp, 2001; Fischer,
2004; Rossi, Gilula, & Allenby, 2001). However,dertain situations scale usage
heterogeneity may occur primarily at the group lemewhich case it is more appropriate to
model differential scale usage at the group lévet.example, when Likert-type rating scales
anchored by labels such as ‘strongly (dis)agre&ampletely (dis)agree’ are used in
different languages, the meaning of the responsgosy labels may subtly but systematically
vary across languages, which can lead to diffeieicecale usage at the group level
(Skevington & Tucker, 1999; Smith, Mohler, Harkne&Onodera, 2005; Szabo, Orley, &
Saxena, 1997; Weijters, Geuens, & Baumgartner, R@&ifilarly, data collection modes or
experimental manipulations may affect the perceimedning of the category labels and thus
induce scale usage heterogeneity (Jordan, Marctkedler, 1980; Weijters, Schillewaert, &
Geuens, 2008). In these cases, different resposisgdtions across groups are not due to

item content, but occur because of the non-equical®f response category meanings.



In an attempt to remedy this potential bias, weothice a procedure labeled the
calibrated sigma method, which is designed to elatd the non-comparability of responses
across groups (e.g., cultures, languages, moddstafcollection, experimental conditions) at
the group, rather than individual, level. Insteddssigning the same consecutive integers to
the scale positions in all groups (e.g., in theea#sa 5-point scale, ‘strongly disagree’ is
usually coded as 1, ‘disagree’ as 2, ‘neither agmalisagree’ as 3, ‘agree’ as 4, and ‘strongly
agree’ as b), the response categories are convertetnerical values in a group-specific way.
Specifically, the numbers assigned to the respoatagories are based on the distribution of
responses to an independent and heterogeneousceetiml items, which serve no purpose
other than assessing the content-free endorsenegpteincies of the response categories in
different groups (i.e., these calibration itemsraweused for substantive purposes). Thus,
instead of arbitrarily assuming an equal-interealls, the scale scores are chosen based on
how the different groups respond to a set of cdrftere items, or at least items that share no
obvious common content. For instance, ‘stronglyagmight be coded as 5 in English,
whereas ‘tout a fait d’accord’ is coded as 4.5r@n€h, corresponding to the different
endorsement rates of the fifth option in respond@e control items across the two languages.

After presenting an overview of previous approadioedealing with scale usage
differences at the individual level and a detadedcription of the proposed procedure, we
present three complementary studies in the cupaper. In the first study, we use a simulated
data set to illustrate how the proposed calibratgoha method works, based on a comparison
of traditionally coded and sigma coded respongseslaied for twelve different languages,
and we show how the new procedure can yield mdre results than the conventional

procedure. Specifically, in contrast to the tramtitil procedure, the new procedure does not



indicate artificial group differences in case thare none while it does not wash out genuine
differences. This study also demonstrates thahtgdr measurement invariance across
groups will not identify scale usage differenceswithe bias is uniform across items. In the
second study, we apply the calibrated sigma metihath empirical data set of respondents
who share the same nationality (Belgian) but uferént languages (Dutch and French), and
we demonstrate that the new procedure leads tdusions that differ from the conventional
method but are consistent with the results of alyars that corrects for response styles at the
individual level. In particular, while the convenrtial method suggests that there might be a
significant difference in the construct of interbstween Dutch- and French-speaking
respondents, the calibrated sigma method and tidaal-level response style correction
method both indicate that this difference is mid&ly caused by scale usage differences. In
the third study, we illustrate the potential us¢h&f proposed method in an experimental
context in which survey responses are obtained twithalternatively labeled response scale
formats to which respondents are randomly assigheddemonstrate that calibrated sigma
coding outperforms traditional coding and leadsetults that are comparable to those

obtained with more elaborate and involved individaael response style correction methods.

2. Literaturereview

It is well-known in the survey literature that obssl scores on variables of interest
contain not only substantive but also non-contetdted sources of variation. The term
common method bias is often used to refer to tmeige problem of non-random variance in
measures that is independent of content (PodsdWatfKenzie, & Podsakoff, 2012). In this

paper we are specifically concerned with systenthtierences in how respondents use the



response scale (scale usage heterogeneity). Usdidlrential scale usage is conceptualized
as a respondent-specific phenomenon, such thateliff respondents vary in their preference
for certain scale positions. Two broad approacbe®ntrolling for individual-level scale
usage heterogeneity can be distinguished.

In the first approach, the items measuring thetsumise constructs of interest are used
to assess and correct for differences in scaleeysaml the sources of differential scale usage
are not identified in detail. A popular method exdifging this approach is to standardize (or
at least mean-center) the data within respond@hts. is, a person’s responses to the
substantive items are converted into z-scores biratting from each response the
respondent’s mean response across all items aidindj\by the standard deviation of the
respondent’s ratings (Fischer, 2004). This metrakthawledges that there may be systematic
differences in the level and spread of people’paases across items, but otherwise the
sources of scale usage heterogeneity are left lorexjp Although the method is simple, there
are three problems. First, the procedure assuraéshil raw data contain interval information,
even though ratings probably only yield ordinalad&econd, the within-person estimates of
scale usage (means and standard deviations) mdenvary reliable, particularly if they are
based on few responses. Third and most importahtyrespondent-specific means and
standard deviations are supposed to be “pure” measd scale usage, but since they are
based on the same items for which substantive s@slgre to be conducted, it is likely that
scale usage will be confounded with content. Maghssticated methods are available that
correct for the first two problems. For examplesBipet al. (2001) proposed a Bayesian
approach that properly handles the ordinal natitbeodata and provides a more reliable

individual-level correction for scale usage heterugty. However, the confounding of content



and scale usage cannot be circumvented when eeddmut scale usage is derived from the
substantive items themselves.

In the second approach, independent control itemssed to get an estimate of
differential scale usage, and usually specificoaador scale usage heterogeneity are posited
and assessed. Common mechanisms giving rise wadndi differences in scale usage are net
acquiescence (a preference for the agreement vaisagreement, or, more generally, the
positive versus negative response options on tirgracale), extreme responding (a
preference for the most extreme response categmriegher side of the rating scale), and
midpoint responding (a preference for the middlsifoan on the rating scale). Collectively,
these biases are referred to as response stylam@@atner & Steenkamp, 2001). For a 5-
point response scale, measures of net acquies@eAES), extreme responding (ERS), and
midpoint responding (MRS) for each respondent @andmputed as follows

NARS = [f(5)*2 + f(4)*1 - f(2)*1- f(1)*2]/J

ERS = [f(1) + f(5)]/J

MRS= f(3)/J
where f (0) refers to the number of times thatspoadent selects response option o across all
control items (e.g., f(5) refers to the frequentgmdorsement of the most positive response
category), and J is the number of control itemevigled that the control items are
heterogeneous in content (i.e., they do not shareron content), these response style
measures can be expected to be “pure” measureslefissage, and if the control items have
no content overlap with the substantive items, tteaybe used to correct for scale usage

differences.



Specifically, one way to purify the original dasato regress the raw scores for each of
the substantive items on the various response stgbesures. The residuals from this
regression are the corrected scores purged o$ttylesponse tendencies, which can be used
in subsequent analyses (Baumgartner & Steenkandi)2®/e call this procedure
residualization. A variation on this techniquedause the response style measures as
covariates in substantive analyses of interespghsticated version of this approach is the
Representative Indicators Response Style MeansCavdriance Structure (RIRSMACS)
approach proposed by Weijters, et al. (2008). Witk method, each substantive item is
related to a comprehensive set of response stydgsite measured by multiple items. That is,
each response style factor is indicated by multipbasures of each response style, and each
substantive item is specified as a function of NAERS, and MRS factors. In their paper,
Weijters, et al. (2008) applied the RIRSMACS madeh seven-point scale and used separate
acquiescence and disacquiescence measures, Il fore-point scales used in our empirical
studies, this would lead to identification and cergence problems due to collinearity, so we
will use NARS instead. The major advantage of mpldtmeasures is that the response styles
can be assessed more reliably and that measurementis not passed on to the residualized
scores, which presumably have been corrected faareous influences. Two disadvantages
of the approach are that a relatively large nunatbéeterogeneous control items is needed to
construct multiple indicators of each responseestyhd that many additional parameters are
estimated.

The two approaches discussed above are desigmedttol scale usage heterogeneity
at the respondent level. Such individual-level mieas of scale usage heterogeneity can be

used to conduct comparisons across groups or comsliand individual-level response style



measures can serve to remove stylistic varianee fubstantive measures so that substantive
comparisons can be based on corrected scores. ldoveeale usage differences need not
always occur at the respondent level, and undéginesircumstances it may be preferable to
correct for differential scale usage at the grayel. For instance, prior research has shown
that translations of response category labels esultrin labels whose meaning varies across
different languages, and that as a consequencesamient rates may differ simply because
nonequivalent labels were used in different langsg@kevington & Tucker, 1999; Smith, et
al., 2005; Szabo, et al., 1997; Weijters, et &13). In particular, response category labels
used in different languages may vary in intenstty. example, in a comparison of response
category labels in the U.S. and Germany, Smithl|.€2005) found subtle intensity
differences between apparently equivalent labeth s ‘definitely agree’ and its German
translation, ‘stimme bestimmt zu’ (i.e., ‘defingéls a stronger term in English than
‘bestimmt’ is in German). Furthermore, Weijtersabt(2013) recently demonstrated that a
category label may be more idiomatic and thus rfeoreliar in one language than another.
Since more familiar labels are more readily endbiserespondents, regardless of the
substantive content of the items in question, ¢hislead to bias. For example, ‘tout a fait
d’accord’ in French is more familiar than ‘stronglgree’ in English and this leads to greater
endorsement of the endpoint categories in Frereh ithEnglish, regardless of content
(Weijters, et al., 2013).

Thus, nonequivalent response category labels potemtial source of systematic bias.
This problem is particularly serious since respaaegory labels vary across languages, but
often the same response options are used acragsatlleast many items of a questionnaire

within a language (Rindfleisch, Malter, Ganesanvi@rman, 2008). If response frequency



distributions differ for reasons unrelated to comtéhis causes cross-linguistic bias in
parameter estimates (De Jong, Steenkamp, Fox, &Barxiner, 2008). However, the bias
occurs because the meaning of the category labfdsscacross languages (or nationalities)
and is thus a group-level phenomenon. If this ésdise, the correction for scale usage
differences should occur at the group level, nohatevel of individual respondents. The
benefit of a group-level correction is that it m@g/possible to get more reliable and valid
estimates of differential scale usage, and theection is simpler.

We have focused on the example of differentialesaabhge across language groups
due to nonequivalent response category labels tvate the group-level correction. But the
approach is more general and can be used wher@rerdre concerns that a group-level
confound may invalidate comparisons across gratipst, response style research has shown
that a substantial proportion of response styl@atian occurs at the country level (De Jong, et
al., 2008; Van Rosmalen, Van Herk, & Groenen, 2040}t is possible that even when
optimally equivalent response category labels asglun cross-national research, respondents
from different nationalities use response scal&#eréntly. Second, cross-group differences in
scale usage are prevalent in contexts other tlems-¢rational survey research. Examples
include research contexts in which different séatenats are used across groups of
respondents, studies in which different data ctbeomethods are used for different groups,
and experiments in which manipulations result difeerent perception of scale category
meanings across experimental conditions. The digishing features of the proposed
approach are that the correction occurs at thepgiexel, that it is based on independent
control items, and that it does not require thatifieation of specific sources of scale usage

differences.



3. Conceptual development

3.1. The forgotten alternative coding approachlfdeert items

When introducing his popular attitude measuremeales Likert (1932) initially
considered two alternative ways of coding the datane approach, consecutive integers are
assigned to the response categories. For exarople five-point scale, integers of 1 to 5 are
assigned to the five scale positions (1 = ‘stroribagree’, 2 = ‘disagree’, 3 = ‘neither agree
nor disagree’, 4 = ‘agree’, 5 = ‘strongly agre&jthough the assignment of consecutive
integers is arbitrary and the implicit equal-in@rassumption may not be justified, this
method has become the norm for researchers uskegtitype response scales, and we thus
refer to it as the traditional approach. With thieeo method (which Likert called the sigma
method of scoring), each response category israsig value based on the proportion of
respondents who selected a given scale positictifggally, the endorsement frequencies of
the different response categories are transformtedai z-score using the cumulative normal
probability distribution (Likert, 1932, p. 22).

Likert specifically devised the sigma method inertb make responses to different
response formats comparable (e.g., a graded nauttipdice question and a strength of
approval item). We follow Likert's lead and propdhat, in a situation in which the
comparability of responses might be questionabtabse of the presence of scale usage
heterogeneity across groups or conditions (e.genwhsponse category labels have different
meanings for different groups due to different laages or experimental manipulations),
using the more complex sigma method of coding lélimore appropriate than using the

simpler traditional coding system. However, we agtend Likert’s original sigma method in
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two ways. First and foremost, we calculate the sigiues on the basis of the response
proportions observed acrosb@erogeneouset of control items, where heterogeneous means
that the items share no common substantive contaetcontrol items are calibration items

that are included in the questionnaire specificedhthe purpose of assessing scale usage
differences that are independent of content. Tg@aivalues derived from the control items
are then applied to the focal items (i.e., the g@émthe questionnaire that are of substantive
interest, as opposed to the calibration iteh®)is avoids the confounding of content and
scale usage that may arise when scale usage diffssare inferred from the substantive items
to be compared. Second, we use a different segmiasvalues to code the response categories
for different groups of respondents to correctthar fact that there may be scale usage
differences across the different groups of respotsdén other words, we use the control items
to get a “pure” measure of scale usage (becausmtiieol items presumably share no

common substantive content) for each of the grooijp® compared, and we then use the
sigma values obtained from the control items irhegroup to weight the responses to the

substantive items.

3.2. Estimating group-specific response frequenslyidutions based on specially-chosen

control items

! Procedures similar to the Likert (1932) sigmahuoetare also implemented in statistical packagel as SAS
(referred to as Blom, Tukey, or van der Waerdemabiscores based on ranks) and LISREL. As in Likert
approach, these transformations use the cumuldistieébution of the responses to the substantem ibf interest
itself as the basis for the normalization functidhis does not allow the analyst to correct folescesage
independently of content, which is the main chamastic of the calibrated sigma method proposed .hEne
calibrated sigma method aims to weight scoresgroap-specific way without sacrificing the abiltty make

comparisons between groups.
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Research on response styles has made it plaiit thatecessary to clearly differentiate
between responding based on content and respobdsggl on factors unrelated to content
(Baumgartner & Steenkamp, 2001). If the diagnosiamd correction for, scale usage
heterogeneity is based on the same items thatsoeised to conduct substantive comparisons
on variables of interest, there is the danger of@manding scale usage variance and
substantive variance. To avoid this problem, tledgyred approach is to use independent
control items (Podsakoff, et al., 2012). These mdritems should satisfy two requirements.
First, they should be heterogeneous in contetitelitems have little or nothing in common,
then responses to these items can be treated @sngaisures of scale usage. Second, there
should be no overlap in content between the coitgwis and the items for which substantive
comparisons are to be conducted.

In prior research, the scale developed by Greel&®2b) has sometimes been used
for this purpose. This scale consists of items siscth am a homebody,’ ‘A college education
is very important for success in today’s world, Néh | see a full ashtray or waste-basket, |
want it emptied immediately’, ‘I eat more than bskd’, and ‘No matter how fast our income
goes up, we never seem to get ahead’. AlthoughnBaakeproposed these items to measure
extreme responding, the heterogeneous conteneaofeims makes them well-suited for
quantifying differences in response patterns iregain\Weijters, et al., 2013). We will use this
scale in our empirical work and henceforth refethio scale as the Response Pattern Scale
(RPS). The use of a standard set of heterogentmus to quantify the relative use of the
various response categories optimizes both inteadality (no confounding of content and

style) and external validity (the findings can lemgralized to other items and content
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domains). Furthermore, the use of a common scakesnaur results comparable to those of

other studies based on the same item set (Arcex-@0606).

3.3. Correcting group-specific response biases

Researchers who have recognized the need to céotrdifferential scale usage have
generally applied a correction at the individuapendent level. Although it is certainly
possible that scale usage varies by respondematnibe difficult to get valid and reliable
individual-level estimates of scale usage, and nsadeorporating the possibility of scale
usage heterogeneity are usually forced to makewsusimplifying assumptions (in order to
identify the model) that may not be satisfied iagtice. Furthermore, under certain
circumstances, there are theoretical reasons tecexipat differential scale usage occurs
across groups of respondents (or conditions) rdtfar individual respondents, in which case
it seems most appropriate to apply a correctigheagroup level. For example, if it is thought
that the meaning of response category labels vadesss different languages and that, as a
consequence, different language groups differépsalect certain scale positions, then one
should correct for this difference at the langulayel.

Following this logic, we propose to code the reggocategories of all items in a
group-specific way, based on the proportion of eseiments of each response category by a
group of respondents answering the control itengs, (e RPS). For example, if the response
category ‘strongly disagree’ is usksgsoften in one group than in another, regardlesshait
respondents are being asked, the choice of ‘styatigagree’ in response to a substantive item
should get anoreextreme weight in the first group than in the setto eliminate the effect

of differential scale usage and equate the respogisavior of the two groups. Thus, instead of
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arbitrarily coding observed responses by using etutsve integers, the responses are coded in
an empirical way based on the frequency with wiaigitoup of respondents selects the
response categories for a set of heterogeneoute(tenee) control items. In this context, it is
worth pointing out that Likert (1932) proposed thaditional coding approach based on
evidence from a rudimentary experiment in a sirgglewle setting, which showed that the
simpler procedure led to results that were verylambo those of the more complex sigma
method. Although Likert himself cautioned that finglings were exploratory and needed to

be replicated, subsequent researchers have simpliynoed this practice without much

additional supportive evidence.

3.4. Formal model

Formally, we propose the following approach. Farhegroup g, and for all response
categories k (where the total number of respontgodes is K), the cumulative proportion of
consecutive responses P, ..., Fg) is computed across the control items (e.g.,t#mas
in the RPS). Assuming approximate normality ofuheerlying distribution, the sigma value

for category k in group g is obtained as,

6 kg= D [Y2* (Peg+ Peagl,

whered ™ refers totheinverse cumulative normal distribution functjawith Ry= 0 and R =
1. Instead of coding the response categories éostihstantive items with their rank number k,
the observed responses get assigned thevalue corresponding to the response category of

the group in question. Note that the cumulativgpprtions are computed across the control



14

items, not the substantive items. Furthermoresifima values could, in principle, be
computed based on a subsample of all respondeatgiiren group (so that not all
respondents have to complete the control itenssjrifey completion time is at a premium), or
a pretest with representative samples of respoadearh each group could be conducted to
get the sigma values. This makes the method patlmtnore cost-efficient, although it is
crucial that the sigma values obtained from thesaniples or pretest samples be

representative of the full samples for which subtbt@ comparisons are to be conducted.

3.5. lllustrative example

In Table 1 we provide a brief worked example of Howompute calibrated sigma
values based on hypothetical responses to thes&égpbint RPS items by two samples of
respondents in two different groups.

Insert Table 1 about here

In step 1, the mean frequency with which each scatiegory is chosen across the 16
control items has to be computed. For example, :184cel one can use the ‘=COUNTIF()’
function to compute the frequencies of each respoategory across the 16 RPS items and
then calculate the means of the resulting varialhestep 2, the frequencies are recoded as
proportions (in the example by dividing the meagtrencies by 16). In step 3, the cumulative
proportions are calculated based on the proportiostep 2. In step 4, the midpoint of each
category proportion is calculated. Finally, in skepghese midpoint proportions per category
are transformed into calibrated sigma codes (wbarhespond to standardized z-scores). For
example, in MS Excel one can use the formula ‘=NOMV()'. The sigma values obtained

for the two groups can then be used to recodeetfi@onses to the substantive items of
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respondents from groups A and B, respectivelyrfsgroup A, for instance, a ‘strongly

disagree’ response would be coded as -1.96).

4. Study 1. Recoding data to remedy scale usage differ ences acr oss languages

To illustrate the newly proposed method, we demmatesits use on a simulated data
set. This allows us to be certain of the true ulydes model, which is impossible with
empirical data. The goals of the simulation studyta (1) illustrate a hypothetical model of
how cross-language response bias may come abyderffnstrate the use of the calibrated
sigma method and compare it to the traditional mgdicheme for Likert items, and (3) show
how language-specific scale usage may cause laasthard to detect with classic
measurement invariance tests because these tegtsaathat the bias is non-uniform across
items. If, as hypothesized, tests of measuremeatignce cannot detect language-specific
differential scale usage, the implication is th&asurement invariance testing should be

complemented with the calibrated sigma coding netho

4.1. Method

Data generationlmagine a scenario where a company wants to contpeien its
brand across twelve language groups, using a item@escale. We simulate data for a sample
of N=12,000, with 1000 respondents for each offtilewing languages: Dutch, French,
English, German, Spanish, Polish, Slovakian, HuagaRomanian, Swedish, Italian, and

Turkish. We assume one latent constréctN(0,1), measured by means of three indicators;
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80 percent of the variance in the three indicaexplained by the latent variable, the
remaining 20 percent is explained by unique fadiprsN(0,1), where p equals 1, 2 or 3.

We used the Monte Carlo facility in Mplus 7.3 tongeate the data (using the default
seed = 0). All observations are drawn from the saarenal distributions irrespective of
language group (i.e., one normal distribution fag latent construc; and three unique factors
dp). For each indicator variable, a continuous vaeiaias created as the weighted sum of the
latent construct and the indicator’s unique terchsihat 80 percent of the total variance was
due to the latent construct. Next, all continuoasgables were categorized into seven response
categories using the frequency distribution of RS items for each of the 12 languages
observed in Study 3 of Weijters, et al. (2013)otiher words, we created language-specific
cutoff values (lower and upper boundaries for easponse category) based on the
cumulative proportions of the seven response cagsyacross the RPS items observed in an
actual study (i.e., although we use simulated ftatthe construct measures, the scale usage
data for the 12 languages are based on actualieaiglata). These cutoff values were then
used to categorize the simulated continuous inglisagvery value of the initially continuous
variable was assigned to a response categorfeif hetween the response category’s upper

and lower boundary. The boundaries were computéallas/s:

Upper boundagy = @ (P,

where k = response category 1 through 7, g = laggdehrough 120, 4 are the language-

specific cumulative proportions on the RPS itemisefich response categpapndd™ is
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the inverse cumulative normal distribution funct{oesponse category 7 does not have an
upper boundary).

Internal consistency of the RPS iteffise calibrated sigma methalbased on the
assumption that across-group differences in regpoategory endorsement represent
consistent variation in response patterns thaharspecific to any one of the RPS items. To
assess whether the RPS is a reliable group-levasune, we therefore computed Cronbach’s
alpha coefficients for the endorsement likelihootlsach response category, where the
variables are the proportion of respondents whoesadl a given response category (e.g.,
strongly disagree, disagree, etc.) for the 16 R&83 and the unit of analysis is the language
group. In other words, Cronbach’s alpha measuresdomsistently the 12 language groups
endorsed a given scale position (e.g., stronglggiee) across the 16 RPS items. Table 2
reports the results. All Cronbach’s alpha coeffitseexceed .80, which demonstrates
consistent scale usage by different language graass items that share little or no common
substantive content. This conclusion aligns withieaapplications of the Greenleaf RPS to
assess cross-national differences in responsema(€larke 111, 2001).

Insert Table 2 about here

To summarize, we find highly consistent endorseseheach of the seven response
options (e.g., similar proportions of ‘strongly @igee’ responses) across the 16 items in the
RPS by different language groups. If the itemseth@mmon content and reflected the same
or related constructs, there would be a substanti@son for this consistency in responding by
different language groups. However, the 16 calibnaitems were purposely chosen to be free
of common content, which makes it implausible thatresponse pattern consistency

represents anything other than style (Greenle®&2491992b). In other words, systematic
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differences across language groups in consistepbreling to content-free items are most
likely due to scale usage differences, not substuifferences. Whether cross-group
differences in scale usage are the result of d@ifféal familiarity with the response category
labels in different languages, culture-related oese styles, communicational norms, or other
confounds is immaterial and does not affect theatiffeness or validity of the calibrated
sigma method.

Application of the calibrated sigma methdéext, the newly proposed method was
applied and the initial integer values (i.e., 1dtongly disagree, 2 for disagree, etc.) were
recoded in accordance with the calibrated sigmaaoaetThe mapping functions for the
twelve languages are shown in Table 3. For exanmi@ll Dutch language respondents, 1
was recoded as -1.92, whereas for German langwssys, U was recoded as -1.66. This
recoding reflects the fact that the first categstyongly disagree) was selected more often by
German respondents regardless of item contenhasahis category gets a less extreme
weight for German respondents relative to Dutcpoadents.

We ran the data generation procedure twice to sitaulvo alternative scenarios,
labeled equal latent means vs. different latentnselm the first scenario, the latent factor
means were equal across the 12 language groufiee g®cond scenario, 6 language groups
(those with odd rank numbers in the data set afdeTz) were assigned a latent factor mean
of -.25, while the remaining groups (those withrevenk numbers) were assigned a latent
factor mean of .25. The purpose of this maniputatias to demonstrate that, under the
current data generation model, the calibrated sigretod will detect non-invariant latent
means when the means actually differ across largggemups (but not so when they do not

differ), whereas traditional invariance testinglwitongly conclude that the latent means are
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different when the latent means are actually timeeshut different language groups use the
response scale differently.

Insert Table 3 about here

4.2. Findings

For each of the two scenarios (equal latent meandifferent latent means), we have
two data sets for the observed variables: one baisédhditional coding, the other based on
calibrated sigma coding. For each of these fourl@pations (scenario by coding), we test a
Means And Covariance Structure (MACS) model oftihend trust factor with three
indicators and compare the findings. For all data,sve test a sequence of nested models
(Steenkamp & Baumgartner, 1998). Assessment of uneeent invariance is best
approached from a modeling perspective rather @hstrict statistical hypothesis testing
perspective, and the following indices of modehfi¢ particularly well-suited in this context:
TLI, CFl, RMSEA and an information criterion such AIC or BIC (Little, 1997; Steenkamp
& Baumgartner, 1998). BIC is used to select thenagitmodel, since it trades off closeness of
fit with parsimony (i.e., the penalty for adding gaeters increases with sample size); a lower
BIC for a model relative to other models indicatasiore optimal parameterization (Mulaik,
2009; Wicherts & Dolan, 2004).

We start from the unconstrained model (model A) itike indicators freely load on
their underlying factor. Note that this model hasozdegrees of freedom (and consequently
perfect fit), making it easier to interpret the sefpuent deterioration in fit. The next models

test for metric invariance (i.e., equal factor log$ across groups; model B), scalar invariance
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(i.e., equal intercepts in addition to equal loadirmodel C), and factor mean invariance
(model D), respectively. If latent means are coregacross groups, both metric and scalar
invariance have to be satisfied (Steenkamp & Bauingg 1988). The fit indices for these
models are shown in Table 4 for both the traditi@@a and the calibrated sigma data in the
equal versus different latent means scenarios.
Insert Table 4 about here

Let us first look at the equal latent means scenémithe traditional data, the fit
indices point toward model C (scalar invariancenaitt invariance of latent means) as the
preferred model (i.e., model C has the lowest BMli®, and the other fit indices support this
conclusion). On the other hand, in the calibratgtha data, the fit indices support the
hypothesis of invariant latent means, which indeadesponds to the known true situation.
Figure 1 shows the estimated means and their gumeling 95% confidence intervals for the
traditional data and the calibrated sigma datausare shown in order of their RPS mean).
Clearly, for the traditional data the estimated nseare biased in the direction that is to be
expected given the scale usage differences obsaoreds groups, with the lowest mean in
the German language and the highest mean in theshuanguage (see Table 3). These
differences are not present in the data basedeoodlibrated sigma method.

Figurelhere

Next, consider the different latent means scenénithis case, in accordance with the
true situation, the hypothesis of invariant later@ans is rejected in the data set based on
calibrated sigma coding. As seen in Figure 2, @mngliage groups with odd rank numbers
have latent means that are about .5 higher thaetiwith even rank numbers (groups are

ordered by their true means, and — within the tnean ordering — by RPS mean). Although
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the hypothesis of equal latent means is also egjdcatthe traditional data, the latent means do
not properly reflect the .5 difference between add even rank numbers. The reason is that
the estimated latent means are not only influemhgetthe true difference in latent means but

also by scale usage differences between the lapgyragps.

Figure 2 here.

4.3. Discussion Study 1

The simulation study demonstrates some importaintgd-irst, it provides a
hypothetical model of how response bias acrossukges may arise. Second, for cases where
this model holds, the simulation demonstrates tfeetveness of the calibrated sigma method,
both when there are no genuine differences indhal fconstruct across groups and when there
are genuine differences. Importantly, when theiti@thl coding method is used, the bias
introduced by differential scale usage across laggugroups is not necessarily unmasked by
measurement invariance tests. On the contrarygsdfeence of model tests may give very
reassuring results for the hypothesis of measuremeariance, while providing clear reason
to reject the hypothesis of equality of latent nsgaven though the latent means are actually
equal by design. By contrast, when measurementianae testing is applied to data coded
with the calibrated sigma method, the analysis datdead to biased estimates of latent

means and misleading comparisons of means acrmgsdge groups.
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5. Study 2: Empirical application of the calibrated sigma method

in a dual-language setting

To illustrate the use of the calibrated sigma metincan empirical setting, we
compare samples of Dutch- and French-speaking &elgispondents on their self-reported
Need for Predictability. Need for Predictabilityagacet of Need for Closure and, as the name
of the construct suggests, refers to a preferemrcledving secure knowledge that implies
trans-situational consistency (Kruglanski, et #097; Webster & Kruglanski, 1994). Even
though in non-simulated settings it is impossibl&tow the true value of a latent variable
with certainty, there are theoretical reasons fmeekthat Dutch- and French-speaking
Belgians do not differ substantially from each otineterms of their Need for Predictability.

In particular, the scores on uncertainty avoidaacegnstruct closely related to Need for
Predictability (Richter & Kruglanski, 2004), are @id 93, respectively, for (Dutch-speaking)
Flanders and (French-speaking) Wallonia — as coaaptar 53 for the Netherlands and 86 for
France (Hofstede, 2001).

In addition, there are several ‘hard’ indicatorattbupport a lack of difference between
Flanders and Wallonia in terms of need for pretitityg and uncertainty avoidance. For
example, it is well established that uncertaintgidsince is negatively related to national rates
of innovation (Shane, 1993). Consistent with Bealgaihigh score on uncertainty avoidance,

its TEA index (Total Entrepreneurial Activity, measd as the percentage of individuals of

% Note that only one of the three measures on wiitfertainty avoidance is based is a Likert-typéesaes two
of the items are rated on scales ranging from &gyat the most’ to ‘until | retire’ (for employmiestability) and
from ‘I always feel this way’ to ‘I never feel thisay’ (for stress). Therefore, it does not seeraljikhat the
scales used by Hofstede to construct the unceytaiidance scores may suffer from the same batsith have
identified.
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the active population who are involved in the stgrtof an enterprise younger than 3.5 years)
was quite low in 2008, and the index values werelar for Flanders and Wallonia (Bosma &
Levie, 2010; Sleuwaegen & Buysse, 2010). Furtheemidofstede (1991) presents data that
uncertainty avoidance is negatively correlated whthadoption of new media, use of the
internet, and teletext. Consistent with this evigerthe adoption of online shopping was
rather slow in both Dutch- and French-speaking BelgEurope, 2013), presumably because
this form of shopping deviates from the known angted brick-and-mortar shopping. It is
therefore plausible that if a difference is obsdretween the two groups in terms of Need for
Predictability, it can be mainly attributed to @iféntial scale usage bias, especially when the
bias is in the same direction as the responseahilitin differences observed for unrelated
items. This bias may be remedied by applying thiereged sigma method.

To summarize, the aims of this study are to ingeséi whether a difference in Need
for Predictability is observed between Dutch- anehEh-speaking Belgians and whether this
observed difference persists after applying thioted sigma method. In addition, we will
compare the results obtained with the calibratgohaimethod not only to the results based on
traditionally coded data, but also to the resuttamed with a more elaborate correction
method that accounts for individual variation inltiple response styles: the Representative
Indicators Response Style Means And Covariancetbirel approach or RIRSMACS

(Weijters, et al., 2008).

5.1. Method

Data were collected by means of paper-and-penestipnnaires distributed door-to-

door using a random walk procedure, which yieldg8 %alid responses. We obtained 292
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usable and complete questionnaires from Dutch-spga&spondents and 246 from French-
speaking respondents. In the Dutch-speaking sarplé% of the respondents were female
and the average age was 40.74. In the French-syes&imple, 59.8% were female and the
average age was 40.34 years.

Need for Predictability was measured by meansgifteiems, three of which are
reverse-scored (see the Appendix of Kruglanski, $#band Klem (1993) for the items). To
measure and remedy response scale usage differédme&PS was also included in the

questionnaire (Greenleaf, 1992b). All items wermndstered in a five-point Likert format.

5.2. Findings

We ran measurement invariance tests in three diffavays: (1) using the traditional
coding, (2) using the calibrated sigma coding (Balgle 5), and (3) using traditionally coded
data corrected by means of the RIRSMACS approacprdparation for applying the
RIRSMACS method, we first ran preliminary analysest supported metric and scalar
invariance for the response styles NARS, ERS an&MRirthermore, these analyses also
indicated a clear and significant between-groufediéhce in response style means, as reported
in Table 6 and consistent with the results in T&blthe French-speaking sample had higher
NARS and MRS means, but a lower ERS mean. Thegi#grdendency to agree rather than
disagree (NARS) suggests inflated mean estimatdssrsample relative to the Dutch-
speaking sample.

Insert Table 5 about here

Insert Table 6 about here
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For the focal analysis, we specified a two-group@&model, with language as the
grouping variable, in which the eight items of NéedPredictability load on one factor, with
freely correlated residual terms for the three rese items (Marsh, 1996). The model fits the
data relatively well. Table 7 gives an overviewtw fit indices for the three alternative
approaches. Table 6 reports latent mean estimatéisef French-speaking sample relative to
the Dutch-speaking sample in terms of Need for ietahility under the three different
scenarios.

Insert Table 7 about here

In the traditionally coded data, the scalar invaceamodel is the preferred model and
the hypothesis of invariance of factor means isateyd (in favor of scalar invariance without
means invariance; see the BIC values in the |datmoof Table 7). Indeed, the French-
speaking sample has a factor mean that is signtfichigher than the mean in the Dutch-
speaking sample (see Table 6). By contrast, if pgdyasigma coding to the data (see Table 5),
the invariant latent means model is the preferredehand the mean estimate in the French-
speaking sample does no longer differ significafrtyn that in the Dutch-speaking sample
(see Table 6). The RIRSMACS-corrected model yietdariance testing results that are
similar to those of the calibrated sigma model ¢bedast column of Table 7 for the BIC
values) and also indicates no significant mearerbfice between the two language groups
(see Table 6). The sign of the difference evenrsas; but we should note that the standard
error of the mean estimate is also markedly latign in the other two analyses; this indicates
lower precision of the parameter estimate baseti@RIRSMACS model (which may be due

to the much higher number of parameters estimatéuis model).

5.3. Discussion Study 2
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Study 2 demonstrates how the calibrated sigma gaafidata works in an empirical
setting. The application leads to some relevanticsions about the method. First, factor
mean comparisons that show significant differer@essed on traditional coding may no longer
be significant when using calibrated sigma codindhe current situation, there are good
reasons to believe that the observed mean differendeed for Predictability is a method
artifact. Specifically, in an independent hetercgmrs set of items (the RPS scale), we can
already detect differences between the two groupsrims of their pattern of responding to
content-free items: the French-language data shore midpoint and fewer disagreement
responses (see Table 5 and the response style meEaisle 6). This difference in scale usage
is consistent with the observed difference in lateaans based on traditional coding.
Moreover, theoretically, no mean difference is etpe, because both groups are culturally
similar in terms of uncertainty avoidance leveltsdAnote that the small difference in
uncertainty avoidance (Hofstede, 2001) is in tlieafion opposite to that observed for Need
for Predictability, whereas it is in the directiore would expect based on the response pattern
differences between the two groups. When the sesage difference across the two language
groups is accounted for by using the calibratethaignethod, the factor mean difference
becomes smaller and statistically non-significdfinally, when applying an individual-level
correction for differences in stylistic respondiing., the RIRSMACS method), the factor
mean difference also becomes statistically nonHsogmt.

When evaluating the parsimony-adjusted fit by medrBIC, a remarkable similarity
becomes evident between the pattern shown by Big&athe models estimated in the
simulation study (Study 1; see Table 4) and inaimpirical study (Study 2; see Table 7). For

the first three models (i.e., unconstrained, métwariance, scalar invariance), the model fit
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indices are nearly identical for the traditionatleaigma coded data. However, for the model
that additionally imposes factor mean invarianbe,BIC goes up in the traditional method,
whereas it continues to decrease for the calibsiggda method. This means that
measurement invariance tests do not necessartyderevidence of differential method bias
across groups when this bias is uniform acrosssitevhich is the case when differential scale
usage is the cause of method bias (Little, 1997jt¥ve, et al., 2008). However, in

traditionally coded data the uniform bias doesueafice the results, as the latent mean estimate
captures not only the central tendency of the suibise latent variable but also the central

tendency in scale usage.

6. Study 3: Empirical application of the calibrated sigma method to a survey experiment

Although the most plausible explanation for theutssin Study 2 is a scale usage
difference between Dutch-speaking and French-spgakispondents, the findings are not
conclusive since the “true” Need for PredictabibfyFlanders and Wallonia is unknown and
respondents cannot be randomly assigned to a lgaguecultural group. Therefore, to
complement Study 2, Study 3 offers a second engbigigplication of the calibrated sigma
method, this time focusing on a situation in whickasurement non-equivalence between two
groups is the result of an experimental maniputatibthe response scale format.

Specifically, all respondents completed the samates&Susceptibility to Normative
Influence or SNI (Bearden, Netemeyer, & Teel, 1988} they were randomly assigned to
two alternative scale formats, which were desigweslicit specific scale usage differences. In
one format, only the endpoints were labeled: ‘disagfor the first category and ‘agree’ for

the fifth category. In the other format, all fivesponse categories were labeled: ‘extremely
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disagree,’ ‘disagree,’ ‘neither agree nor disagragree,” and ‘extremely agree’. The
endpoint-labeled format was expected to lead teersadpoint responses than the fully
labeled format for two reasons. First, if only #redpoints are labeled, they are comparatively
more salient and less ambiguous than the otheomespcategories, which should encourage
greater endorsement of the endpoints (WeijterspGial, & Schillewaert, 2010). Second, the
labels of the endpoints in the endpoint-labeleddd@n are less intense and therefore more
likely to be endorsed (de Langhe, Puntoni, Ferngnflevan Osselaer, 2011). The SNI scale
generally has a mean below the midpoint (Beardeal, ,€1989), because consumers typically
do not believe that their behaviors are influenogathers (Bearden, et al., 1989; Gopinath &
Nyer, 2009). For scales that have a scale meamkig® midpoint, response style theory
predicts that increased endpoint responding walille®o a lower mean estimate, because
extreme responding mostly leads to extreme negediber than extreme positive responding
(Baumgartner & Steenkamp, 2001). As a consequa&veexpected that the SNI scale would
show a lower mean in the endpoint-labeled condlttam in the fully labeled condition.
However, this difference does not reflect a conteged (substantive) difference since
respondents were randomly assigned to conditiodsS&t should be the same on average;
any observed difference is simply a scale usaderdiice due to the use of different response
scale formats. Hence, the intent of the study wascperimentally induce a scale usage
difference and to demonstrate that the resultiag ban be corrected using the calibrated
sigma method.

In summary, in the second empirical study we previgther evidence in support of
the validity of the calibrated sigma approach, aedllustrate that the method can also be

applied in experimental settings in which a maragioh causes a difference in the meaning of
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scale categories and therefore different scaleaugagally, we also show that the sigma
values can be computed based on a random subsantpteen applied to the complete

sample.

6.1. Method

Data were collected from the Amazon Mechanical Tpakel. In the sample (N = 455),
age ranged from 19 to 70 years (M = 37.1, SD =)1dn@ 46.4% of respondents were women.
The questionnaire contained the 16 RPS items andight items measuring the normative
factor of Susceptibility to Normative Influence ®NI (Bearden, et al., 1989). Example items
are ‘| rarely purchase the latest fashion style¢# uam sure my friends approve of them,” and
‘It is important that others like the products dménds | buy’ (Cronbach’s alpha = .94).

All 24 items were administered using five-pointimgtscales, but as explained
previously, respondents were randomly assignedacatternative scale formats, either a
format in which only the endpoints were labeledsagree’ for the first category and ‘agree’
for the fifth category), or a format in which alvé response categories were labeled

(‘extremely disagree,’ ‘disagree,’ ‘neither agre® disagree,’ ‘agree,” and ‘extremely agree’).

6.2. Findings

We coded the responses to the SNI items in diffesays. With traditional coding, the
response categories were coded with consecutiggard from one to five, irrespective of
experimental condition. As expected, the traditiynscored scale mean was below the

midpoint (i.e., the midpoint is three on a fivequoscale) in both conditions, but the mean was
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lower in the endpoint-labeled condition than in thky labeled condition (M iabelea= 2.15,

SE = .056; Mndpoint-labeled= 1.91, SE = .059); this difference was statidiicsignificant: t(453)

= 2.953,p =.003). Thus, the endpoint-labeled condition hemle extreme responses than the
fully labeled condition, which leads to more extee(tower) SNI scores in that condition.
However, this is merely a scale usage differenice,cance calibrated sigma scoring is used,
which corrects for this scale usage differencegdifference goes away: With calibrated sigma
coding, the categories were coded based on thenssppattern observed in the RPS data,
separately for each experimental response fornmatitton, as shown in Table 8. As expected,
the endpoint-labeled format led to more extremparses. The higher endorsement rate of
endpoints in the endpoint-labeled format is reélddn the sigma values for the endpoint
categories, which are less extreme than the sigihees for the fully labeled condition. When
the sigma values were used to code the respongies iwo experimental conditions, the
difference in SNI between the two groups was ngéorsignificant: t(453) = -.04,= .963.

To illustrate that the sigma values can also beprged based on a random subsample
and then applied to the complete sample, we rangsarhpled approximately half of the
respondents and computed sigma values based amuldism subsample (separately for each
of the two conditions), as shown in the last twhuoms of Table 8. In the data based on the
split-half calibrated sigma coding, an independ@mples t-test also showed no significant
difference between the two groups: t(453) = .§54,.393.

Insert Table 8 about here

We also computed response style indicators comsigtiéh RIRSMACS guidelines to

provide additional evidence, based on another ndethat it is important to take into account

scale usage differences and that the calibratedasigethod leads to the right conclusion.
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Three indicators each were computed for NARS, ERBEMRS. Preliminary analyses
supported metric and scalar invariance for thearse style factors, but showed a significant
difference in response style means, as reporté&dlate 9. In line with expectations, the
endpoint labeled group showed more extreme respdasd slightly more midpoint
responses) at the expense of responses that expodssate (dis)agreement (see Table 8).
Insert Table 9 about here

We ran measurement invariance tests in four diftaneys: (1) using the traditional
coding; (2) using the calibrated sigma coding;u8ihg the split-half calibrated sigma coding;
and (4) using traditionally coded data correctedn@ans of the RIRSMACS approach. Table
9 reports the factor mean estimates based ontéraaiive analyses, while Table 10 presents
the model fit results.

Insert Table 10 about here

In the traditionally coded data, the scalar invaceamodel is the preferred model and
the hypothesis of invariance of factor means isateld. Compared to the group that used the
fully labeled scale format (whose factor mean weid® zero), the group that used the
endpoint-labeled scale format had a significardlydr factor mean. In contrast, if we apply
sigma coding to the data, the invariant latent reeaadel is the preferred model (see Table 10)
and the mean estimates in the two experimentalpgrdo not differ significantly (see Table 9).
Applying the subsample-based sigma codes to thedaiple yielded results that were
equivalent to those using sigma codes computed finenfull sample (see Tables 9 and 10).
Furthermore, the RIRSMACS-corrected model yieldsilsr conclusions: the model with

invariant factor means is the preferred model {s##e 10) and the factor mean in the
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endpoint-labeled condition is not significantlyfdient from the factor mean in the fully

labeled condition (see Table 9).

6.3. Discussion Study 3

The results of Study 3 offer additional supporttfoe validity of the calibrated sigma
method. Respondents were randomly assigned toltermative scale formats, which resulted
in a significant factor mean difference for thelit@nally coded data. By contrast, when the
data were coded using the calibrated sigma metbexe(l on either the complete sample or a
random subsample), the factor means were no Imigeificantly different. Since the
respondents were randomly assigned to experimeoalitions, there is no plausible
explanation other than differential scale usagerddeer, an individual-level response style
correction (the RIRSMACS method) yielded result there consistent with those based on

the calibrated sigma method.

8. General discussion

We proposed a method that can be used to cornegtdap-level scale usage
heterogeneity, that is, differences across gronpise endorsement likelihood of response
categories that are unrelated to the content oténes. Such differences can be due to several
aspects of the data collection that affect thegieet! meaning of the response scale categories,
including the use of a different scale format, tlse of experimental manipulations, the use of
a different language, and/or culturally driven @sge style differences. Although the practice

of assigning consecutive integers to the respoatagories in Likert items is widely accepted,
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it may be inappropriate in such settings. We tleesefdvocate that dedicated calibration
items which are free of common substantive cortterihcluded in questionnaires, in order to
capture the relative frequency with which the res@ocategories are chosen by different
groups of respondents.

The calibrated sigma method has several advantiyest.importantly, it avoids the
arbitrariness in the assignment of particular nucaéralues to response categories.
Furthermore, it is compatible with the linear mgdethich is used by most marketing
researchers, and can be easily integrated into coymased data analysis procedures
(including measurement invariance testing basecbofirmatory factor analysis). In addition,
it does not require the use of complex nonlineade®involving the estimation of many
additional measurement model parameters. On thieacgnthere is no limitation to the
number of Likert items and underlying latent fasttrat can be corrected with the calibrated
sigma method, because the approach consists wipdesiecoding operation, after which the
common linear model (e.qg., for factor analysis andégression) can be applied in the usual
way.

When using traditional Likert coding, measurementriance tests produced
problematic results, because they incorrectly ssiggea difference in factor means across
language or experimental groups. Moreover, theriamae tests indicated that measurement
invariance was established, thus encouraging nueglaonfidence in the comparability of the
data. Remarkably, this finding consistently occdraeross a simulated cross-linguistic data
set (Study 1), an empirical cross-linguistic datéSeudy 2), and data from a scale format
experiment (Study 3). Our results show that calémtaigma coding enhances the validity of

measurement invariance tests. It is therefore gotement (not a substitute) for measurement
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invariance testing. We specifically recommend tieaearchers, when working with grouped
data that may be biased by differential scale ugaggorm a sensitivity analysis by
comparing findings based on traditional coding Viitildings based on calibrated sigma
coding. In settings where there are true different due to differential scale usage,
implementing the calibrated sigma coding methodsdua® overcorrect (i.e., it does not make
true differences disappear; see Study 1).

A requirement for the application of the calibrastégina method is the availability of a
set of items that are heterogeneous in conterftdmabgeneous in form, particularly in terms
of the labeling of the response categories. Thig imerease the costs of administering a
survey. However, if data collection costs are anes the calibrated sigma codes can be based
on data gathered in a pilot study (sampling froemghme population of interest as in the main
study), secondary data collected from a represeataample of respondents who completed a
similar questionnaire, or a random subsample gfardents. To illustrate the last point, in
Study 3 we showed how sigma values based on rasdbsamples (with sample sizes of
approximately 110 per group) led to very similasuiés and the same substantive conclusions
as when using the full sample (with sample sizesppiroximately 220 per group). For market
researchers working with cross-national consumeelgsait may be worthwhile to run a study
to select and calibrate response option categtirégsan then be used in subsequent surveys,
assuming that the pilot sample is representativ®ibgequent samples and that the data
collection conditions are equivalent.

In the extant literature, several alternative mdthibave been proposed to deal with
response bias across groups (e.g., nationalitidtsires, and languages). For a recent review of

such methods, we refer to Baumgartner and Wei{9%$5). What sets the calibrated sigma
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method apart from most existing methods is thaviblves a recoding operation at the group
level. The disadvantage of this approach is thattlethod does not account for individual
(within-group) differences in scale usage. The athge is that it is particularly parsimonious
and relatively easy to apply in cases where scsdgelvaries primarily between groups.

The most obvious domain of application of the mdtlsin survey research involving
multiple languages, where researchers are welleaofahe issue of differential scale usage
and where there is an active research traditiomgino address this issue (de Langhe, et al.,
2011; Weijters, et al., 2013; Weijters, PuntoniB&umgartner, in press). Here, the calibrated
sigma method is especially useful when comparihgititype data in different languages,
including samples that share the same nationalityibe a different language, a common
situation in marketing research (Holmgvist & Vanevenbergh, 2013; Van Vaerenbergh &
Holmqvist, 2014; Weijters, et al., in press).

Despite a general lack of awareness of the maltiere are other domains where
differential scale usage at the group level pdsesats to validity. First, accumulating
evidence shows that data collected by means ddrdifit modes of data collection may exhibit
differential scale usage (Chang & Krosnick, 2008tnzan, et al., 2009; Duffy, Smith,
Terhanian, & Bremer, 2005; Fricker, Galesic, Togeau, & Yan, 2005; Roster, Rogers,
Albaum, & Klein, 2004; Weijters, et al., 2008). Rostance, it is not very surprising that
telephone respondents who interact with an intemsteand verbally respond to auditory
stimuli use scale points differently than onlinspendents who get to see a visual response
scale in front of them to which they respond bgléhg the appropriate response.

Second, the calibrated sigma method is applicahlenveomparing multi-category

rating data obtained with different response sf@imats. This may occur when comparing
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secondary data from different surveys that useséimee multi-item scale but use different
response scale formats (Cabooter, Weijters, Gegevisermeir, 2016).

Third, response scale usage can vary as a funatioften manipulated variables such
as self-regulatory focus or self-construal (Cabqadikllet, Weijters, & Pandelaere, 2016;
Lalwani, Shrum, & Chiu, 2009). Other experimentanipulations may also lead to a possibly
unintended shift in response category usage @fterences in ambient lighting,
questionnaire readability, etc.). While it is nohamon to account for these differences,
differential scale usage may present an alternatypéanation for some results obtained in
experimental priming studies. Although the issuedstop of mind at present, we believe it
may gain importance in the future, given the insieg sophistication of measurement models
in marketing research (Martinez-Lopez, Gazquez-ABaBousa, 2013).

Finally, the calibrated sigma method may also h@iegble in other contexts where
different groups of respondents tend to show difieresponse patterns regardless of content,
for instance, situations where native speakersugansn-native speakers may attach different
meanings to the same response category labelsruesisame language (de Langhe, et al.,
2011; Harzing, 2006; Weijters, et al., in press).

The proposed approach assumes that the sigma vaomgsited from the content-free
control items (i.e., the items in the RPS scale)valid indicators of differential scale usage
and do not reflect substantive differences duauttural or other group-specific characteristics.
In other words, the control items should be freeahmon content within a given group (e.g.,
within a language group), but in addition they dbdanly assess group-specific scale usage,
not substantive differences between groups. Simeedntrol items were chosen to be

deliberately diverse in content, it seems highlijkety that the consistency in responding
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observed across the 16 RPS items in Study 1 (kas€uonbach’s coefficient alpha, see
Table 2) is due to substantive reasons. The maussitile explanation for this consistency is
that different groups use the response scale asydicratic ways. However, future research
should investigate whether the RPS items (or atbetrol items that researchers might use)
are valid indicators of differential scale usageas even more culturally diverse groups.

It may be helpful to future researchers to havetatresponse category labels and
their corresponding calibrated sigma values aviglabdifferent languages. As a first step,
Table 3 provides the proportions and correspondailigprated sigma values for the response
category labels in the language groups used inyStu@pportunities for future research
include studies that provide additional calibradegina values for other languages and/or other
commonly used response category labels. The nethodh@hay also be relevant for other
scale formats that do not assess agreement oregsagnt (e.g., “very true” to “very false”,
“very much like me” to “not at all like me"), butis important to point out that this would
require the use of calibration items that use alairformat. Future research is necessary to

further explore these possibilities.



Tablel
Proposed procedure for obtaining calibrated sigataes

Response category

Group Step Operation i_trongly Disagree Ne'th?r agree Agree Strongly
isagree nor disagree agree
GroupA 1 Mean frequency across 16 RPS items 0.8003.200 6.400 3.200 2.400
2 Mean proportion 0.050 0.200 0.400 0.200 0.150
3 Cumulative proportion (R) 0.050 0.250 0.650 0.850 1.000
4  [¥%* (Pt Bl 0.025 0.150 0.450 0.750 0.925
5  Sigma value -1.960 -1.036 -0.126 0.674 1.440
Group B 1 Mean frequency across 16 RPS items 1.6004.800 4.800 2.400 2.400
2 Mean proportion 0.100 0.300 0.300 0.150 0.150
3 Cumulative proportion (R) 0.100 0.400 0.700 0.850 1.000
4  [%* (Pt Bl 0.050 0.250 0.550 0.775 0.925
5  Sigma value -1.645 -0.674 0.126 0.755 1.440

Note: RPS = Response Pattern Scale (Greenleaf 1;30¢bto K) indexes response categories; g (G)tandexes groups or conditions.
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Table?2
Internal consistency of the 16 RPS items at themgievel in Study 1

Category Cronbach's alpha
1 Strongly disagree 0.84
2 Disagree 0.81
3 Slightly disagree 0.82
4 Neutral 0.93
5 Slightly agree 0.83
6 Agree 0.82
7 Strongly agree 0.89

Note: Table 2 displays the Cronbach’s alpha caefiis for seven response categories in 12 langgiaggs in Study 3 of Weijters, et al.
(2013). At the respondent level, for each respaasegory (1 to 7) and each RPS item (1 to 16)ndicator dummy variable was created
signaling that the response category was seledtedrly = 1) or was not selected (dummy = 0). Thésiited in 7 * 16 = 112 dummy variables
at the respondent level. The data were then agge¢athe language-group level by averaging therdies across respondents within each
group. This resulted in a dataset where the larggagup is the unit of analysis (N = 12) and th2 tdriables represent the proportion of
respondents in a given language group who endargeen response category for a given RPS item |atter dataset was used to compute
seven Cronbach’s alpha values (one for each resprategory proportion). For instance, the Cronltsaalpha for response category one
(‘strongly disagree’ in English) quantifies the ext to which the 16 RPS proportions form an intdyr@nsistent scale of the likelihood of
selecting response option one.
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Table3
Response distributions and sigma values for Study 1
Category
1 2 3 4 5 6 7
Labels Dutch Volledig oneens Oneens Enigszins aneen  Neutraal Enigszins eens Eens Volledig eens
French Pas du tout Pas d'accord Plutét pas d'accord Neutre Plutétardc D'accord Tout a fait
d'accord d'accord
English Strongly disagree Disagree Slightly disagr Neutral Slightly agree Agree Strongly agree
German Uberhaupt nicht Nicht Eher nicht Neutral Einigermal3en Einverstanden Vollkommen
einverstanden einverstanden einverstanden einverstanden einverstanden
Spanish Muy en En desacuerdo Levemente en Neutral Algo de acuerdo De acuerdo Muy de acuerdo
desacuerdo desacuerdo
Polish Zdecydowanie nie Nie zgadzam si Raczej sj nie Obojtne Raczej si Zgadzam si Zdecydowanie
zgadzam si zgadzam zgadzam zgadzam si
Slovakian  V&mi nesuhlasim Nesuhlasim Trochu Nezaujaty Trochu suhlasim Sdhlasim I'Mesuhlasim
nesuhlasim
Hungarian Egyaltalan nem Nem értek egyet  Nem teljesen értek  Semleges Valamennyire Egyetértek Teljesen
értek egyet egyet egyetértek egyetértek
Romanian  Nu sunt deloc de Nu sunt de acord Nu prea sunt de Neutru Sunt ptin de Sunt de acord Sunt complet de
acord acord acord accord
Swedish Instammer inte  Instdmmer inte Instammer inte Neutral Instammer nagot Instammer Instammer helt
alls helt
Italian Non sono Non sono Non sono in parte Indifferente Sono in parte Sono d'accordo Sono
assolutamente d'accordo d'accordo d'accordo assolutamente
d'accordo d'accordo
Turkish Kesinlikle Katilmiyorum Bazen Farketmez Bazen katiliyorum Katiliyorum Kesinlikle

katilmiyorum

katilmiyorum

katiliyorum




Table 3 (continued)
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RPS

% Dutch 5.5% 12.9% 13.0% 23.0% 21.4% 17.7% 6.5%
French 7.1% 8.0% 13.9% 20.1% 24.6% 14.9% 11.4%
English 3.3% 8.8% 11.0% 21.9% 22.1% 22.6% 10.4%
German 9.7% 12.0% 13.3% 22.4% 17.9% 16.9% 7.9%
Spanish 3.7% 9.3% 10.8% 21.5% 22.4% 21.0% 11.5%
Polish 6.3% 10.1% 13.6% 18.7% 21.2% 17.6% 12.6%
Slovakian 4.7% 16.2% 11.4% 17.2% 21.5% 22.3% 6.6%
Hungarian 6.7% 10.7% 12.5% 18.9% 20.0% 19.6% 11.6%
Romanian 7.2% 9.7% 10.9% 17.4% 16.5% 21.9% 16.5%
Swedish 7.6% 11.6% 11.4% 17.1% 20.4% 20.9% 11.0%
Italian 5.2% 9.2% 9.4% 14.9% 25.7% 23.0% 12.6%
Turkish 6.1% 11.0% 8.0% 9.5% 22.8% 23.3% 19.2%

Sigma Dutch -1.92 -1.18 -0.68 -0.18 0.39 1.02 1.85
French -1.81 -1.22 -0.77 -0.28 0.29 0.88 1.58
English -2.13 -1.43 -0.93 -0.41 0.15 0.78 1.63
German -1.66 -1.01 -0.57 -0.10 0.42 0.98 1.76
Spanish -2.09 -1.38 -0.90 -0.40 0.16 0.77 1.58
Polish -1.86 -1.21 -0.73 -0.27 0.23 0.79 1.53
Slovakian -1.98 -1.13 -0.62 -0.23 0.26 0.93 1.84
Hungarian -1.83 -1.17 -0.72 -0.27 0.22 0.79 1.57
Romanian -1.80 -1.17 -0.76 -0.35 0.09 0.60 1.39
Swedish -1.77 -1.11 -0.68 -0.28 0.20 0.79 1.60
Italian -1.94 -1.29 -0.87 -0.49 0.04 0.70 1.53
Turkish -1.87 -1.20 -0.80 -0.53 -0.10 0.50 1.30

Note: Endorsement proportions for the RPS in 1gUages were based on Weijters, et al. (2013).



Table4
Model fit comparison for Study 1

Scenario Coding Model X2 df TLI CFI RMSEA BIC

Equal latent means TraditionalA. Unconstrained .0 0 1.000 1.000 .000 117422.7
B. Metric invariance 25.322 1.000 1.000 012 117241.3

C. Scalar invariance 51.2 44 1.000 1.000 .013 117060.6

D. Means invariance 291.6 55 .990 .994 066 117197.6

Sigma A. Unconstrained .00 1.000 1.000 .000 73926.7

B. Metric invariance 25.222 1.000 1.000 .012 73745.2

C. Scalar invariance 47.0 44 1.000 1.000 .008 73560.4

D. Means invariance 70.2 55 .999 1.000 .017 73480.3

Different latent means Traditional A. Unconstrained .0 0 1.000 1.000 .000 116894.9
B. Metric invariance 24,722 1.000 1.000 011 116712.9

C. Scalar invariance 49.4 44 1.000 1.000 011 116531.0

D. Means invariance1009.8 55 .961 .974 132 117388.0

Sigma A. Unconstrained .00 1.000 1.000 .000 73665.7

B. Metric invariance 24.122 1.000 1.000 .010 73483.2

C. Scalar invariance 46.5 44 1.000 1.000 .008 73299.0

D. Means invariance 954.0 55 .963 .976 .128 74103.1

Note: The lowest BIC value per data set is printeldoldface to indicate the preferred model.



Table5
Response distributions and sigma values for Study 2
Language Cat. Label Proportion Sigma value
Dutch 1 Helemaal niet akkoord .169 -1.374
2  Eerder niet akkoord 192 -.626
3 Neutraal 223 -.067
4  Eerder akkoord 231 526
5 Helemaal akkoord 181 1.319
French 1 Pas dutout d'accord .109 -1.603
2 Pas vraiment d’accord 162 -.877
3 Neutre .302 -.195
4  Plutét d’accord 234 .498
5 Tout a fait d’accord .190 1.296

43



Table6
Mean estimates for the French speaking sampleuidySt

M SE t p
Response styles NARS 96245 3.919 <.001
ERS -.287 .122 -2.359 .018
MRS 484 .095 5.111 <.001
Need for predictability Traditional coding 152 .055 2.769 .006
Calibrated sigma coding .062 .036 1.703 .088
RIRSMACS corrected  -.082.090 -.917 .359
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Note: Table 6 reports the latent mean estimateth@®French-speaking sample in Study 2. Since #snnfor the Dutch-speaking group was

constrained to zero, the t-tests and p-values earsbed to evaluate the null hypothesis of meanliggua



Table7
Model fit indicesfor Study 2

Coding Model X2 df CFlI TLI RMSEA BIC
Traditional coding A. Unconstrained 74.394 34 .962 .938 .066 13162.5
B. Metric invariance 100.779 41 944 924 .074 131449
C. Scalar invariance 122.188 48 931 919 076 13122.3
D. Means invariance  130.489 49 .924 913 079 13124.3
Calibrated sigma A. Unconstrained 75.575 34 .961 .937 .067  9806.1
coding B. Metric invariance  100.801 41 .945 924 074 9787.3
C. Scalar invariance 118.750 48 934 924 .074 9761.2
D. Means invariance  121.728 49 933 923 .074 9757.9
RIRSMACS A. Unconstrained 309.988 172 .947 917 .055 31592.6
B. Metric invariance 337.196 179 .940 .908 .057 31575.8
C. Scalar invariance 349.924 186 .937 .908 .057 315445
D. Means invariance 350.985 187 .937 .909 .057 31539.3
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Table8
Different response scale formats get different sigilues (Study 3)

Full sample Random split half
Category Category labels RPS responseg/%l librated RPS response %C_ahbrated
sigma value sigma value

Fully labeled 1 Extremely disagree 49% -1.97 5.5% -1.92
2 Disagree 18.6%  -1.07 18.6% -1.04

3 Neither agree nor disagree 19.8% -43 20.4% -.40

4 Agree 40.7% .35 40.5% .38

5 Extremely agree 16.0% 1.41 15.0% 1.44

Endpoint labeled 1 Disagree 10.0% -1.64 9.5% -1.67
2 15.7% -.92 16.0% -.93

3 23.5% -.32 23.5% -.32

4 28.9% .35 28.8% .34

5 Agree 21.8% 1.23 22.1% 1.22

Note: Sample sizes arg N 227 and M= 228 for the full sample and; & 114, N = 118 for the random split half sample in theyldbeled
(N1) and endpoint-labeled gNconditions, respectively.
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Table9
Mean estimates for the fully labeled condition tndy 3
M SE t p
Response styles NARS -.070038 -1.818 .069
ERS .102 .019 5.322 <.001
MRS .036 .014 2.608 .009
Susceptibility to Normative InfluenceTraditional coding -.173.064 -2.700 .007
Calibrated sigma coding .010045 .218 .828
Random half calibrated sigma coding030 .045 -.667 .505
RIRSMACS corrected -.074.091 -814 .416

Note: Table 9 reports the latent mean estimatéhfully labeled condition in Study 3. Since thean for the endpoint-labeled group was
constrained to zero, the t-test and p-value camskd to evaluate the null hypothesis of mean eguali



Table 10
Model fit indices for Study 3
Approach Model X2 df CFI TLI RMSEA BIC
Traditional coding A. Unconstrained 126.26 40 971 .959 .097 8032.2
B. Metric invariance 131.18 47 971 .966 .089 7994.3
C. Scalar invariance 139.75 54 971 970 .084 7960.0
D. Means invariance 147.22 55 .969 .968 .086 7961.4
Calibrated sigma coding  A. Unconstrained 129.23 40 970 .958 .099 5664.9
B. Metric invariance 135.02 47 971 .965 .091 5627.8
C. Scalar invariance 139.68 54 971 970 .084 5589.6
D. Means invariance 139.72 55 972 971 .082 5583.6
Split-half sigma coding A. Unconstrained 128.67 40 .970 .959 .099 5676.5
B. Metric invariance 134.29 47 971 .965 .090 5639.3
C. Scalar invariance 139.88 54 971 970 .084 5602.1
D. Means invariance 140.32 55 972 971 .083 5596.4
RIRSMACS correction A. Unconstrained 279.02 178 975 .962 .050 9489.2
B. Metric invariance 293.77 185 973 961 051 9461.1
C. Scalar invariance 299.47 192 973 .962 .050 9424.0
D. Means invariance 300.14 193 974 963 .049 94185
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Figure 1: Corrected and uncorrected latent means (with 95% CI) when true means are equal across groups (Study 1)
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Note for figure 1: Bars represent the estimatetbfameans with 95% CI’s for traditionally coded ikigrey) vs. sigma coded (light grey) data.
In the equal latent means scenatrio, the true late@ins were equal across the twelve language grobpdPolish group served as the reference
group and had the latent mean fixed to zero (wetlo standard error). Language groups are showscenaing order of RPS mean.
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Figure 2: Corrected and uncorrected latent means (with 95% CI) when true means ar e different across groups (Study 1)
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Note for figure 2: Bars represent the estimatetbfameans with 95% CI’s for traditionally coded idgrey) vs. sigma coded (light grey) data.
In the different latent means scenario, the trtentameans were -.25 for the language groups mdrked- (Dutch, English, Spanish,
Slovakian, Romanian, and Italian) and .25 highetHe other groups marked with a ‘+’. The Polisbug served as the reference group and had

the latent mean fixed to zero (with zero standardrg Language groups are shown in ascending afddr) true mean and (2) RPS mean
within true mean condition.
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