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ABSTRACT: This paper offers a new methodological framework to guide researchers attempting to quantitatively assess
how a pluralistic audience perceives a standardized television advertisement. Rasch (1960) measurement theory is introduced
as an alternative to the more commonly employed multigroup confirmatory factor analysis (CFA) approach to assessing
cross-cultural scalar equivalence. By analyzing a multicultural data set, we are able to make various inferences concerning
the scalar equivalence of Schlinger’s confusion scale. The methodology reveals the limits of the scale, which in all probability
would not have been detected using traditional approaches. For researchers attempting to develop new scales, or even to
refine existing scales, strict adherence to established guidelines of item generation together with the application of the
proposed methodology should ensure better results for both theorists and practitioners.

There is considerable evidence to suggest that attitude toward
the advertisement (A

ad
) influences brand attitudes in pretest

situations and in understanding, predicting, and perhaps even
forestalling wear-out (Lutz 1985). In this regard, reaction pro-
files have been found to predict A

ad
 both directly (Burke and

Edell 1982) and indirectly via ad perceptions (Lutz 1985). Re-
action profiles yield more easily quantifiable data and are there-
fore more amenable to repeated routine use. Moreover, an
inherent advantage of closed-ended responses is ease of com-
parison of findings across ads and/or studies (Lutz 1985). Reac-
tion profiles can also be used in a diagnostic way, either to assess
how an advertisement is perceived on various dimensions and/
or to better understand its total impact on the audience (Aaker
and Stayman 1990). But what if “the audience” is culturally
diverse? As Andrews, Durvasula, and Netemeyer (1994) note,
examining the cross-national applicability of advertising mea-
sures has become increasingly important. As Taylor points out,
however, “too often, in past . . . research, authors have not used
available statistical techniques for ensuring the equivalence of
data collected cross-culturally” (2003, p. 247). Hence, this pa-
per considers the use of reaction profiles to test standardized
advertisements in multicultural environments.
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This study differs from previous research in two signifi-
cant ways, however. First, rather than reexamine measurement
equivalence cross-nationally, we have taken up Lenartowicz,
Johnson, and White’s (2003) recent call to first account for
intracountry cultural variation to avoid erroneous nonsignifi-
cant findings of cross-national differences by disregarding
cultural variations within a country. Second, instead of rely-
ing solely on a multigroup confirmatory factor analysis (CFA)
approach to assessing scalar equivalence, which has been widely
used in marketing and international business generally (cf.
Knight, Spreng, and Yaprak 2003; Steenkamp and Baumgartner
1998) and advertising specifically (cf. Andrews, Durvasula, and
Netemeyer 1994; Durvasula et al. 1993; Ewing, Caruana, and
Teo 2002; Ewing, Caruana, and Zinkhan 2002), we introduce
an alternative measurement approach based on Rasch (1960)
theory. We hope that this novel application will stimulate in-
creased interest and debate concerning cross-cultural testing
and measurement in advertising. It is important to note that
we do not advocate one approach over the other. Rather, we
challenge future researchers to continue along this line of in-
quiry and draw appropriate conclusions themselves.

PROBLEM AND PURPOSE

A striking anomaly in today’s international advertising envi-
ronment is the parallel evolution of both global and
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micromarketing theory and practice. Markets are getting si-
multaneously bigger and smaller (de Mooij 1994). Coca-Cola
is an excellent example of this paradox. The world’s most ubiq-
uitous brand has adopted a “think local, act local” strategy
(James 2001). Against this backdrop, rather than focus on
the commonly considered case of cross-national variation, we
begin by examining the underresearched issue of intracountry
variation (Lenartowicz, Johnson, and White 2003), first high-
lighted as a salient issue within an advertising context by
Deshpande and Stayman (1994). So, for example, should the
same television advertisement flighted in Maine or Utah be
used in Florida? Can the same advertisement appeal equally
to African Americans, Chinese Americans, Hispanic Ameri-
cans, and other population groups? Clearly, the standardiza-
tion–adaptation issue applies in both inter- and intracountry
contexts. While our empirical focus is on the latter, our ap-
proach is equally generalizable and applicable to both.

In the ensuing study, we subscribe to Onkvisit and Shaw’s
(1987) definition of standardization, with one minor change:
“an advertisement which is used [cross-culturally] with vir-
tually no change in its theme, copy, or illustration, except for
translation when needed.”

Revisiting the Case for Advertising Response Scales

Multiple-item rating scales seek to capture an individual’s
immediate reaction to an advertisement and to understand
how the ad works from the consumer’s perspective. They al-
low researchers to capture a wide range of cognitive and emo-
tional reactions to an advertisement that would otherwise be
lost or captured incorrectly if the respondent were to try to
describe these feelings either verbally or in writing (Zinkhan
and Fornell 1985). The primary advantage of response scales
is that they provide a stable list of items that can be used to
track reactions to an advertisement (Zinkhan and Burton
1989). It is perhaps not surprising that reaction profiling was
pioneered by advertising practitioners and that most research
using this approach has been conducted by industry (Lutz
1985). Indeed, the data analyzed in this paper was supplied
by industry (www.impact.co.za) and is based on Schlinger’s
(1979) well-known Viewer Response Profile (VRP). However,
despite the many reaction profiles that have been developed
over the years (16 between 1964 and 1983 alone), there has
always been a lack of consensus with respect to their underly-
ing dimensionality (Lutz 1985). Given that our particular focus
is cross-cultural measurement equivalence, for illustrative (and
practical) purposes, we will only analyze one Schlinger VRP
dimension—the four-item confusion scale. Of course, our
method is not restricted to response profiles. It could be used
to equal effect with ad-execution cognitive responses or any
of the other cognitive or affective antecedents of A

ad 
(Lutz

1985).

Advertising Within a South African Context

South Africa provides an ideal setting for conducting cross-
cultural advertising research. The country contrasts a strik-
ing blend of developed and developing-world business, social,
and cultural environments. It is a truly multicultural mar-
ket—hence the popular moniker, “rainbow nation.”

Income distribution in South Africa varies from first-world
wealth to third-world poverty, most of the world’s major reli-
gions are represented in significant numbers, and the country
boasts 11 official languages. Whereas the present government,
in power since 1994, has attempted to unify racial and cultural
groups, prior to that, the minority white Apartheid adminis-
tration attempted to enforce cultural and racial differences by
means of policy and legislation. In many instances, these differ-
ences still persist, perhaps as a legacy of apartheid, but possi-
bly because many cultural differences are deep-seated.
Hofstede’s (1984) well-known study of cultural differences
among nations found [his predominantly white male] South
African respondents to rate high on individualism, while the
black African cultures tend to value and reward collectivism
(cf. Mbigi 2000). South Africa possesses a relatively sophisti-
cated broadcast media infrastructure, and a well-established,
highly successful advertising industry. Indeed, local agencies
have a remarkable track record in winning many of the world’s
premier advertising awards (see, e.g., www.huntlas.co.za),
to an extent far outweighed by both total national and per
capita advertising spending. Therefore, South Africa pro-
vides a highly suitable venue for conducting cross-cultural
advertising research: In many ways it is the world in one
nation.

CONCEPTUAL BACKGROUND

The standard approach to test a scale’s equivalence across dif-
ferent populations is based on multigroup CFA (Steenkamp
and Baumgartner 1998). When combined with qualitative
reasoning and consideration of item content, this methodol-
ogy is a suitable approach within the standard measurement
framework in the social sciences. Issues surrounding manifest
and latent variables and distributional assumptions can be
problematic, although astute researchers are generally cogni-
zant of these problems. The CFA approach does not overcome
many of the limitations of the underlying definition of mea-
surement, however. We therefore consider an alternate meth-
odology—Rasch—which has already gained considerable
grounds in educational research, psychology, and medicine
(see, e.g., Bond and Fox 2001; Tesio 2003; Wright and Mas-
ters 1982).

Given that “interdisciplinary exchange is not keeping up
with progress within disciplines” (Taylor 2003, p. 246), this
is an attempt to contribute to advertising theory by drawing
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on work that originated in other disciplines. Salzberger,
Sinkovics, and Schlegelmilch (1999) provide an introduction
to Rasch measurement theory (Rasch 1960) as a way to assess
scalar equivalence. When comparing this approach with the
multigroup CFA methodology, Salzberger, Sinkovics, and
Schlegelmilch (1999, p. 35) conclude that the Rasch model
“offers a superior avenue to measuring latent constructs in gen-
eral and in cross-cultural settings in particular.” The reason lies
mainly in the definition of measurement and the special prop-
erties of the Rasch model. We will now briefly review how
measurement is defined in mainstream marketing/advertising
research, before describing the approach in more detail.

Most publications in the social sciences do not clearly elu-
cidate the definition of measurement adopted. Implicitly,
Stevens’s (1946, 1951) representational view is almost uni-
versally followed and accepted. This view holds that mea-
surement is the assignment of numerals or numbers to objects,
or, strictly speaking, attributes of objects according to a con-
sistent rule (Stevens 1951). The crucial point is that this defi-
nition presumes measurement rather than defines what has to
be fulfilled to constitute measurement. The manifest data are
immediately seen as being measures.

With his seminal publication, Churchill (1979) established
what has almost become the de facto norm for construct mea-
surement in marketing. While this approach has been refined
over the past quarter century, the very foundation of measure-
ment is still essentially the same. In the words of Michell (1999),
social sciences have concentrated on the “instrumental task” of
measurement, that is, devising procedures and instruments to
measure latent constructs. Yet we have failed to address the
“scientific task” of measurement, namely, whether measurement
has been achieved at all. The latter depends not only on the
quality of the instrument, but also on the fact that the attribute
really is quantitative in nature. Neglecting the scientific task
“sounds a warning to us about the nature of measurement in
the social sciences” (Balnaves and Caputi 2001, p. 51). If we
follow the classical definition of measurement, which prevails
in the natural sciences (and there is no reason why we should
not), then measurement is concerned with “the discovery or
estimation of the ratio of a magnitude of a quantity to a unit of
the same quantity” (Michell 1999, p. 222). In this view, num-
bers are seen as existing independent of measurement, and these
numbers can be revealed empirically. Michell (1990) explicates
in detail the axioms that have to be satisfied to conclude val-
idly that a variable is really quantitative and that measurement
is achieved. In practice, it is a hierarchy of cancellation condi-
tions to which data has to adhere.1 The Rasch (1960) model is
compatible with these axioms of measurement, whereas more
complicated models (e.g., the two-parameter logistic model by
Birnbaum 1968), belonging to the realm of item response theory
(IRT), violate the cancellation conditions. We therefore use the
Rasch model as the model of measurement in this study.

After delineating the conceptual and philosophical differ-
ences between the standard approach to measurement and the
Rasch model, we will now clarify these fundamental issues
further by introducing a hypothetical example. All three fic-
titious items attempt to capture the entertainment value of a
television commercial. The items are:

1. The commercial is entertaining.
2. The commercial is a good example of a highly

entertaining television commercial.
3. The commercial is one of the most entertaining

commercials I have ever seen.

Obviously, these items can be ordered from easily endors-
able (item a) to most difficult to endorse (item c). Consequently,
a moderately entertaining ad might provoke respondents to
agree to item a, but disagree to both item b and item c. The
standard model ignores the feature of “endorsability,” how-
ever, and focuses instead on the items’ intercorrelations. High
inter-item correlations are indicative of a scale’s quality, but
due to floor and ceiling effects, the correlations are maxi-
mized with equal endorsability across all items (see Embretson
and Reise 2000, p. 36f. for a discussion of so-called diffi-
culty factors produced by factor analysis). In contrast, Rasch
modeling investigates the structure of the responses depend-
ing on the items’ different endorsability. The following pattern
(referred to as Guttman pattern) of responses is expected under
the hypothesis that the three items are ordered properly.

Item a Item b Item c Raw score
Disagree Disagree Disagree 0
Agree Disagree Disagree 1
Agree Agree Disagree 2
Agree Agree Agree 3

Unlike the deterministic Guttman approach (1950), the
Rasch model is probabilistic, that is, it accounts for slight
deviations due to random factors influencing the response
process. Sufficient variation in the items’ endorsability is
therefore vital to any meaningful Rasch analysis of a scale.
In an excellent comparison of the standard model based on
classical test theory (CTT) and item response theory, Singh
(2004) refers to this issue as the “bandwidth–fidelity prob-
lem.” The standard approach maximizes fidelity, that is, re-
liability, by maximizing the inter-item correlations, whereas
item response theory, a wider framework of logistic models
subsuming the Rasch model, attaches importance to band-
width, that is, variation in endorsability. What seems like a
conflict is, from a Rasch perspective, actually no true trade-
off. The reason is that the reliability of a measure (i.e., techni-
cally speaking, the standard error of measurement), depends on
the bandwidth of a measurement instrument. In the standard
model, the standard error is constant for all levels of measures
and is inversely related to reliability (for formula, see Traub
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1994). In the Rasch model, the standard error depends on the
information that a particular set of items yields for a particu-
lar person. Information is maximized when the item’s
endorsability matches the person’s location of the latent di-
mension (for formula, see Embretson and Reise 2000).

Covering a wide range of the latent dimension is indis-
pensable for measurement for two reasons. First, bandwidth
allows for differentiating between response patterns that are
expected and those that are not. This is crucial for fulfilling
the scientific task of measurement because with all items be-
ing equally endorsable, any pattern has the same likelihood.
Second, bandwidth guarantees the existence of items that yield
enough information for many respondents to ensure a small
standard error of measurement. If all items are endorsed too
easily (or not easily enough), the targeting of the measure-
ment instrument is potentially suboptimal. In this case, stan-
dard errors are large and the model fit cannot be assessed
properly. It should be noted that the standard model would
not encounter serious problems. In fact, reliability can even
increase with such off-target items.

Nevertheless, applications of the Rasch model are still scarce
in marketing and advertising research. Soutar and his colleagues
(Soutar, Bell, and Wallis 1990; Soutar and Cornish-Ward 1997;
Soutar and Ryan 1999) published Rasch analyses of “Consumer
Acquisition Patterns for Durable Goods,” “Ownership Patterns
for Durable Goods and Financial Assets,” and of “People’s Lei-
sure Activities,” respectively. Sinkovics, Salzberger, and
Holzmüller (1998) dealt with measurement issues in
multicultural research, including the Rasch approach. and
Salzberger, Sinkovics, and Schlegelmilch (1999) have com-
pared “Classical Test Theory and Latent Trait Theory Based
Approaches.” Applications of models that do not belong to
the family of Rasch models have been published by
Balasubramaniam and Kamakura (1989), Singh, Howell, and
Rhoads (1990), and Singh (2004). In a recent review of meth-
odologies for organizational research in management, Schaffer
and Riordan (2003) identify two best practices for assessing
equivalence. The first is based on covariance structure analysis
(i.e., multigroup CFA), the second on item response theory.
Hence, we are beginning to witness a slow penetration of
alternative measurement models into the wider marketing
literature.

Rasch Measurement Theory

The “Rasch model” is actually a “family” constituting a grow-
ing number of models (or model variants) tailored to various
situations and formats of data. It is the set of features that
these models have in common that distinguishes them from
other models, such as the Birnbaum model (Birnbaum 1968)
or, for polytomous data, the Graded response model (Samejima
1997). In some respects, Rasch models are unique. Many re-

searchers are aware of the Rasch model and of its special proper-
ties. However, we argue that its implications for measurement
are not widely appreciated, and consequently, applications are
scarce.

The Rasch model is sometimes met with resistance be-
cause it is seen as being too simple. Clearly, the more param-
eters a model permits, the better the data can be mirrored.
The implicit objective of measurement in this sense is the
description of data. But do we really want to describe data? If
we want to measure an attribute, then we need to reveal the
property of quantity. If we want to reveal the property of quan-
tity, we have to observe the axioms of additive conjoint mea-
surement. Choosing a model that conflicts with these axioms
contradicts our initial objective of measurement. It should be
noted that the model cannot, and should not, miraculously
yield measurement where underlying variables are not quan-
titative or items are unsuitable to quantify a latent variable.
The capacity to best explain data does not lie in the philoso-
phy of the model; rather, the admittedly demanding require-
ments of measurement are incorporated in the model. The
simplicity is a direct consequence of the stringency to which
data has to comply to constitute measurement.

It is often argued that it is difficult to achieve measure-
ment in the social sciences, whereas in the natural sciences
it is comparatively easier. Indeed, social scientists have to
deal with intensive (i.e., not directly observable) attributes
that do not reveal their additive structure as conveniently as
extensive variables (such as length, for example). Despite
the inherent difficulty of measurement in the social sciences,
measurement scales abound in marketing and advertising.
It is still not clear, however, whether this energetic produc-
tivity is cause for pride or critical reflection within the
discipline.

The Rasch model offers a different perspective of mea-
surement. We would encourage researchers to view the Rasch
model as a parallel approach to measurement. A theoretical
comparison of different approaches may help researchers de-
cide which they feel more comfortable with. Assessment
of how useful Rasch modeling can actually be in advertis-
ing research can only be based on exemplary applications,
however.

Special Properties of the Rasch Model

The Rasch model has some unique features worthy of closer
examination. An important implication of equal item dis-
crimination is the sufficiency of the unweighted total person
(item) raw score statistic for the estimation of the person (item)
location parameter. The raw score sufficiency is particularly
important because it enables the separate estimation of item
and person parameters. Rasch (1961, 1977) referred to this
theoretical concept as specific objectivity. This means that the



Spring 2005 21

estimation of the person parameters is independent of the
particular items employed and, vice versa, the estimation of
item parameters is independent of the persons used. Specifi-
cally, there are no distributional assumptions in terms of the
item and/or the person parameters. Another way to express
the essence of specific objectivity is the invariance of the pa-
rameters. Regardless of the persons used (e.g., samples from
different subcultures), the true item parameter is always the
same. Empirical evidence to the contrary indicates that the
measures are not comparable across the samples.

Dimensionality is another important concern of research-
ers attempting measurement. While unidimensionality may
well be the ultimate goal, theoretically, three cases should be
distinguished. First, the construct may be unidimensional,
that is, there is only one dimension of interest. In practice,
even in this case, there are always other factors that have an
impact on the response process. The point is, however, that
we do not want to model these additional dimensions, but
regard them as a source of error. Hence, a unidimensional
measurement model is perfectly reasonable. Second, the con-
struct may be hypothesized to be multidimensional in itself,
that is, there are two or more dimensions of interest. Even in
this case, one should attempt to separate the dimensions of
interest, that is, there are items pertaining to one dimension
and other items indicating another. Consequently, the Rasch
model can be applied to each dimension separately. It should
be noted that in factor analysis we also favor items that can be
assigned to one dimension unambiguously, that is, there is no
multidimensionality within a particular item, but different
items are related to different dimensions. Third, more often
than not we hypothesize a set of items to be unidimensional
while a multidimensional model would be tenable and theo-
retically useful. Then, a Rasch analysis of items covering a
multitude of dimensions would not be appropriate. Since the
prerequisite of unidimensionality is violated in this case, sev-
eral items should misfit. That is why it is always advisable to
carefully scrutinize discarded items to see whether they might
have something in common. Then, a subsequent Rasch analysis
of initially deleted items might reveal a second dimension
“hiding” in the data.

Finally, we want to emphasize that the invariance property
as a consequence of specific objectivity and unidimensional-
ity is always subject to data fitting the model. It is in no way
provided by the Rasch model automatically and necessarily.
Unidimensionality is sometimes mistakenly seen as an un-
proven assumption of the model. In fact, whether the proper-
ties of the model do apply in a particular case fully depends
on the fit of the data to the model. If data are inherently mul-
tidimensional, the data will not stand all tests of fit. Like-
wise, if the estimation of item parameters does depend on the
persons used, then the invariance property does not hold. In
other words, the properties of the model are hypotheses about

the data. They have to be raised if we are striving for mea-
surement, and they have to be tested empirically by assessing
model fit if we want to check whether we have achieved mea-
surement or not.

The Rasch Model and Cross-Cultural Comparability

The investigation of cross-cultural comparability using the
Rasch model capitalizes on the invariance property. Invari-
ance is fundamental for the generalizability of the measure-
ment instrument across cultural borders as well as different
sorts of reference objects (specific advertisements in the case
of attitude toward advertisements). If the item estimates do
depend on culture or the reference object, for example, then
the scale works differently and no common frame of refer-
ence exists. In this case, measures are meaningful within the
particular culture but not across cultures, for there is no
cross-cultural equivalence of the instrument. In other words,
the items are emic (Berry 1980) and their meaning depends
on the particular cultural framework. Technically, this is
called differential item functioning (DIF). If a set of items
proves to be invariant, however, this set can be used to de-
fine the latent dimension across groups and items exhibit-
ing DIF can be linked to this common scale based on
group-specific item parameters. This is very similar to the
idea of partial invariance in multigroup structural equation
modeling (see Steenkamp and Baumgartner 1998). Conse-
quently, non-etic items can be considered as well, provided
etic items exist. Even fully emic items, that is, items that
are only employed in one group, can be linked to the com-
mon scale (see Table 1, pp. 23–25). This can be done very
easily using the Rasch model because missing data repre-
sents no problem in this respect.

The Rasch Model and Existing Scales

The analysis of existing scales often raises the problem of a
limited variation in the items’ locations as a consequence of
their “classical” genesis. Nevertheless, in our view, it is im-
portant to reanalyze existing scales to reveal potential hidden
deficiencies. Following the Rasch approach, the specification
of the domain of the construct as advocated by Churchill (1979)
should not only deal with the facets that belong to the con-
struct in mind, but also specify the meaning of different lev-
els on the continuum. The items of the original pool should
reflect different degrees of the construct. Fit of the data to the
model then establishes construct validity. In contrast to the
traditional understanding of measurement, content validity
and construct validity are much more interrelated because it
is the item content that determines the item location. Is there
any point, then, in reexamining scales? Should these scales
not be evaluated according to classical standards? In our opin-
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the measurement equations. The concept of partial invariance
allows for some items having unequal estimates of factor load-
ings across groups. In the Rasch analysis, this idea is paralleled
by the possibility of splitting items functioning differently
across groups as indicated by a DIF analysis.

A theoretical problem lies in the relation of the intercept
values and the factor loadings. Since the item scores are
bounded between, for example, 1 and 5, the relation of the
latent variable and the item score becomes increasingly non-
linear when approaching the extreme scores.

While both approaches serve the same purpose, there are
several important differences that make Rasch analysis an at-
tractive alternative. First, it is consistent with an axiomatic
framework of measurement. This ensures that we achieve a
level of measurement that is, in principle, comparable to
measurement in the natural sciences. Second, it does not treat
the manifest item scores as being linearly related to the mea-
sure but considers them to be nominally different responses
with a hypothesized order. Third, the model estimates item
and person parameters that best explain the manifest responses.
If the measurement instrument works properly, the estima-
tion of item parameters does not depend on the specific sample
used and unbiased estimates of item properties may be ob-
tained from unrepresentative samples (Embretson and Reise
2000, p. 23). Fourth, tests of fit investigate whether the data
fit the model sufficiently to estimate measures. Fifth, the range
of different item locations lends meaning to different levels
on the dimension of interest and thereby enhances the inter-
pretation of person measures. Table 1 presents a detailed com-
parison of Rasch and CFA approaches.

Integrating Rasch Analysis and Classical Test Theory

Our exposition of the Rasch model vis-à-vis the standard ap-
proach and Singh’s (2004) comparison of classical test theory
(CTT) and item response theory (IRT) might suggest that

FIGURE 1
General Polytomous Rasch Model

β
v
: person v location parameter

δ
i
: item i location parameter

τ
ij
: threshold j of item i parameter

m: maximum score, that is, number of categories – 1
a

vi
: answer of person v to item i (item score)

Source: Andrich 1988, p. 366.

ion, an attentive reanalysis is crucial because the standard way
of how these scales are used—data collected, items scores added
up, scores taken as measures—actually means that we pre-
sume the scales to be Rasch scales. In the ensuing study, we
will therefore apply the Rasch model to investigate the mea-
surement properties of an established advertising response scale
(Schlinger 1979).

The Rasch Model for Polytomous Data

Since the response format of the current scales is polytomous,
the dichotomous model cannot be applied. We decided against
dichotomizing the polytomous data because of the potential
loss of information, as well as to avoid theoretical problems
(Andrich 1995a, 1995b). We therefore use the general Rasch
model for polytomous data (Andrich 1978a, 1978b, 1988;
Masters 1982) (see Figure 1). This model provides additional
threshold parameters characterizing the transition points be-
tween two adjacent response categories. A polytomous item
with m categories requires m – 1 threshold parameters. The
average of the threshold parameters can be regarded as an over-
all location of the item. Since the threshold parameters of an
item are estimated independently of each other in the Rasch
model, they can be in any order. Thresholds that do not re-
flect the assumed order are called reversed thresholds. Re-
versed thresholds should not be ignored because they hint at
problems underlying the process of responding to the item
(Andrich 1995a). In the context of attitude measurement,
reversed thresholds typically occur when more categories are
provided than respondents actually use.

In such cases, the categories affected should be collapsed,
as a different scoring of the categories is not justified when
thresholds are reversed (Andrich 1995a). Ideally, new data
should be collected on the basis of the adapted number of
distinct categories. In practice, this may lead to a different
number of categories for each item. Since this will be confus-
ing for the respondent, post hoc rescoring appears to be the
better choice in most cases.

Comparing Rasch Analysis with Multigroup CFA

Both approaches are concerned with the assessment of a com-
mon measurement model across different groups (i.e., popu-
lations). First, the factor analytic method investigates the
invariance of factor loadings. Factor loadings are allowed to
vary from item to item but are set equal across populations.
The Rasch approach postulates equal discrimination across
all items to keep the item-characteristic curves noninter-
secting. Hence, the Rasch model is more demanding in this
respect and there is no way to allow for different discrimination
in different populations. Second, the factor analytic approach
examines additive biases by including intercept parameters in
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TABLE 1
Confirmatory Factor Analysis (CFA) Versus Rasch Approaches: Differences and Measurement Implications

CFA Rasch

1. Fundamental and theoretical issues of measurement

Concept of measurement • Based on CTT.
• Numbers are assigned to respondents attributes

(Stevens 1946, 1951).

Model χi = τi + λijξj + δi

χi . . . manifest item score
τi . . . item intercept parameter
λij . . . factor loading of item i at factor j
ξj . . . factor score of factor j
δi . . . stochastic error term

Relationship of measure and • Measure is directly and linearly related to the indicators.
indicators (items) • Hence, the weighted raw score is considered to

be a linear measure.

In/dependence of samples Parameters are sample-dependent, representative Item parameters are independent of sample used
and parameters samples are important. (subject to model fit and sufficient targeting).

2. Item selection and sampling (scale efficiency) issues

Item selection • Items selected to maximize reliability, leads to items that • Items are selected to cover a wide range of the dimension
are equivalent in terms of endorsability, which plays no (see “bandwidth”; Singh 2004).
explicit role in CTT.

• Favors items that are similar to each other (see • Endorsability of item plays a key role.
bandwidth-fidelity problem; Singh 2004).

Item discrimination • Discrimination varies from item to item, but is considered • Discrimination is equal for all items to retain a common
fixed within an item. order of all items in terms of endorsability for all respondents.

• Discrimination varies within an item (concept of information
that equals P[αvi = 1] * P[αvi = 0] in the dichotomous case), it
reaches its maximum at βv = δi .

• The measure of a magnitude of a quantitative attribute is its
ratio to the unit of measurement, the unit of measurement is
that magnitude of the attribute whose measure is 1 (Michell
1999, p. 13).

• Measurement is the process of discovering rations rather than
assigning numbers.

• Rasch model is in line with axiomatic framework of
measurement.

• Principle of specific objectivity.

For dichotomous data:
P(αvi = 1) = e (βv–δi) / [1 + e (βv–δi)]
αvi . . . response of person v to item i
βv . . . person location parameter
δi . . . item location parameter (endorsability)

• Probability of a response is modeled as a logistic function of two
measures, the person parameter βv and the item location
(endorsability) δi.

• Raw score is not considered to be a linear measure,
transformation of raw scores into logits (Wright 1996, p. 10).
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TABLE 1 (continued)
CFA Rasch

Targeting Items that are off-target may even increase reliability Items that are off-target provide less information, standard
and feign a small standard error that can errors will increase, and the power of the test of fit
actually be quite large. will decrease.

Standard error of measurement Based on reliability, assumed to be equal across the Based on the information, the items yield for a specific person.
whole range.

Sample size The required sample size mirrors recommendations for
SEM. SEM is not appropriate for sample sizes below 100.
As a rule of thumb, sample sizes of greater than 200
are suggested (Boomsma 1982; Marsh, Balla, and
McDonald 1988). Bentler and Chou (1987)
recommend a minimum ratio of 5:1 between sample
size and the number of free parameter to be estimated.

Distribution of persons Commonly assumed to be normal. Irrelevant due to specific objectivity (subject to sufficient
targeting).

Missing data Problematic, missing data has to be imputed; deleting Estimation of person and item parameters not affected by missing
persons may alter the standardizing sample, and data (except for larger standard errors).
deleting items may alter the construct. Pairwise
deletion biases the factors (Wright 1996, p. 10).

Interpretation of person measures Usually in reference to sample mean. In reference to the items defining the latent dimension.

3. Dimensionality issues

Multidimensionality Multidimensionality easily accounted for. A priori multidimensional constructs are split up into separate
dimensions.

Directional factors Sensitivity to directional factors (Singh 2004) in case Low sensitivity to directional factors (Singh 2004).
of items worded in different directions.

4. Investigation of comparability of measures across groups

Assessment of scale equivalence • Multigroup analysis. • DIF capitalizing on the principle of specific objectivity.
• Equivalence statements of parameters estimated • Analysis of residuals in different groups.

 across groups.

Incomplete equivalence Partial invariance (for group-specific items, separate Item split due to DIF (for group-specific items, separate
loadings and/or intercepts are estimated). item locations are estimated).

Typical sequence and
principal steps of analysis • Estimation of baseline model (group-specific estimates • Estimation of model across groups.

of loadings and item intercepts). • Collapsing of categories if necessary.

In general, the sample sizes used in SEM are sufficient, but
insufficient targeting increases the sample size needed.  According
to Linacre (1994), the minimum sample size ranges from 108 to
243, depending on the targeting with n = 150 sufficient for most
purposes (for item calibrations stable within +/–.5 logits and .99
confidence).
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• Equality constraints imposed on loadings (metric invariance). • Assessment of fit.
• Equality constraints imposed on intercepts (scalar invariance). • Assessment of DIF.
• Selected constraints lifted if necessary (partial invariance). • Items displaying DIF are split up if necessary.

Etic versus emic • In principle, etic-oriented approach.  A common set of • In principle, etic-oriented approach.  A common set of
invariant items is indispensable. invariant items is indispensable.

• Concept of partial invariance allows for equal items • Accounting for DIF by splitting the item allows for equal
 functioning differently. items functioning differently.

• Emic items, that is, items confined to one group, • Emic items, that is, items confined to one group, can be
can be considered but technical set-up complicated considered very easily because handling of missing data is
compared with Rasch analysis. unproblematic compared with CFA.

Notes: CTT = classical test theory; SEM = structural equation modeling; DIF = differential item functioning.
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these approaches are fundamentally irreconcilable. Despite
significant theoretical differences, however, this is not neces-
sarily the case. Rasch analysis begins with the assessment of
the fit of the data to the model by examining whether the
responses match the expected patterns and whether the hy-
pothesis of an underlying latent variable, which is quantita-
tive, is viable. As previously discussed, this is tantamount to
the scientific task of measurement. Once this has been shown,
the procedure of deriving actual measures is quite similar to
the standard CTT approach. The item scores are added up to
a total score. Following the standard approach, it is common
to weight the item scores according to their factor loadings.
In factor analysis, this is achieved by estimating factor score
regression coefficients. It should be noted, however, that in
its most stringent form, the CFA approach assumes parallel
items, which are then added up equally weighted. In Rasch
modeling, the items are also added up weighted equally since
they are assumed to be parallel subject to item fit. If order is
all we need, the total score is sufficient. However, since the
metric of the raw score is not linear, it has to be converted to
a linear measure as soon as metric interpretations are intended.
This also allows for comparisons of measures derived from
different sets of items.

Consequently, rather than arguing that the Rasch model
provides an alternative to the standard model of testing,
we contend that the Rasch model is a useful supplement to
CTT, because it extends the analytic process of measure-
ment before item scores are condensed to scores (investiga-
tion of response patterns) and afterward (transformation of
the nonlinear raw score into a linear measure). Hence, we
claim that CTT can be seen as an abridged version of Rasch
modeling.

Given the widespread use of structural equation modeling
and CFA, why should researchers be tempted to use Rasch?
The reasons are twofold: theoretical and practical. From a
methodological point of view, the theoretical foundations of
Rasch seem to be superior to those of CTT. While CTT pre-
sumes quantity, Rasch investigates the consequences of quan-
tity, namely, specific patterns in the responses. If these patterns
are absent, Rasch suggests refraining from inferring quanti-
ties in the data, even if the variables are reasonably correlated.
From a practical point of view, this is clearly very advanta-
geous. It is important to bear in mind, however, that the pro-
cess is still essentially guided by theory and does not rely
solely on researcher intuition. A direct consequence of spe-
cific objectivity is the sample independence of item param-
eters. Thus, representative samples are not needed with Rasch.
Given timing and costing issues involved in the identifica-
tion of representative samples, this is clearly an advantage,
particularly when dealing with scale development projects at
the item-generation and testing stages. Similarly, if testing
for a scale’s suitability for a new context, preliminary testing

can be undertaken without the need to build on representa-
tive samples. Another major practical advantage is related to
the testing of comparability of measures. Using DIF, equiva-
lence issues and comparability of measures can be investi-
gated quickly and efficiently. Within the RUMM (Rasch
Unidimensional Measurement Models) software, for example,
accounting for DIF works very easily by splitting items af-
fected by DIF without the need to set up new data sets. Fi-
nally, Rasch measurement assumes responses on an ordinal
level, thus avoiding the virtual discussion of Likert scales as
“quasi-metric” scales, or the usual problems associated with
non-normality of the data.

ANALYSIS

We use RUMM 2020 software in our analysis (Andrich,
Sheridan, and Luo 2003b), which allows for the estimation of
dichotomous as well as polytomous models among models
for other purposes, such as multiple-choice data (see Appen-
dix E for an example of the software). The program employs a
conditional pairwise estimation approach that allows for item-
parameter estimation while conditioning out the person pa-
rameters (see Andrich, Sheridan, and Luo 2003a for further
details). For dichotomous items, the pairwise approach has
been shown algebraically to provide estimates consistent with
those yielded by conditional maximum likelihood estimation
(Zwinderman 1995). For the polytomous case, the simula-
tion study by Andrich, Sheridan, and Luo (2003a) provides
evidence of the consistency of parameter estimates.

Empirical Investigation of the Measurement Properties

The empirical data analysis begins with the pooled data set.
If it turns out that equivalence may not be achieved by ac-
counting for unique item-parameter estimates for different
groups, data sets are split up and analyses are carried out within
subsamples. The path of our analyses, carried out separately
for each dimension, takes the following sequence:

1. Ensuring That the Item Response Scale Works as Intended

First, the order of the thresholds is investigated. If disor-
dered thresholds occur, the scoring of the item responses is
not justified. Figure 2 depicts the category characteristic
curves for an item measuring confusion (the scoring always
starts with 0). The middle category (scored 2) never becomes
the most likely option, and the transition point of switch-
ing from 1 to 2 (1.07) is further up the scale than the tran-
sition point between 2 and 3 (–.56). In such a case, adjacent
categories are collapsed until a proper order of the thresh-
olds is established. In other words, two categories are scored
identically.
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2. Testing the Item Fit to the Model

After accounting for reversed thresholds, misfit is assessed by
a test of fit comparing the expected item score (based on the
probabilities implied by the model parameter estimates) and
the actual scores. RUMM2020 provides two sorts of statisti-
cal tests of the fit statistic. The χ2 test is constructed as an
approximate χ2 (Andrich, Sheridan, and Luo 2003a). It as-
sesses the difference between expected proportion, that is, the
probability implied by the model, and the actual proportion
at the group level, that is, a group of respondents with simi-
lar but not necessarily identical locations. A newly introduced
F statistic accounts for individual differences. It is, therefore,
the more sensitive fit statistic. For this reason, we base our
decisions in terms of item fit on the F statistic.

Nevertheless, fit statistics should not be judged absolutely.
If the probability of an item’s F value is slightly below the α
acceptance level (e.g., .008 in the case of an α of .01), it is
unreasonable to discard the item simply because of the test of
fit without further consideration. Content, for instance, should
always be taken into consideration. If the item’s content is
unique and no other item has a similar location, discarding
the item would lead to a gap in the scale that might be prob-
lematic. Another point is related to other statistical evidence.
If the discrimination of the item is acceptable (i.e., the fit
residual provided by RUMM lies within −2 and +2) and the
next item in terms of the fit statistic shows a considerably
worse misfit (e.g., p = .00001), then the item should be re-
tained. This is similar to the scree-plot in factor analysis where
the meaningfulness of a factor is not assessed only by an abso-
lute interpretation of its eigenvalue, but by the eigenvalue
relative to the eigenvalue of the factor extracted next.

Figure 3 shows the plot of the expected value depending
on the person location on the latent dimension. The actual
mean scores of six groups of respondents are represented by
the dots. In this case, the dots are very close to what is ex-
pected according to the model. Consequently, the fit statis-
tics (“ChiSq[Pr]” and “F[Pr]”) are nonsignificant.

Actual discrimination can be examined by an additional
fit statistic, a residual test-of-fit (“FitRes”) reported by RUMM
2020. Andrich, Sheridan, and Luo state, “A ‘very positive’
value implies poor discrimination; a ‘very negative’ value
implies too good a discrimination” (2003a, p. 25).  The sta-
tistic is constructed as a standard normalized residual having
an expected mean of 0 and a standard deviation of 1, but is
not perfectly normally distributed. This statistic is very simi-
lar to the outfit-statistic provided by, for example, Winsteps
(Linacre 1994). One should be concerned with values <−2
or, in particular, >+2.

Item misfit normally entails the deletion of the item.
However, sometimes there are particular subpopulations caus-
ing the item to malfunction while the item works properly

for other subpopulations. Alternatively, the item may func-
tion differently, that is, it can be endorsable more easily in
one population compared with another. This question is ad-
dressed in step 3.

3. Assessing Differential Item Functioning (DIF)

Assessing DIF actually serves two purposes. First, it is a test-
of-fit because the model entails parameter estimates that
should be independent of the respondents. This hypothesis is
tested by a DIF analysis. Second, the DIF test explicitly ex-
amines the instruments equivalence for predefined groups of
respondents. It is then up to the researcher to account for DIF
by estimating item parameters for each group separately. In
RUMM 2020, DIF is assessed by a two-way analysis of vari-
ance of the residuals (i.e., the difference of expected scores
and actual scores) implemented in RUMM 2020 (Andrich,
Sheridan, and Luo 2003a, 31f.). For this purpose, respondents
are grouped into classes of ±60 persons each along a continuum
with the class intervals being the first factor. The second fac-
tor is represented by the groups for which DIF is to be inves-
tigated, such as the country the respondents come from, or
their gender. Significance of the first factor mirrors the gen-
eral fit of the item, whereas significance of the second factor
implies DIF. The reason for the latter can be illustrated as
follows. Assume the true item location is different for two

FIGURE 2
Category Characteristic Curves

FIGURE 3
Item Characteristic Curves
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groups. If the location is estimated with pooled data, then
the estimate lies in between the true locations for each group.
Consequently, the mean of the residuals would then be posi-
tive in one group and negative in the other. Since severe DIF
can also lead to item misfit, steps 2 and 3 are closely related.

Figure 4 illustrates the issue of DIF with an empirical ex-
ample of a confusion item. The two lines connecting the mean
scores of the two population groups clearly differ. The analy-
sis of variance shows that the difference is highly significant.

4. Discarding Items, Accounting for DIF, or
Separate Analyses

If necessary, misfitting items are deleted. In the case of DIF,
the item affected can be split up and parameters will be esti-
mated that pertain to specific subpopulations. This approach
is only feasible, however, if there are enough items free of DIF
to establish a common scale across subpopulations. Other-
wise, separate analyses confined to part of the samples in-
volved might be appropriate.

An Empirical Example: Applying the Rasch Model
to Schlinger’s Confusion Scale

By way of illustration, we use commercial data collected by a
leading research company in South Africa. This analysis al-
lows us to test for DIF in terms of different advertisements
(four financial services commercials have been used, but in
each instance, exactly the same advertisements were used for
both population groups, with only the voice-overs being
changed) and in terms of differences between nonindigenous
(NI) and indigenous (I) South Africans (100 respondents per
population group per advertisement). For a description of the

commercials used, refer to Appendix A. Thus, our research
design responds to the recent call of Lenartowicz, Johnson,
and White (2003) for greater attention to be paid to intra-
country cultural variation in international research. In addi-
tion, the invariance property can be tested for age (grouped
into four classes), gender, and the degree to which respon-
dents like the commercial. The liking of the commercial is
assessed on a 10-point scale, which we have subsequently di-
chotomized to “like” versus “dislike.” Accordingly, advertise-
ment 1 is disliked by both groups, advertisement 4 is liked
by both groups, advertisement 2 is disliked by nonindigenous
but liked by indigenous viewers, and advertisement 3 is dis-
liked by indigenous but liked by nonindigenous viewers. By
using all four standardized advertisements from the same prod-
uct category but with differing likeability scores, we are at-
tempting to control for object (advertisement) variation.

The fit of the scale intended to measure confusion consist-
ing of four items shows insufficient fit (χ2 = 63.70, df = 28,
p = .001) and reversed thresholds throughout all items (see
Appendix B). After collapsing adjacent categories, the items
do not show reversed thresholds any longer. However, the fit
does not improve (χ2 = 73.75, df = 28, p < .0001) (see Ap-
pendix C). A DIF analysis of the misfitting items, that is, 10
and 11, based on population group and commercial shows
that no item displays DIF based on the commercial, but item
11 exhibits population group DIF. After splitting item 11,
the item fits for nonindigenous viewers, but not for indig-
enous respondents. In addition, the misfit of item 10 does
not improve. On the contrary, item 9 now misfits and shows
population group DIF. However, after accounting for DIF for
item 9 as well, both item 9 and 11 do not fit for indigenous
respondents. A now significant DIF analysis based on the com-
mercial could mean that the different commercials make the
scale work differently. Item 10 still misfits but displays no
DIF. In summary, this suggests serious problems with the
confusion scale. We now proceed to separate nonindigenous
from indigenous respondents. For nonindigenous viewers, a
common model covering all four commercials seems tenable
(χ2 = 45.45, df = 28, p = .02, person-separation index .87).
Only item 9 (“requires a lot of effort to follow”) lacks satisfac-
tory fit due to some overdiscrimination (see Tables 2 and 3).

For indigenous viewers, item 11 remains problematic, dis-
playing misfit and DIF based on the commercial. However,
neither splitting the item according to commercial nor a de-
letion of the item leads to a better model fit. Consequently,
no final model for indigenous viewers covering all four com-
mercials can be established. Separate models for each com-
mercial fit reasonably well, but sample sizes are a little small
to yield a high power of the test of fit.

Although the patterns of item location estimates are vastly
different between commercials, there are some similarities.
For example, item 9 (“requires a lot of effort”) tends to be the

FIGURE 4
Item Characteristic Curve, Analysis of Differential

Item Functioning (DIF)

Note: ANOVA = analysis of variance.
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item most agreed with, whereas item 10 (“too complex”) is
problematic. It is highly plausible that “requires a lot of
effort” is easier to agree with than “too complex” because
“requires a lot of effort” implies “complex,” whereas “too
complex” expresses even more complexity. Surprisingly, no
such relation can be found for nonindigenous respondents;
for them, both items are about equally endorsable. In sum-
mary, this raises serious issues in terms of the construct va-
lidity of the confusion scale. Nonindigenous viewers seem
to interpret the items rather similarly, that is, they do not
represent a clear hierarchy from less confusion to more con-
fusion. In contrast, for indigenous respondents, there basi-
cally is such a hierarchy, but it depends on the specific
commercial.

Finally, CFA and multigroup invariance testing was con-
ducted to assess the structure of the confusion dimension for
nonindigenous (NI) and indigenous (I) South Africans. De-
spite good model fit in the separate CFAs, invariance testing
demonstrated that the items were not fully metrically invari-
ant (Steenkamp and Baumgartner 1998). Partial equivalence
could be established, however. The results (see Appendix D)

TABLE 2
Item Parameter Estimates for the Confusion Dimension, Nonindigenous (NI) Population Only

Item Wording (abbreviation) Location SE FitResid F statistic Probability

8 Distracting –.038 .105 .529 1.180 .31
9 Required a lot of effort to follow .395 .105 –3.289 2.946 .002

10 Too complex .290 .105 –1.807 2.595 .01
11 Busy watching the screen,

didn’t listen to the words –.646 .097 .875 1.392 .19

Notes: Viewer response profile, confusion, NI only;  χ2 = 45.45, df = 28, p = .02.

TABLE 3
Item Parameter Estimates for the Confusion Dimension, Indigenous Respondents Only

Commercial Commercial Commercial Commercial
Model 1 3 2 4

Indigenous respondents only Model fit χ2 = 7.07 χ2 = 11.70 χ2 = 8.42 χ2 = 6.39
df = 8 df = 8 df = 8 df = 8
p = 2.53 p = .17 p = .39 p = .60

Sample size .91 .87 ..87 .96
Person separation index .73 .85 .82 .73

Item location estimates

8 Distracting .557 –.240 –.076 .753
9 Required a lot of effort

to follow –1.970 –.347 –.712 –.834
10 Too complex .897 .928 .277 1.109
11 Busy watching the screen,

didn’t listen to the words .516 –.341 .511 –1.029

Notes: Viewer response profile, confusion, indigenous respondents only; comparison of models.

are in line with findings from the Rasch analysis in that they
support differential item functioning.

CONCLUSIONS

Our analysis of Schlinger’s confusion scale uncovers several
psychometric problems. For indigenous respondents, the items
appear to be highly stimulus idiosyncratic; in other words,
their functioning depends heavily on the particular commer-
cial being evaluated. For nonindigenous respondents, how-
ever, the scale is stable across commercials. Some degree of
DIF occurs, though, but can be accounted for. Yet it should
be noted that accounting for DIF, elegant and straightfor-
ward as it may seem, bears some theoretical problems. It can
be seen as “a threat to the desirable invariance of the measure-
ment instrument across persons” (Molenaar 1997, p. 40).
Whenever a person’s measure depends on the person’s group
membership, this is inevitably associated with a “relaxed”
understanding of specific objectivity. In addition, it incurs
the risk of chance capitalization and unstable parameter esti-
mation (Molenaar 1997). Following the traditional approach
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of scale development this may seem irrelevant, for inter-item
correlation is essentially sufficient. From a Rasch perspective,
however, construct validity depends on a theory-driven hier-
archy of items that make up a latent dimension.

As a general conclusion, we suggest rethinking construct
and cross-cultural validity. Our finding that the meaning of
some items depends largely on the particular advertisement
demonstrates that different populations of respondents are not
the only source of variance of a measurement scale. Do mea-
sures of a construct (e.g., entertainment) based on different
objects (e.g., advertisements) bear the same meaning? This needs
to be explicitly raised and empirically tested. In his C-OAR-
SE approach to scale development, Rossiter (2002) also em-
phasizes the importance of the object. He even makes the
object a part of the definition of the construct. If one defines
the object too narrowly, however, that is, as one specific ad-
vertisement, then any comparison of measures across differ-
ent objects is ruled out by definition, because the measures
are related to different constructs, even when they are pro-
vided by identical items. In contrast, we suggest making it
a matter of empirical investigation how far the construct’s
frame of reference actually reaches in terms of objects. The
Rasch modeling approach allows one to test for comparabil-
ity across objects (i.e., commercials) as easily as it facilitates
the assessment of cross-cultural equivalence. Both issues can
be the subject of a differential item functioning analysis,
provided the data set comprises more than one different
object.

Finally, one has to question the value of such sophisticated
psychometric analyses to both advertising science and prac-
tice. For what it is worth, we believe that scientific research
should always consider the latest methodology and, where
appropriate, employ the most advanced models available. In
this regard, true score theory is certainly not the most ad-
vanced way to tackle measurement problems. Admittedly,
measurement in the social sciences is a difficult undertaking.
However, this fact alone should not keep us from investigat-
ing measurement instruments thoroughly. Just because mea-
surement is difficult does not mean that we have a license to
handle it in a haphazard fashion.

The Rasch model provides a sound theoretical basis for
measurement. A goal of this paper has been to overcome some
of the obstacles to its more mainstream use. Once the analyst
has the software, the actual mechanics of Rasch analysis is
certainly no more complicated than any structural equation
modeling problem. In contrast to more complex IRT models,
Rasch analysis does not even require large sample sizes. The
sample sizes usually deemed appropriate for CFA are perfectly
suitable for Rasch model estimation in most cases. Granted,
the Rasch model represents a stringent and demanding test
for any scale. In our view, however, it is better to know where
the problems and the limitations of a scale lie and then use

the scale accordingly than to assume that the scale works well,
when in fact, the purported quantification is doubtful, to say
nothing about the consequences for substantive conclusions
based on suspect measurement.

We also have to keep in mind that scale development is
not an academic pastime. We take the responsibility for prop-
erties of our published scales when practitioners make use of
them. This leads us to the consequences of scale development
and analysis for marketing practice. Practitioners will prob-
ably not carry out complicated psychometric analyses. After
all, that is the responsibility of scientific research. Practition-
ers need to rely on the quality of a scale, and they need to be
aware of the limitations of a scale. For example, the depen-
dency of some dimensions on the particular commercial sug-
gests that deciding between different commercials should
never be made solely on the basis of the scale. On the other
hand, cross-cultural comparisons are justified in many cases,
and can be made reliably. Rasch analysis does not force the
practitioner to use the linear measures, that is, the person
location estimates, although simple translation schemes from
raw score to measure can easily be provided. If ordinal data
are sufficient (i.e., when commercials are to be ranked), the
nonlinear raw score is perfectly suitable for inferences. Over a
relatively wide range, the raw score is almost equal interval
scaled anyway. It should be noted that these properties of the
raw score, that is, the meaningfulness of its unweighted com-
position and the near interval scale around the center of the
instrument, are a consequence of fit to the Rasch model. In
other words, to confine oneself to the raw score does not re-
lease the scientist from scale analysis.

To conclude, our analyses reveal that the confusion scale
has some problems. We also show where further improve-
ments can be made, however. A quote from Molenaar  pro-
vides a lucid summary of our conclusions: “One thing must
be clear: the high correlations and robust conclusions . . . are
by no means a good reason for sloppy modeling or sloppy
measurement. Careful modeling and careful measurement
bear some resemblance to airbags and safety belts in a car:
they are somewhat costly, and one rarely needs them, but
when one does, their presence matters an awful lot” (1997,
p. 492).

NOTE

1. The interested reader is referred to Michell (1990) and
Karabatsos (2001) for an in-depth discussion of the cancellation
conditions.
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APPENDIX A

Description of the Four Commercials

Ad 1
A humorous ad for a bank’s homeloan/mortgage, featuring both indigenous and nonindigenous actors. Opening voice-over: You are
about to buy a house; now who do you talk to? Cut to very pessimistic “advice” from parents, friends, hairdresser. Cut to the interior of the
bank. Return to voice-over: Open one door for the financial help and advice you need to buy a home. Talk to the real experts. ABC people you can
talk to.

Ad 2
While not created by J. Walter Thompson, this insurance company ad fits the JWT definition of a vivid metaphor. It focuses on “life”
and uses stunning scenes from nature revolving around birth, life cycles, and so forth. It also has powerful music. Voice-over: Life is the
greatest gift of all . . . but every creature on planet earth gets only one life. At XYZ, we’d like to help you make the most of your life-every step of the
way.

Ad 3
Is the same insurance company as ad 2, but this execution focuses on optimism and hope (thereby tapping into the positive psyche of
the post-apartheid “new South Africa”). Shows powerful images of war scenes from the 1940s (World War II), the 1960s (Vietnam)
. . . and then cuts to Germans tearing down the Berlin Wall, Nelson Mandela’s release from jail, Reagan shaking hands with Gorbachev,
and so forth. Voice-over: Like you, XYZ has hopes and dreams for the future. We’d like to help you turn your hopes into achievements and your
dreams into realities. We’d like to help you make the most of your life—every step of the way.

Ad 4
Is for a different insurance company from ads 2 and 3. It uses “talking” toddlers. A female (baby) fortune-teller is about to consult a
male (baby) client. She quickly replaces her crystal ball with a (corporate) blue clay ball, which expands and morphs to demonstrate
how the one policy from ‘12’3 can cover all needs, and so forth. The indigenous version using indigenous babies and a traditional
medicine women (sangoma) rather than the Western-style gypsy fortune-teller.

APPENDIX B

Item Parameter Estimates for the Confusion Dimension

Item Wording (abbreviation) Location SE FitResid F statistic Probability

8* Distracting .013 .056 –1.525 1.364 .20
9* Required a lot of effort

to follow –.221 .049 –4.389 2.126 .03
10* Too complex .388 .059 –4.530 5.759 <.0001
11* Busy watching the screen,

didn’t listen to the words –.180 .051 1.413 2.566 .01

Notes: Viewer response profile, confusion, complete data set; χ2 = 63.70, df = 28, p = .001.

* Reversed thresholds.
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APPENDIX C

Item Parameter Estimates for the Confusion
Dimension, After Rescoring Item Responses

Item Wording (abbreviation) Location SE FitResid F statistic Probability

8 Distracting .016 .074 –1.134 1.391 .19
9 Required a lot of effort

to follow –.239 .066 –5.099 2.183 .029
10 Too complex .486 .074 –4.523 6.080 <.0001
11 Busy watching the screen,

didn’t listen to the words –.263 .068 1.456 3.738 <.001

Notes: Viewer response profile, confusion, complete data set; χ2 = 73.75, df = 28, p < .0001.

APPENDIX D

Multigroup Confirmatory Factor Analyses (CFA) for Confusion

CFA and multigroup invariance testing was conducted to assess the structure of the confusion dimension for nonindigenous (NI) and
indigenous (I) South Africans, separately. An initial CFA on the full sample indicated a very good fit to the data (see Table D.1 below).
Using the maximum likelihood method, all loadings between the four items and the single latent factor were free parameters to be
estimated and the variance was fixed for the latent factor (conventional CFA).

TABLE D.1

CFA for the Confusion Dimension, Full Sample

Id. Item µµµµµ SD λλλλλi , j t value

conf1 It was distracting trying to
watch the screen and listen
to the words at the same time. 2.06 .90 .734 22.43

conf2 It required a lot of effort to
follow the commercial. 2.12 1.05 .820 25.92

conf3 It was too complex. I was not
sure what was going on. 1.89 .81 .806 25.35

conf4 I was so busy watching the
screen, I didn’t listen to the words. 2.09 .98 .606 17.55

Confusion dimension – α = .82, ρ = .83, AVE = .56

Notes: α = Cronbach’s alpha; ρ = Jöreskog’s rho measure of construct reliability; AVE = average variance extracted; µ = mean; SD = standard deviation; λ
= standardized path coefficient; χ2 (df ) = 8.443(2); CFI (comparative fit index) = .995; Bollen (IFI) fit index = .995; BBNNFI (Bentler-Bonnet non-
normed fit index) = .984; Lisrel GFI (goodness-of-fit index) = .995; RMR (root mean square residual) = .013; RMSEA (root mean square error of
approximation) = .063.

Good overall model fit was obtained on the confusion dimension for both NI and I South Africans. The results of the separate CFAs were
also satisfactory, with CFI exceeding .95 and further fit statistics (BBNFI [Bentler-Bonnet normed fit index], NFI [normed fit index],
RMSEA) indicating results beyond suggested threshold values (Bagozzi and Yi 1988).

This procedure was followed by invariance testing between corresponding paths of the two models, as suggested by Steenkamp and
Baumgartner (1998). Configural invariance was established with a baseline model (unrestricted parameters) demonstrating a χ2 (df) of
6.178(4), BBNFI = .995, CFI = .998, Lisrel GFI = .996, RMR = .011, RMSEA = .026. Fixing the four corresponding parameters to
invariance (by introducing equality constraints) and using Lagrangian multiplier (LM) tests in EQS (Bentler and Wu 2002) to test
whether the factorial structure was invariant across groups led to a significant drop in χ2 (χ2 = 38.407[4]). Thus, full metric invariance
could not be established, although further testing indicated that partial invariance could be established.
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APPENDIX E

Illustrative Example of RUMM 2020 Software

This appendix aims to communicate some of the practicalities of equivalence testing using the Rasch methodology. It is hoped that
this might also stimulate the adoption of the Rasch methodology within the advertising research community; consequently, the
appendix provides screenshots of the software and annotations regarding some of the operational steps involved. This approach is de-
signed to help quantitative researchers in capturing a fuller picture of the mechanics involved, even when not necessarily formally
initiated to the latent trait theory.

RUMM 2020 for Windows was used to perform the analyses in the paper. RUMM stands for “Rasch Unidimensional Measurement
Models” and is a comprehensive item analysis package for the analyzing assessment and attitude questionnaire data. Analysis based on
item response theory can also be performed using a recently developed SAS procedure (see Christensen and Bjorner 2003) or Linacre’s
(1991–2004) stand-alone “Winsteps” program. We decided to use RUMM, because it allows for user-friendly interaction procedures
under the familiar Windows PC operating system and the software’s methodological and scientific development is driven by acknowl-
edged academic researchers (Andrich, Sheridan, and Luo 2003b).

Within RUMM, a project was defined based on the original data set (see Figure E.1). Within the project, analyses could be per-
formed either comprising of the full data set or specific subsets of items or respondents. For each analysis, item scores could be
changed to accommodate reversed thresholds. Similarly, items could be split according to some attribute of the respondents in order
to account for DIF (differential item functioning) due to that attribute.

After running a Rasch analysis over a set of items, RUMM provides various output options, such as options for a graphical display
of category probability curves, item characteristic curves (ICCs), or threshold probability curves. The software concludes the analysis
with comprehensive summary statistics (see Figure E.2).

The summary statistics displays analysis results (pertaining to entertainment ads 1 and 3). The top left quadrant of the summary
statistics screen shows the distribution of items. The mean of all item locations is set to zero by default. In this way, the origin of the
scale is defined. The standard deviation is relatively small, indicating that the range of item locations is limited. The top right
quadrant refers to respondents. Their mean location lies at 1.794, that is, the overlap of persons and items is not optimal. The item-
trait interaction box on the bottom left of the summary statistics screen informs about interactions between individual respondents
and items. This is essentially a general test of fit. To the right, reliability indices are reported. The person separation index (.934) is
high, which is good. This index is a Rasch version of the reliability formula that takes Rasch measures and the standard errors into
consideration. Low person separation results would be problematic, pointing at instruments that are of limited use or unable to
differentiate between respondents. Consequently, this would also limit the power of the test-of-fit (see section at the bottom of the
summary statistics screen).

RUMM further offers a screen displaying the individual item fit for the analysis. This reveals the location of the items, their standard
errors, and fit indices (χ2, F statistics, and respective probabilities). For polytomous items, threshold parameters are displayed in the
item thresholds statistics window (see Figure E.3). Here, the centralized thresholds option is ticked, which means that the overall
location of the item has not been taken into consideration but is reported separately. Hence, the threshold parameters add up to zero.

FIGURE E1
RUMM Project Definition

FIGURE E2
Summary Statistics
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FIGURE E3
Item Threshold Statistics

FIGURE E4
Item Characteristic Curves

For any respondent, reports can be retrieved that indicate this individuals’ expected scores for any item, compared with the observed
response. RUMM can also be requested to provide screens with person-item threshold distributions. These compare the distribution
of respondents with the one from item thresholds. Although the distribution is not relevant for item calibration, it does matter for fit
statistics and the precision of person and item estimates.

For a polytomous item, the item characteristic curve display (see Figure E.4) shows the expected value of the item score depending
on the person location. For any person factor (e.g., culture or gender) included in the data sheet, separate actual values can be
displayed and compared with each other. The result is a DIF analysis, the significance of which is assessed by an ANOVA (analysis of
variance) test. In the example given, gender makes no difference at all, that is, the item means the same for males and females.


