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Abstract
Many approaches in the Item Response Theory (IRT) literature have incorporated
response styles to control for potential biases. However, the specific assumptions about
response styles are often not made explicit. Having integrated different IRT modeling
variants into a superordinate framework, we highlighted assumptions and restrictions of
the models (Henninger & Meiser, 2019). In this article, we show that based on the
superordinate framework, we can estimate the different models as multidimensional
extensions of the Nominal Response Models in standard software environments.
Furthermore, we illustrate the differences in estimated parameters, restrictions, and
model fit of the IRT variants in a German Big Five standardization sample and show
that psychometric models can be used to debias trait estimates. Based on this analysis,
we suggest two novel modeling extensions that combine fixed and estimated scoring
weights for response style dimensions, or explain discrimination parameters through
item attributes. In summary, we highlight possibilities to estimate, apply, and extend
psychometric modeling approaches for response styles in order to test hypotheses on
response styles through model comparisons.
Keywords: item response theory, response styles, multidimensionality, varying
thresholds
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Different approaches to modeling response styles in Divide-by-Total IRT models
(Part II): Applications and novel extensions
Responses to rating scale items do not only capture the primary trait to be
measured, but also response tendencies of the person providing the response
(Baumgartner & Steenkamp, 2001). Such response styles are the tendencies of
respondents to prefer certain types of categories over others. The tendency of choosing
the extreme categories is called Extreme Response Style (ERS), of choosing the middle
category is called Mid Response Style (MRS), and the tendency towards agreeing with
the item is called Aquiescence Response Style (ARS; Van Vaerenbergh & Thomas, 2013).
Response styles seem to be omnipresent in rating data (e.g., Eid & Rauber, 2000;
Meiser & Machunsky, 2008; Wetzel & Carstensen, 2017), consistent across traits
(Weijters, Geuens, & Schillewaert, 2010a; Wetzel, 2013), and stable over time (Weijters,
Geuens, & Schillewaert, 2010b; Wetzel, Lüdtke, Zettler, & Böhnke, 2016). Response
styles can influence item responses and therewith bias measurement (see Bolt, Lu, &
Kim, 2014; Wetzel & Carstensen, 2017). As an example, Figure 1 shows frequencies of
category choices for three exemplary respondents with the same manifest mean across
items, but negative, neutral, or positive ERS levels, respectively. Besides, response
styles can distort measured relations between variables (Abad, Sorrel, Garcia, & Aluja,
2018; Böckenholt & Meiser, 2017) and comparison between sub-groups, for example in
cross-cultural research (Bolt et al., 2014; Rollock & Lui, 2016). Numerous attempts
have been proposed in order to control distorting influences of response styles on
measurement through questionnaire design and psychometric modeling approaches. As
the measurement situation can often not be influenced by the researcher, we focus on
psychometric nmodeling approaches to account for response styles in this article.
—————————– INSERT FIGURE 1 ABOUT HERE —————————–

Psychometric Models for Response Styles
There is a large variety of psychometric modeling approaches accounting for
response styles. Here, we examine Divide-by-Total models from Item Response Theory
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(IRT) such as the Nominal Response Model, (NRM), or the Partial Credit Model
(PCM; see Bock, 1972; Masters, 1982; Takane & de Leeuw, 1987; Thissen & Steinberg,
1986) as they allow us to model response styles in an exploratory as well as
confirmatory manner. Within this modeling family, response styles can be incorporated
in many different ways: some models have used variations in item thresholds to allow
for heterogeneous response scale use, while other models have included additional
response style traits. This heterogeneity makes it difficult to identify and assess
assumptions that are implicitly made by model constraints. To make such assumptions
visible, Henninger and Meiser (2019) integrated the different response style models into
a superordinate framework.
In the following, we give a brief summary of this framework and refer to
Henninger and Meiser (2019) for more details. In short, response styles can be
conceived as person-specific shifts in the thresholds. In consequence, the threshold and
category probabilities that describe a response of person n to item i are given by

p(X = k|X ∈ {k − 1, k}, θ, b, δ) =

exp (θn − bik + δnk )
1 + exp (θn − bik + δnk )

(1)
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where k is the response category with k ∈ {0, ..., K}, sk are the scoring weights that are
typically fixed to s = (0, ..., K) for ordinal IRT models, θn is the respondent’s trait
parameter, bik is the item-specific category parameter for item i and category k, and δnk
is a parameter of a person- specific shift in threshold k. Person parameters follow a
multivariate normal distribution [θ, δ1 , ..., δK ] ∼ M V N (0, Σ). The item-specific
category parameter bik can be decomposed into the item location βi and threshold τik
PK

with βi = (

k=1 bik )/K.

For identification, the values of the first category are set to 0

(s0 θn − bi0 + δn0 ≡ 0). Further extensions of response style models may include
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reflecting the impact of the latent primary trait or response style dimension on single
items (see Table 1 and Appendix A in Henninger & Meiser, 2019).
Figure 2 shows how such person-specific threshold shifts can be incorporated in
IRT models to reflect response styles. The category probability curves are impacted
through the inclusion of response styles into the modeling approach. For example, a
respondent with asymmetric threshold shifts has a unique profile of response tendencies
that leads to, for example, a decrease in probability for the lowest category (column 2).
In contrast, ERS is described by a shift of the outer thresholds towards the item
location, thereby widening the interval over which the extreme categories have the
modal probability. MRS is described by a shift of the inner thresholds away from the
item location, thereby widening the interval over which the middle category is most
probable. In consequence, the probability of choosing one of the extreme categories or
the middle category increases for a person with a given primary trait level as a function
of ERS and MRS, while the probability of choosing one of the intermediate categories
decreases (column 3). For positive ARS levels, the threshold separating the middle from
the agreement categories is shifted towards the left, increasing the probability of a
response in one of the agreement categories (right column).
The formulation of response styles as person-specific threshold shifts δnk unifies
the different psychometric models that have either conceived response styles as
variations in thresholds or as additional trait dimensions. To give an example of the
latter, in a multidimensional PCM with an additional ERS dimension (e.g., Bolt &
Newton, 2011; Wetzel & Carstensen, 2017), the cumulated person-specific thresholds
shifts δnk in Equation 2 are a function of a response style trait θnERS and scoring weights
sERS = (1, 0, 0, 0, 1) so that (θnERS , 0, 0, 0, θnERS ) reflects the effects of ERS on each
category for person n giving a response to an item with five response categories. This
example illustrates that we can reparameterize the various response style IRT models in
order to describe the composition of δnk , hence the person-specific shifts in threshold
parameters, as additional traits. This reparameterization makes response style
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specifications in the different IRT models explicit (for further examples of scoring
weights for response style dimensions see Table 1, for the composition of δnk in different
response style models see Tables A1 and A2 in Appendix A in Henninger & Meiser,
2019).
—————————– INSERT FIGURE 2 ABOUT HERE —————————–

Review of Divide-by-Total Models Accounting for Response Styles
Specifying response styles as person-specific shifts in thresholds highlights which
model-implied assumptions have been used in various psychometric approaches.
Analyzing these assumptions and restrictions on response styles lead to three groups of
models (Henninger & Meiser, 2019).
The first group comprises two models (Wang, Wilson, & Shih, 2006; Wang & Wu,
2011) that account for unknown response styles in the data. The authors see response
styles as random noise that can be accounted for by person-specific threshold shift
parameters that are independent from each other and from the latent primary traits.
As the person-specific threshold shifts are specified as uncorrelated, response styles such
as ERS or MRS cannot be captured by the model as they require symmetric threshold
shifts across respondents (see Figure 2).
The models in the second group allow for intercorrelations between person-specific
thresholds, but still estimate response styles exploratorily. One example of models in
this group are mixture distribution models that account for heterogeneity between
respondents through assigning them to latent classes with class-specific threshold
parameters that can reflect response tendencies (Böckenholt & Meiser, 2017; Eid &
Rauber, 2000; Moors, 2003; Rost, 1991). As another example, NRMs have been
extended to incorporate an additional response style dimension. The scoring weights sk
of this dimension are estimated freely and can be interpreted post hoc. Another
extension was proposed by Bolt et al. (2014) who proposed preference parameters for
each category to model the tendency of respondents to prefer certain categories over
others. Hence, the second group of models allow researchers to explore the data to find
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a common structure of threshold shifts across respondents.
The third group of models use a priori specifications of response styles. For
example, Jin and Wang (2014) assumed that response styles pull apart or push together
item thresholds. They introduced a person-specific weight parameter to reflect this
dispersion. Other approaches added response style dimensions to a PCM. The scoring
weights sk of response style dimensions are fixed a priori, for example to incorporate
ERS, MRS, and ARS traits into the model (see column 3 & 4 in Figure 2 and Table 1).
In consequence, correlations between response style and primary trait dimensions can
be examined (Bolt & Newton, 2011; Tutz, Schauberger, & Berger, 2018; Wetzel &
Carstensen, 2017). Falk and Cai (2016) added item-specific discrimination parameters
to describe the impact of response style dimensions on items as a further extension.

Implications of the Integrated Framework and Overview
All response style models from the Divide-by-Total framework can be written in
the notation of multidimensional NRMs (Thissen & Steinberg, 1986). Through this
notation, we can derive scoring weights sk that in turn allow us to estimate the different
models as multidimensional extensions of the NRM in standard software environments
such as Mplus (Muthén & Muthén, 2012) or the statistical environment R (R Core
Team, 2019). We have collected scoring weights for the response style models in Table 1
and provide a short introduction on model estimation in the next section.
Furthermore, knowing about the assumptions and restrictions of the response
style models allows us to test these assumptions in empirical data. For example, we can
examine whether response styles are unsystematic noise in rating data (see Wang et al.,
2006), whether there are systematic response style effects across respondents (see Bolt
& Johnson, 2009; Bolt et al., 2014), or whether there are substantial latent correlations
between primary trait and response style dimensions (see Falk & Cai, 2016; Wetzel &
Carstensen, 2017). To demonstrate such comparisons, in the remainder of this article
we illustrate the estimation of these models with a Big Five standardization sample,
give an overview on model specification, highlight the parameters that are estimated in
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each modeling approach, and interpret model fit.
In addition, we can use the superordinate framework to derive novel extensions to
the existing models. In this vein, we propose two novel model variants that extend
existing IRT models for response styles. The first proposition combines approaches with
fixed and estimated scoring weights. In the second proposition, we combine methods
from explanatory IRT modeling (De Boeck & Wilson, 2004; Embretson, 1999) and
response style modeling and specify discrimination parameters as functions of item
attributes. Both models fit in and extend the model structure, and open up new
possibilities to improve measurement of traits and analyses of response styles.

Model Implementation in Standard Software
Subsuming the different Divide-by-Total modeling extensions under the
superordinate framework (Equations 1 and 2) allows us to implement the models as
multidimensional extensions of NRMs (Bock, 1972; Takane & de Leeuw, 1987). As it is
not immediately obvious how threshold shifts translate into scoring weights—in
particular for models with varying thresholds (e.g., Wang et al., 2006), or for models
with category preferences summing up to zero (Bolt et al., 2014)—expressing response
style models as multidimensional NRMs allows us to identify the scoring weights that
we can use for estimation in standard statistical software (see Henninger & Meiser,
2019). We summarize scoring weights for trait, random thresholds, exploratory response
styles, category preferences, and response styles ERS, MRS, and ARS for an item with
K = 4 thresholds and K + 1 = 5 categories in Table 1.
Standard statistical software programs such as Mplus (Muthén & Muthén, 2012,
see also Huggins-Manley & Algina, 2015) or the R (R Core Team, 2019) packages T AM
(Kiefer, Robitzsch, & Wu, 2017) or mirt (Chalmers, 2012) have built-in procedures to
estimate multidimensional IRT models. Standard software programs implement
procedures that allow us to specify whether scoring weights of each item and category
for each latent dimension should be estimated, constrained, or fixed to a specific value.
For example, we can set up a multidimensional PCM with fixed scoring weights for trait
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and response style dimensions through specifying that each item relates to both, the
primary trait and the response style dimensions through the scoring weights from Table
1 (e.g., s = (0, 1, 2, 3, 4) for the trait and sERS = (1, 0, 0, 0, 1) for ERS).
————————— INSERT TABLE 1 ABOUT HERE —————————
We give an example of such a within-item multidimensionality scoring procedure
for estimation in the R package T AM in Appendix A with scoring weights for two
primary trait dimensions with four items each (2 of which are reversed coded) and
response styles ERS and MRS that load on all eight items. Hence, response styles ERS
and MRS are constrained to be equal across primary dimensions. In addition to the
example in the Appendix, we provide code and instructions on how to implement
response style models (PCM ignoring response styles as well as models by Bolt &
Johnson, 2009; Bolt et al., 2014; Bolt & Newton, 2011; Falk & Cai, 2016; Wang et al.,
2006; Wang & Wu, 2011; Wetzel & Carstensen, 2017) in T AM based on a simulated
dataset with the same data structure as the data in the following empirical analysis on
Github1 .

Model Comparison Using Empirical Data
The integration of response style modeling approaches into one superordinate
framework (Henninger & Meiser, 2019) allows us to estimate the models within one
software environment as multidimensional NRMs, and to compare models with different
assumptions on response styles. In consequence, we can examine whether response
styles are best reflect by a notion of random noise (e.g., Wang et al., 2006), or whether
a common structure of threshold shifts exists in the data (e.g., Bolt & Johnson, 2009;
Bolt & Newton, 2011). In addition, we use this model illustration to feature the
different specification and estimated parameters of the response style models for applied
research and to demonstrate how primary trait estimates can be corrected for response
style models through psychometric approaches.
We analyzed a non-clinical standardization sample of a German Big Five inventory
1

https://github.com/mirka-henninger/FitResponseStyles
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by Borkenau and Ostendorf (2008). In this sample, 11,724 respondents answered a Big
Five questionnaire, wherein each scale consists of twelve items on a 5-point rating scale,
hence 60 items in total. As baseline models, we fit a PCM and a generalized PCM with
discrimination parameters, both ignoring response styles, to the Big Five data. We
chose the PCM and generalized PCM as a special case of the NRM with fixed scoring
weights for the Big Five dimensions, as the (g)PCM reflects the ordinal structure of the
response categories, while a NRM with estimated scoring weights is rather suited to
model responses to nominal categories (Thissen & Steinberg, 1986).
We selected a sample of the Divide-by-Total response style models. First, we
chose models with continuous parameterization of response styles, and hence excluded
mixture IRT model and latent class factor models (Moors, 2003; Morren, Gelissen, &
Vermunt, 2011; Rost, 1991). Furthermore, we chose models with the ability to account
for several response tendencies, for example modeling random thresholds, several
response style dimensions exploratorily, category preferences, or pre-specified response
styles such as ERS, MRS, and ARS. This selection excluded the model by Jin and
Wang (2014) and Tutz et al. (2018) because they solely incorporate ERS/MRS. Our
selection therefore comprised six response style models: a random threshold model
(Wang et al., 2006), a generalized random threshold model with item discrimination
parameters (adapted from Wang & Wu, 2011), a multidimensional NRM with freely
estimated scoring weights for response styles (Bolt & Johnson, 2009), a model with
category preferences parameters for response styles (Bolt et al., 2014), a
multidimensional PCM with fixed scoring weights for response styles (Bolt & Newton,
2011; Wetzel & Carstensen, 2017) and a generalized multidimensional PCM with
item-specific discrimination parameters (Falk & Cai, 2016).
Response styles were modeled across all 60 Big Five items and with the same
scoring for reversed and non-reversed items (see Table 1 and Wetzel & Carstensen,
2017, for a discussion on using the same, separate, or additional items for the response
style dimension). All models were estimated using R (R Core Team, 2019) with the
package T AM (Test Analysis Modules, Kiefer et al., 2017). Within T AM , we used the
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marginal maximum likelihood method to estimate multidimensional IRT models with
estimated or fixed scoring weights and discrimination parameters. For high dimensional
models, T AM offers a quasi Monte-Carlo integration procedure (Pan & Thompson,
2007) that prevents the time intensive numerical integration.

Model Specification
For all models, we estimated the Big Five trait dimensions Neuroticism,
Extraversion, Openness, Agreeableness, and Conscientiousness using fixed scoring
weights sBigF ive = (0, 1, 2, 3, 4) or sBigF iveReversed = (4, 3, 2, 1, 0) for reversed coded items
and allowed the Big Five dimensions to correlate with each other. The PCM had 255
parameters (240 fixed item-threshold parameters, 5 latent trait variances for the Big
Five dimensions, and 10 latent covariances between dimensions with
θ BigF ive ∼ M V N (0, Σ). The generalized PCM had 310 parameters (240 fixed
item-threshold parameters, 60 discrimination parameters, 5 latent trait variances for the
Big Five dimensions were fixed to 1, and 10 latent covariances between dimensions were
estimated with θ BigF ive ∼ M V N (0, Σ).
Scoring weights to specify the random threshold model (Wang et al., 2006) are
presented in Table 1. Here, 259 parameters where estimated (240 item-threshold
parameters, 5 Big Five variances, 4 threshold variances, and 10 latent covariances
between Big Five dimensions with [θ BigF ive , δ1 , ..., δK ] ∼ M V N (0, Σ), where covariances
were fixed to 0 between Big Five dimensions and thresholds, as well as between random
thresholds). The same scoring weights were used for the generalized random threshold
model (adapted from Wang & Wu, 2011), in which we estimated 60 additional
discrimination parameters for the Big Five dimensions, and 60 discrimination
parameters for the random threshold dimensions. Hence, 370 parameters were
estimated (240 item-threshold parameters, 120 discrimination parameters, 5 Big Five
variances, and 4 threshold variances were fixed to 1 with [θ BigF ive , δ1 , ..., δK ]
∼ M V N (0, Σ), where, as before, 10 latent covariances between Big Five dimensions
were estimated, while covariances were fixed to 0 between Big Five dimensions and
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thresholds, as well as between random thresholds)2 .
For the multidimensional NRM (Bolt & Johnson, 2009), scoring weights for the
Big Five dimensions were fixed, while scoring weights for three response style
dimensions were estimated. This results in 270 estimated parameters (240
item-threshold parameters, 15 scoring weight parameters, one for each of the five
categories relating to the three response style traits, 5 Big Five variances, and 10 latent
covariances between Big Five dimensions, were estimated, and 3 response style trait
variances were fixed to 1 with [θ BigF ive , θRS1 , θRS2 , θRS3 ] ∼ M V N (0, Σ), where
covariances were fixed to 0 between Big Five and response style dimensions, as well as
between response style dimensions).
For the model with category preference parameters for response styles (Bolt et al.,
2014), scoring weights for the Big Five and the category preference dimensions were
fixed (see Table 1). This results in 285 estimated parameters (240 item-threshold
parameters, 5 Big Five variances, 4 category preference variances and 36 latent
covariances with [θ BigF ive , θ1 , ..., θ4 ] ∼ M V N (0, Σ); the last category preference
parameter can be derived from the others as across categories they sum to 0).
For the multidimensional PCM with response styles ERS, MRS, and ARS (Bolt &
Newton, 2011; Wetzel & Carstensen, 2017), scoring weights for the Big Five and
response style dimensions were fixed (see Table 1). This results in 276 estimated
parameters (240 item-threshold parameters, 5 Big Five variances, 3 response style
variances and 28 latent covariances with [θ BigF ive , θERS , θM RS , θARS ] ∼ M V N (0, Σ)).
The generalized multidimensional PCM with response styles ERS, MRS, and ARS
2

Please note that this is not the original model proposed by Wang and Wu (2011), but an extension

thereof. Wang and Wu (2011) assumed that item-specific discrimination parameters are equal across all
latent dimensions, that is the latent trait and the K random thresholds. The assumption that
discrimination parameters are equal for the traits and random thresholds seems not plausible, however,
and hinders the interpretation of discrimination parameters since it is unclear whether they reflect traits
or response styles. Therefore, we extended the model for a new set of discrimination parameter that
differentiates between discrimination parameters related to the trait and random thresholds. In this
analysis, we restricted discrimination parameters to be equal between random threshold dimensions.
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(Falk & Cai, 2016) used fixed scoring weights for the Big Five and response style
dimensions, but estimated discrimination parameters for the Big Five traits and
response styles. This results in 449 estimated parameters (240 item-threshold
parameters, 181 discrimination parameters, whereof 60 for Big Five traits, 60 for ERS,
60 for MRS, and 1 for all ARS indicators, see also Maydeu-Olivares & Coffman, 2006, 5
Big Five variances and 3 response style variances were fixed to 1 and 28 latent
covariances with [θ BigF ive , θERS , θM RS , θARS ] ∼ M V N (0, Σ) were estimated).

Model Fit
Table 2 gives an overview of the estimated parameters as well as model fit indices
for the IRT models in the application to the German Big Five standardization sample.
We evaluated absolute model fit in terms of the Standardized Generalized
Dimensionality Discrepancy Measure (SGDDM; Levy, Xu, Yel, & Svetina, 2015). This
measure can be interpreted in the metric of a correlation where values close to 0 indicate
good fit and little local dependence. According to SGDDM all models display values
close to 0 and we find no substantial differences in absolute model fit. Furthermore, we
report the Log-Likelihood and Bayesian Information Criteria (BIC; Schwarz, 1978). For
model comparisons, we used Likelihood-Ratio tests with the PCM as a reference model
to examine the increase in model fit when response styles are accounted for. In case of
the generalized response style models by Wang and Wu (2011) and Falk and Cai (2016),
we used the generalized PCM as a reference. We base our model comparison (e.g., the
rank order in Table 2) on BIC due to its ease of interpretation and penalty for
additional model parameters, but also extend model comparisons by χ2 tests between
response style models in the following discussion, where applicable.
Overall, accounting for response styles clearly led to better model fit (all
χ2 ≥ 30, 182, p < .001). Based on BIC, it appears that we can find a common structure
of threshold shifts across respondents (Bolt & Johnson, 2009; Bolt et al., 2014; Bolt &
Newton, 2011; Falk & Cai, 2016; Wetzel & Carstensen, 2017) as models specifying
response styles as random noise had a worse model fit (Wang et al., 2006; Wang & Wu,
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2011). Similarly, we find that allowing for latent covariances between traits and
response style dimensions seems to be a sensible approach in this dataset (Bolt &
Newton, 2011; Falk & Cai, 2016; Wetzel & Carstensen, 2017, with an exception of the
multidimensional NRM by Bolt & Johnson, 2009, and Bolt et al., 2014). Finally, we see
that latent dimensions impact items differently as approaches with item-specific
discrimination parameters showed an improved model fit (Random Threshold Model vs.
generalized Random Threshold Model: χ2 (111) = 9, 778, p < .001; multidimensional
PCM vs. generalized multidimensional PCM: χ2 (173) = 14, 623, p < .001).
————————— INSERT TABLE 2 ABOUT HERE —————————
All together, the model that fit the data best compared to the other models was
the generalized multidimensional PCM with ERS, MRS, and ARS response style
dimensions and discrimination parameters for trait and response styles (Falk & Cai,
2016). Table 3 shows the estimated variance-covariance matrix of the model. We can
see that MRS and ARS were moderately related, and that the Agreeableness dimension
shows negative correlations with ERS and ARS.
————————— INSERT TABLE 3 ABOUT HERE —————————
Furthermore, the superior model fit due to estimated discrimination parameters
suggests that items were differentially impacted by the latent dimensions, Big Five
dimensions as well as response style dimensions. Overall, the ERS dimension had a
larger impact (ᾱERS = 1.10) than the MRS (ᾱM RS = 0.60), or ARS dimensions
(αARS = 0.18; all latent trait variances were fixed to 1). Figure 3 illustrates the impact
ERS
of the ERS dimension on two items, one with the lowest (αmin
= 0.53; upper panel)
ERS
and the other with the highest discrimination (αmax
= 1.62; lower panel). We can see

that threshold and category probability curves of the item with low discrimination were
nearly unaffected by the latent ERS dimension (probabilities were largely independent
of ERS trait levels). In contrast, threshold and category probability curves were
noticeably affected when discrimination was high (probabilities were largely dependent
on ERS trait levels). Hence, accounting for differential influence of the response style
dimensions on items seems to play a substantial role in this dataset.
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————————— INSERT FIGURE 3 ABOUT HERE ————————–
Figure 4 shows how including response styles into psychometric models can debias
the primary trait estimates—here for the Neuroticism trait. The upper panel depicts
response category choices for different ERS levels (lower and upper 10% and
intermediate levels) based on the generalized multidimensional PCM by Falk and Cai
(2016). For the lowest 10%, the extreme categories are rarely chosen, while the opposite
occurs for respondents with highly positive ERS levels. The lower panel shows trait
estimates of the Neuroticism dimension under a generalized PCM ignoring response
styles, and the model by Falk and Cai (2016) with additional ERS, MRS, and ARS
dimensions for varying levels of ERS. For low Neuroticism and high ERS trait levels,
the response style model performs an upwards correction of Neuroticism estimates as
the “strongly disagree” category is chosen inappropriately often; however, a downwards
correction occurs for high Neuroticism trait levels as the “strongly agree” category is
chosen inappropriately often. The opposite correction occurs for respondents with low
ERS trait levels that tend to avoid the extreme categories. Hence, the scatterplot in the
lower panel of Figure 4 demonstrates how a psychometric model can correct for biasing
effects of response styles through allowing for a priori specified shifts in threshold
parameters for different respondents.
————————— INSERT FIGURE 4 ABOUT HERE ————————–
To conclude, in the Big Five standardization sample, a clear advantage of models
specifying response styles a priori and therefore allowing for covariances between traits,
between response styles, and between traits and response styles (models by Bolt et al.,
2014; Falk & Cai, 2016; Wetzel & Carstensen, 2017) was found in the data. Besides the
increased model fit in this dataset, IRT variants with a priori specified response styles
have a straight-forward interpretation of response style dimensions and the relation
between latent dimensions can be explored through the variance-covariance matrix Σ.
In addition, an advantage of models using item-specific discrimination parameters
emerged. Such or similar comparisons between response style models can be useful tools
to test specific assumptions on response styles in order to build a coherent theoretical
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framework for response styles.

New Model Extensions
In the Big Five standardization sample, we found a superiority of models
specifying response styles a priori and allowing for differential influences of the response
style dimensions on single items. However, both model specifications come at a price.
First, specifying response style a priori implies strong assumptions on response style
specifications, namely symmetric threshold shifts for ERS and MRS around the item
location (θnERS = −δn1 = δn4 ; θnM RS = δn2 = −δn3 for an item with 4 thresholds). For
ARS, scoring weights sARS = (0, 0, 0, 1, 1) stand for a shift in the third threshold, while
the threshold probability of the highest thresholds stays constant (see Figure 2 and
Appendix B in Henninger & Meiser, 2019). Second, when including discrimination
parameters for response style dimensions (Falk & Cai, 2016), the model becomes highly
flexible through allowing the dimensions to have differential influences on the items.
However, the number of estimated parameters increases tremendously, especially when
the number of latent (response style) dimensions is large. Furthermore, even though we
now allow response style dimensions to impact certain items to a larger extent than
others, it remains unknown why this is the case.
In this section, we propose two new model extensions that address these
challenges and fill in gaps in the model structure. The first model lifts equality
constraints on scoring weights (and therewith threshold shifts) in multidimensional
PCMs for ERS, MRS, and ARS. It is more flexible than fixing the scoring weights a
priori for all categories (e.g., Wetzel & Carstensen, 2017), but defines the type of
response style in contrast to a multidimensional NRM with estimated scoring weights
(Bolt & Johnson, 2009). The second model combines methods from explanatory IRT
models (De Boeck & Wilson, 2004; Embretson, 1999) with response style modeling. It
defines discrimination parameters as a function of item attributes, and therefore is more
restrictive and parsimonious than the model by Falk and Cai (2016), but has a higher
flexibility than a multidimensional PCM (e.g., Wetzel & Carstensen, 2017). In addition,
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it allows us to identify item attributes that enhance the influence of response style
dimensions on item responses.
After briefly introducing the two new model variants, we use the Big Five
standardization sample to fit examples of the two models to extend and complete the
model structure and the illustration with empirical data of the previous section.
Combining Fixed and Estimated Scoring Weights
In order to test whether the effect of ERS is stronger for the agreement than the
disagreement categories or vice versa, whether MRS not only affects the middle, but
also the intermediate categories, or whether the two agreement categories are
differentially affected by ARS, we propose a new IRT model variant lifting the equality
constraint on category scoring weights. Instead of estimating the scoring weights freely
(Bolt & Johnson, 2009), or fixing them a priori (Bolt & Newton, 2011; Wetzel &
Carstensen, 2017), we defined a more parsimonious, or flexible approach, respectively.
For this purpose, we specified new scoring weights that are partly fixed and partly
estimated to test whether response style traits affect specific categories differently
within items. The resulting scoring weights for response style traits for an item with 5
response categories can be specified as:

sERS = (1, 0, 0, 0, λERS )

(3)

sM RS = (0, λM RS , 1, λM RS , 0)
sARS = (0, 0, 0, 1, λARS ).
The additional, estimated scoring weight parameter λ that is equal across participants
and items reflects the assumption that effects of response styles on categories may not
be the same for all categories, but proportional between categories within items. For
example for ERS, the extreme categories are not affected equally, but we can test
whether the highest category is affected more strongly than the lower category. When
λERS > 1, θnERS affects the highest agreement category more strongly than the lowest
disagreement category and vice versa for λERS < 1. When λM RS > 0 not only the
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probability for the middle, but also the probability for intermediate categories increases
for positive levels of θnM RS 3 . λARS > 1 implies that θnARS influences the highest threshold
and hence increases probability of choosing the highest category more strongly.
Therewith, λARS makes the assumption that ARS affects only certain threshold shifts
testable (see the rightmost column in Figure 2 for shifts in threshold when
sARS = (0, 0, 0, 1, 1)).
Modeling Discrimination Parameters Through Item Attributes
Response styles may have stronger or weaker influences on item responses
depending on item attributes, such as item complexity or item position. To propose a
parsimonious model where the differential influence of the response style dimensions on
items is captured by item-specific discrimination parameters αid , they can be defined as
functions of item attributes. Such attributes can be contextual influences, such as the
number of response options, item wording, ambiguity, complexity, negation, reversal, or
position effects, for instance:

∗
αid
= f (Complexityi , N egationi , P ositioni ).

(4)

The function f can be a linear parameter combination of item attributes; but also
other kinds of function may apply. Hence, this model can be regarded as an explanatory
IRT approach for discrimination parameters to investigate the impact of response style
dimensions on specific item types (see Cho, De Boeck, Embretson, & Rabe-Hesketh,
2014; De Boeck & Wilson, 2004; Embretson, 1999, for explanatory IRT approaches).
Fit of New Model Extensions to the Big Five Standardization Sample
We fit two exemplary specifications of the new modeling variants to the Big Five
standardization sample. Of course, the approaches presented here serve as a guidance
3

Alternatively, sM RS = (0, 0, 1, 1 − λM RS , 0) allows one to test whether threshold shifts are symmetric

around the middle category; when λM RS = 1, a symmetry of threshold shifts in line with column 3 in
Figure 2 is given.
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for applications and can be specified for any other latent dimension or adapted for other
types of attributes or alternative explanatory approaches. For the model combining
fixed and estimated scoring weights, we used the response style dimension ARS as an
example. In particular for ARS, different scoring weights have been proposed in
psychometric approaches (see e.g., Billiet & McClendon, 2000; Falk & Cai, 2016;
Plieninger & Heck, 2018; Weijters et al., 2010b; Wetzel & Carstensen, 2017, and Table
1). By specifying scoring weights for the ARS dimension that are partly fixed and partly
estimated such as sARS = (0, 0, 0, 1, λARS ), we can test whether and to which magnitude
the ARS dimension affects the upper threshold. All other parameter were specified as in
the model of Wetzel and Carstensen (2017) in the illustration section above.
To specify a model with constrained discrimination parameters of response style
dimensions ERS and MRS, we used three types of item attributes to define the
restrictions: item negation, complexity and position (see Table 4 and Table B1 in
Appendix B). Items received the value 1 when they were negated (e.g., contained ”not”,
”not a”, ”never”) and 0 otherwise; items were coded 1 on Complexity if the item
content included more than one line of thought (i.e. double-bind items, e.g., ”I am quite
good at organizing my time for myself so that I can finish my affairs on time.”). Please
note that item responses in the 60 item version of the Big Five standardization sample
used in for analyses herein were collected with a 240 item measure. We used the
position of items from the 240 item instrument, so item received the value 1 when they
occurred in the last half of the 240 item instrument, and 0 otherwise. We used a linear
model with a fixed-links approach (e.g., Schweizer, 2008; Zeller, Reiß, & Schweizer,
2017) to decompose αid into elementary parameters. We defined these elementary
parameters to be an intercept (αIntercept ) and effects for each of the item attributes
(αN egation , αComplexity , αP osition ; see Table 4). Hence, we estimated four discrimination
parameters for each of the response style dimensions ERS and MRS while fixing their
latent variances to one (analogous to Falk & Cai, 2016). Discrimination parameters
were fixed to one for the Big Five dimension and ARS dimension to facilitate
interpretation (all other parameters were specified as in the multidimensional PCM in
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the illustration section). The model therewith allows us to examine the moderating role
of item attributes on response style effects in a focused way.
————————— INSERT TABLE 4 ABOUT HERE —————————
Table 5 extends the overview of estimated parameters and information criteria of
the response style models (Henninger & Meiser, 2019) by the two exemplary modeling
extensions. The model combining fixed and estimated scoring weights for the ARS trait
fits the data better than its restricted variant (Wetzel & Carstensen, 2017, χ2 (1) = 141,
p < .001). The scoring weights are sARS = (0, 0, 0, 1, λARS ), with
λARS = 1.36, SE < 0.01. This indicates that for the ARS trait, not only the third
threshold is shifted by θnARS , but also the upper threshold is shifted by 0.36 · θnARS .
Stated differently, this response style model variant shows that the threshold probability
between the two agreement categories is affected by the ARS trait, but to a lower
degree than the threshold between the middle and the first agreement category.
————————— INSERT TABLE 5 ABOUT HERE —————————
In the new model variant imposing constraints based on item attributes on
discrimination parameters of the ERS and MRS latent traits, four item discrimination
parameters were estimated for each of the two response style dimensions (see Table 6).
Hence, the new restrictions reduced the number of discrimination parameters from 60 to
four for each of the two response style dimensions (i.e. reducing 112 parameters in
total). Unsurprisingly, the restricted model has a worse fit than the generalized
multidimensional PCM (Falk & Cai, 2016, χ2 (167) = 13, 893, p < .001), as we would
not assume that the reduction in estimated parameters and model flexibility goes
unnoticed. However, there is still a substantive increase in model fit compared to the
multidimensional PCM with response styles based on a 1-parameter model with
item-invariant discrimination parameters (Wetzel & Carstensen, 2017, χ2 (6) = 731,
p < .001) which speaks in favor of the utility of using information on item attributes for
parameter estimation4 .
4

As a competitor model, we fit an alternative approach with four discrimination parameters for the

ERS as well as the MRS dimension. As in the proposed model, one discrimination parameter reflected
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Table 6 shows the four elementary parameters for the discriminatory weights in
the ERS and MRS dimension. The intercept reflects the discrimination of non-negated,
non-complex items that appeared in the first half of the 240 item Big Five
questionnaire. We see that averaged across these items, ERS has a larger influence on
item responses than MRS. This difference in αIntercept directly reflects the difference in
variance between ERS and MRS dimensions that is typically found in empirical data
(e.g., Plieninger & Heck, 2018; Wang et al., 2006; Wetzel, Böhnke, & Rose, 2016). We
set the significance level to α = .001 due to the multiple tests and large sample size.
Results indicate that negated items and items appearing in the second half of the
questionnaire increased the influence of ERS and MRS on item responses. Complex
items, in contrast, decreased the influence of ERS, while there was no effect on the
strength of MRS. The effect of item position on discrimination parameters of the ERS
dimension is particularly large (b = 0.13, t = 20.49), indicating that items are more
strongly influenced by ERS when they appear later in the questionnaire (see also Figure
3 for an illustration of the influence of ERS on two items with different discrimination
parameters). To summarize, the results indicate that the impact of response styles on
item responses can be defined as a function of item attributes and assessed as such
using psychometric modeling approaches for response styles.
————————— INSERT TABLE 6 ABOUT HERE —————————
Discussion
A variety of IRT model extensions accounting for response styles can be subsumed
under the superordinate framework of shifting thresholds (see Henninger & Meiser,
2019). Based on the framework, the models can be structured in three groups: models
with unique individual profiles of response tendencies (Wang et al., 2006; Wang & Wu,
the intercept, while all others were randomly assigned to the 60 Big Five items. In consequence, item
characteristics could not have any systematic influence on discrimination of the latent traits. The
competitor model fit the data worse (∆BIC = −155) than the model incorporating item characteristics
further suggesting that variations of item attributes systematically affect the impact of response styles
on item responses.
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2011), models exploring common response styles across respondents in the data
(Böckenholt & Meiser, 2017; Bolt & Johnson, 2009; Bolt et al., 2014; Moors, 2003; Rost,
1991), and models specifying response styles a priori (Bolt & Newton, 2011; Falk & Cai,
2016; Jin & Wang, 2014; Morren et al., 2011; Wetzel & Carstensen, 2017).
As all modeling extensions can be written as multidimensional NRMs, we can
derive scoring weights for each of the models. These scoring weights can in turn be used
to estimate the models in standard software, for example in Mplus (Muthén & Muthén,
2012, see also Huggins-Manley & Algina, 2015) or the statistical programming
environment R (R Core Team, 2019) using packages mirt (Chalmers, 2012) or T AM
(Kiefer et al., 2017).
We can use psychometric models for response styles to improve primary trait
estimation in psychological assessment. In the model illustration, we showed how trait
estimates can be debiased through response style modeling, and also how we can use
model comparison to test assumptions on response styles. We found a superiority of
models that accounted for response styles, specified response styles a priori and
therewith were able to estimate relations between latent dimensions, and of models that
allowed for a differential impact of latent dimensions on the items.
Building on these results, we proposed two novel types of model extensions that
add to the structure of response style models (see Table 1 in Henninger & Meiser,
2019). The first modeling extension combines approaches fixing and estimating scoring
weights for response style dimensions. This approach allows us to define the type of
response style, while at the same time testing specific symmetry constraints or a priori
fixations. We used this semi-exploratory approach to examine the magnitude to which
ARS affects the highest threshold by using the Big Five standardization sample
(Borkenau & Ostendorf, 2008). The second approach combines explanatory IRT (De
Boeck & Wilson, 2004; Embretson, 1999) with response style modeling. We defined
item-specific discrimination parameters as a linear function of item attributes.
Therewith, we were able to investigate the influence of negation, complexity, and
position on the impact of response style dimensions on item responses. We find that

DIFFERENT APPROACHES TO MODELING RESPONSE STYLES

24

ERS and MRS have a larger impact on negated items, and on items that appeared in
the second half of a 240 item questionnaire. Surprisingly, complex items seem to reduce
the impact of ERS. As a posthoc interpretation we suggest that complex items may be
associated with increased cognitive effort that reduces response style influence. At the
same time, we would like to emphasize that these results may be specific for the Big
Five dataset used in the analysis. Therefore, the novel models serve as an illustration
how fixed and estimated scoring weights can be combined, and how explanatory IRT
can be integrated in response style modeling.

Disentangling Primary Trait and Response Style Dimensions in Estimation
The different psychometric approaches for response styles that are presented and
discussed in this article and in Henninger and Meiser (2019) impose various
assumptions and restrictions on response styles, and this in turn sets specific
requirements for the data structure. For instance, few reversed-coded items or a small
variance in item difficulty parameters (all items are similarly easy or difficult) may
hinder model estimation, resulting in large standard errors and convergence problems
(see Johnson & Bolt, 2010). Hence, when designing the questionnaire, one should pay
careful attention to include items with different difficulties and reversed-coded items
(see also Billiet & McClendon, 2000; Plieninger, 2017). Model estimation can further be
facilitated by using additional information for response style dimensions, such as
extraneous items (Wetzel & Carstensen, 2017) or anchoring vignettes (Bolt et al., 2014,
but see also von Davier, Shin, Khorramdel, & Stankov, 2018). When convergence
problems persist, one may consider the use of uncorrelated factors to facilitate
separation of primary trait and response style dimensions (Johnson & Bolt, 2010).
As Johnson and Bolt (2010) noted exploratory response style models are
particularly vulnerable with regards to empirical identification problems (e.g., models
by Bolt & Johnson, 2009; Bolt et al., 2014; Moors, 2003). Also our new model
proposition that combines fixed and estimated scoring weights may hinder estimation
for certain data structures. For example, combining an ERS dimension with scoring
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weights sERS
= (1, 0, 0, 0, λERS ) with an ARS dimension using sARS
= (0, 0, 0, 1, 1) may
k
k
lead to a confound when no reversed-coded items are present to separate ARS from
ERS (see also Billiet & McClendon, 2000; Plieninger, 2017). Johnson and Bolt (2010, p.
97ff, 102, and 109) and Falk and Cai (2016, p. 333-334 and Appendix A) provide
further details on statistical and empirical identification strategies.

Alternative Approaches to Account for Response Styles
This article focused on multidimensional extensions of Divide-by-Total models to
account for response styles, but there are also other psychometric models based on the
graded response model (Samejima, 1969), sequential (Tutz, 1997) or step models
(Verhelst, Glas, & De Vries, 1997) and IRTree models (Böckenholt, 2012; De Boeck &
Partchev, 2012), or design-based approaches that we would like to mention briefly.
Based on the graded response model, threshold models accounting for response
styles via person-specific location and scale parameters (Rossi, Gilula, & Allenby, 2001),
varying threshold distances between respondents (Johnson, 2003), or a two-step decision
process (Thissen-Roe & Thissen, 2013) have been proposed. Other models are based on
the idea of unfolding models to account for ERS (Javaras & Ripley, 2007), or testlet
approaches (Bradlow, Wainer, & Wang, 1999), where a general ERS dimension and
specific trait dimensions are modeled (De Jong, Steenkamp, Fox, & Baumgartner,
2008). More recent models specify covariates to disentangle trait and response style in a
one-item, adjacent categories model (Tutz & Berger, 2016), or adapted the differential
discrimination model (Ferrando, 2014) to ordinal responses (Lubbe & Schuster, 2017).
Recently, Böckenholt (2012) and De Boeck and Partchev (2012) proposed IRTree
approaches that define responses to rating scale items as a sequence of multiple
processes (see also Jeon & De Boeck for multiple dimensions and inclusion of covariates;
Khorramdel & von Davier, 2014, for a multi-scale extension; Meiser, Plieninger, &
Henninger, 2019, for an extension to ordinal judgment processes; Plieninger & Heck,
2018, for an extension for ARS; Plieninger & Meiser, 2014, for a test of validity; Zettler,
Lang, Hülsheger, & Hilbig,2016, for an application).
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At the same time, attempts to control for response style during measurement have
been made. For example, situational factors such as respondents’ motivation or
cognitive load (Cabooter, 2010), or features of the questionnaire format such as the
number of categories, response option labels, reverse-coded or negated items (Weijters
et al., 2010b) may reduce response biases. In the multidimensional forced-choice format
respondents rank groups (e.g., triplets) of items depending on how well they describe
their behavior (see Brown & Maydeu-Olivares, 2013, for a Thurstonian IRT approach to
handle ipsative data arising from this format). Instead of giving rating responses, some
response format ask respondents to sort items into the response categories (e.g.,
McKeown & Thomas, 1988; Thurstone, 1928). Current research focuses on the power to
reduce response style effects by these and other response formats (see for example
Böckenholt, 2017; Plieninger, Henninger, & Meiser, 2019, for experimental
investigations).

Directions for Future Research
Response styles should not only be seen as nuisance variables that have to be
controlled for, but analyzed as part of a psychologically meaningful response process.
To understand the nature of response styles, we must investigate situational and
interindividual factors. Hamilton (1968) and Van Vaerenbergh and Thomas (2013)
summarized evidence for relationships between response styles and personality
variables; however, most results are mixed. Sensible starting points to further increase
knowledge on response tendencies themselves are, first, integrating response styles in
their nomological net by investigating their relation to personality covariates. These
covariates, however, should be measured by response-style-free methods, such as the
multidimensional forced-choice method (Brown & Maydeu-Olivares, 2011), the
drag-and-drop format (Böckenholt, 2017) or implicit methods (Schmukle, Back, &
Egloff, 2008) to avoid confounding effects of response styles. Second, one should examine
response processes that moderate the use of response styles in a given questionnaire
item. For example, one could analyze how response times moderate response style
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effects on category choice. Such investigations would inform us about response styles
themselves, their relation to item content, and processes underlying item responses.
The advancement of existing models is a further route for future research. For
instance, the random threshold model by Wang and colleagues (Wang et al., 2006;
Wang & Wu, 2011) is a promising candidate for modeling response styles as it allows
researchers to model heterogeneity towards any response category with little a priori
assumptions. This is particularly important when comparing different subgroups with
unknown response styles, as might, for example, be the case in cross-cultural research.
However, as demonstrated in the application, the model is likely to be violated in
empirical data due to the independence restriction on the variance-covariance matrix.
Furthermore, it is not possible to interpret person-specific threshold effects in terms of
ERS or MRS, because then response styles induce a non-diagonal variance-covariance
matrix of person effects. Therefore, more flexibility in the random threshold model
concerning its identification constraints is desirable, allowing to estimate the
variance-covariance matrix.
The generalized multidimensional PCM with constraints on discrimination
parameters of the response style dimensions that we proposed as a model extension also
opens up routes for future research. In this approach, we have modeled discrimination
parameters of response style dimensions as a function of item attributes, such as
position, negation, or complexity. Herein, we implicitly assume that item attributes will
explain all variability in discrimination parameters as we have not added an error term.
Adding an error term for discrimination parameters using Bayesian estimation
procedures would likely increase model fit and precision of standard error estimation.
De Boeck (2008) has proposed a model with random error in item difficulty parameters
for estimating models with crossed-random person and item effects with the package
lme4 (Bates, Mächler, Bolker, & Walker, 2015) in R. Asparouhov and Muthen (2012)
proposed an estimation procedure using a Bayesian methodology in Mplus for models
with random effects for discrimination parameters in factor analysis models (see also
Cho et al., 2014, for an explanatory approach with random residuals). Hence, future
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research may further extend response style models using constrained discrimination
parameters as proposed in explanatory IRT models that include random components of
item or discrimination parameters.
Besides advancing estimation and modeling approaches, a substantive analysis of
discrimination parameters of response style dimensions may help to identify sources of
biases and problematic items in test construction. Discrimination parameters indicate
item-specific differences in the strength of response style effects on item responses and
hence indicate which items are more strongly affected by response style traits (see Falk
& Cai, 2016). Testing hypotheses about moderating item attributes, such as ambiguity,
item position, or complexity will provide valuable information to identify problematic
items in test construction, or on finding an adequate test length for longer survey
studies (see also Shao, Li, & Cheng, 2016, for a change point analysis to detect speeded
responding). Such statistically and empirically informed item selection can lead to a
reduction of the systematic impact of response styles on category choices and therewith
biases in social science measurement situations (Podsakoff, MacKenzie, & Podsakoff,
2012).

Conclusion
The integration of Divide-by-Total IRT models that have accommodated response
styles in different ways (Henninger & Meiser, 2019) highlighted commonalities,
differences between, and implications of restrictions and specifications of the different
IRT models. By making such differences and implications explicit, the suggested
framework provides guidance for model selection in applied research.
In the applications of the framework in this article, latent covariances were crucial
for model fit and items were impacted differently by response style dimensions in the
Big Five standardization sample. Motivated by these results, we proposed two novel
model extensions wherein the impact of response styles can vary, first, for different
thresholds or categories within items, or, second, between items as a function of item
attributes. The results from the empirical analysis and the development of two new
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models illustrate how psychometric models can be used for test construction and to
further develop theory on response styles.
Psychometric modeling of response styles is a useful tool to correct for and
investigate biases in rating data. Furthermore, it allows us to test specific hypotheses
through the comparison of alternative models. With the integration of various
Divide-by-Total models in a common superordinate framework, we provide the basis to
compare existing IRT models, choose the appropriate, or derive new variants in order to
answer a wide variety of research questions.
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Table 1
Exemplary Scoring Weights for an Item With 5 Response Categories
Category number
Primary Trait
sθn
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3

4

n
sθreversed−coded

4

3

2

1

0

sθn1

δ

0

1

1

1

1

s

δ
θn2

0

0

1

1

1

s

δ
θn3

0

0

0

1

1

s

δ
θn4

0

0

0

0

1

λ0

λ1

λ2

λ3

λ4

sθn1

-1

1

0

0

0

s

∗
θn2

-1

0

1

0

0

s

∗
θn3

-1

0

0

1

0

s

∗
θn4

-1

0

0

0

1

ERS

1

0

0

0

1

M RS
θn

0

0

1

0

0

ARS
θn

0

0

0

1

1

ERS

1

0

0

0

λERS

M RS

0

λM RS

1

λM RS

0

0

0

0

1

λARS

Random Thresholds
(e.g., Wang et al., 2006 )

Exploratory Response Styles
(e.g., Bolt & Johnson, 2009 )
RS

s θn

Category Preferences (Sum-to-Zero)
(e.g., Bolt et al., 2014 )
∗

A Priori Specified Response Styles
(e.g., Wetzel & Carstensen, 2017 )
s θn
s
s

Proportional Effects of Response Styles
(New Variant )
s θn
s θn
s

ARS
θn

Note. ERS: Extreme Response Style, MRS: Mid Response Style, ARS: Acquiescence Response
Style; EMRS: Extreme versus Mid Response Style; further scoring weight options:
EM RS1 = (2, 1, 0, 1, 2), EM RS2 = (0, 1.5, 2, 1.5, 0), ARS2 = (0, 0, 0, 1, 2); adapted from Falk
& Cai (2016); Tutz & Berger (2016); Weijters et al. (2010b); Wetzel & Carstensen (2017).

449

276

285

270

370

60 × 4 = 240

60 × 4 = 240

60 × 4 = 240

60 × 4 = 240

60 × 4 = 240

60 × 4 = 240

60 × 4 = 240

(all fixed to 1)

5 + 3 (8)

5 + 3 (0)

5 + 4 (0)

(RS dim. fixed to 1)

5 + 3 (3)

(all fixed to 1)

5 + 4 (9)

5 + 4 (0)

(all fixed to 1)

5 (5)

5 (0)

60 × 4 = 240

28

28

36

10

10

10

10

10

181

0

0

15

120

0

60

0

1 ARS

60 ERS/MRS,

60 Big Five,

(5 for each RS)

5×3

60 Var. Thres.

60 Big Five,

60 Big Five

parameters

discrimination

.042

.046

.046

.046

.041

.047

.044

.049

SGDDM

-845,521

-852,832

-853,457

-852,924

-858,002

-862,891

-873,093

-880,496

Log-Likelihood

Model fit indices

χ2 (4) = 35, 210
p < .001

—

—

LR-Test

χ2 (21) = 55, 327
p < .001

χ2 (30) = 54, 077
p < .001

2

4

3

5

6

7

8

Rank

2
1,695,248 χ (139) = 55, 145 1
p < .001

1,708,250

1,709,585

2
1,708,378 χ (15) = 55, 143
p < .001

2
1,719,471 χ (60) = 30, 182
p < .001

1,728,209

1,749,091

1,763,381

BIC

Likelihood Ratio Test (compare response style models to the PCM, gen. response style models to the gen. PCM), Rank based on BIC.

Response Style, SGDDM: Standardized Generalized Dimensionality Discrepancy Measure, BIC: Bayesian Information Criterion, LR-Test:

Nominal Response Model, Gen.: Generalized; RS: Response Style, ERS: Extreme Response Style, MRS: Mid Response Style, ARS: Acquiescence

dimensions if applicable; the number in parentheses indicates the number of latent variances fixed to 1; PCM: Partial Credit Model, NRM:

Note. Model estimation for Big Five personality factors with 60 items and K + 1 = 5 response categories; 5 Big Five plus response style

(Falk & Cai, 2016)

Gen. Multidimensional PCM

Wetzel & Carstensen, 2017)

(Bolt & Newton, 2011 ;

Multidimensional PCM

(Bolt et al., 2014)

Category Preference Model

(Bolt & Johnson, 2009)

Multidimensional NRM

(based on Wang & Wu, 2011)

Gen. Random Threshold Model

(Wang et al., 2006)

259

310

Gen. Partial Credit Model

Random Threshold Model

255

Partial Credit Model

covariances

variances

(total)

parameters

latent

parameters item-threshold latent

Number of estimated

Overview of Estimated Parameters and Model Fit Indices for the IRT Models
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Table 3
Estimated Correlation Matrix in the Best Fitting Model (Generalized Multidimensional
PCM by Falk & Cai, 2016; Variance of Latent Traits was Fixed to 1)
Neuro.

Extra.

Open.

Agree.

Consc.

ERS

MRS

Neuroticism

1.00

Extraversion

-0.45

1.00

0.03

0.13

1.00

Agreeableness

-0.13

0.26

0.05

1.00

Conscientiousness

-0.32

0.13

-0.15

0.18

1.00

ERS

0.11

-0.08

-0.08

-0.26

-0.10

1.00

MRS

0.01

0.04

0.11

0.05

0.06

-0.15

1.00

ARS

0.13

-0.04

-0.04

-0.28

-0.04

0.04

0.35

Openness

ARS

1.00

Note. Neuro: Neuroticism, Extra: Extraversion, Open: Openness, Agree: Agreeableness,
Consc: Conscientiousness, ERS: Extreme Response Style, MRS: Mid Response Style, ARS:
Acquiescence Response Style.
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Table 4
Coding of Item Attributes for the Prediction of Discrimination Parameters αid in the
Explanatory IRT Modeling Extension
Item Coding

Intercept

Effects

Negation

Complexity

Position

αIntercept

αN egation

αComplexity

αP osition

—

—

—

1

0

0

0

—

—

1

1

0

0

—

1

0

1

0

—

1

1

1

0

—

1

0

0

1

—

1

1

0

1

1

0

1

1

1

1

1

1

—

—

—

Note. See also Table B1 in Appendix B for the coding for each of the 60 Big Five items.

282

277

60 × 4 = 240

60 × 4 = 240

(ERS/MRS fixed to 1)

5 + 3 (2)

5 + 3 (0)

28

28

8
4 MRS,

4 ERS,

(highest category)

1 1 ARS,

parameters

discrimination

.046

.046

SGDDM

-852,467

-852,762

Log-Likelihood

Model fit indices
LR-Test

2
1,707,576 χ (6) = 731
p < .001

2
1,708,118 χ (1) = 141
p < .001

BIC

Bolt & Newton, 2011 or Wetzel & Carstensen, 2017, see Table 2).

Discrepancy Measure, BIC: Bayesian Information Criterion, LR-Test: Likelihood Ratio Test (compare the model to the multidimensional PCM by

Response Style, MRS: Mid Response Style, ARS: Acquiescence Response Style; Style; SGDDM: Standardized Generalized Dimensionality

Five plus response style dimensions; the number in parentheses indicates the number of latent variances that is fixed to 1; ERS: Extreme

Note. Estimation of the two new model extensions for the Big Five personality factors with 60 items and K + 1 = 5 response categories; 5 Big

by Item Attributes)

(with Discrimination Parameters Explained

Gen. Multidimensional PCM

from ARS Scoring Weights)

(Lifting Equality Constraints

Multidimensional PCM

covariances

variances

(total)

parameters

latent

parameters item-threshold latent

Number of estimated

Overview of Estimated Parameters and Information Criteria for two new Exemplary Model Extensions
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Table 6
Estimated Elementary Parameters for αid (with Standard Errors in Parentheses) in the
Explanatory IRT Model with Response Style Dimensions
Intercept

Negation

Complexity

Position

ERS

1.02† (< 0.01) 0.05† (0.01) −0.05† (0.01)

0.13† (0.01)

MRS

0.59† (< 0.01) 0.06† (0.01)

0.06† (0.01)

−0.01 (0.01)

Note. ERS: Extreme Response Style, MRS: Mid Response Style. Discrimination parameters
are fixed to one for the primary trait dimensions; † p < .001.
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Negative ERS

Neutral ERS

45

Positive ERS

Relative Frequency

0.20

0.15

0.10

0.05

0.00
Cat. 0

Cat. 1

Cat. 2

Cat. 3

Cat. 4

Cat. 0

Cat. 1

Cat. 2

Cat. 3

Cat. 4

Cat. 0

Cat. 1

Cat. 2

Cat. 3

Cat. 4

Response Category

Figure 1 . Relative frequencies of response category choices for three exemplary
respondents based on simulated data with the same manifest mean across items (X̄ = 3,
moderately positive trait levels), but different Extreme Response Style (ERS) levels.
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Moderate

Asymmetric

ERS & MRS

46

ARS

0.75

0.50

0.25

Category Probabilities

1.00

0.00

Figure 2 . Illustration of category probability curves for an item i with five response
categories k ∈ {0, ..., 4}. From left to right: for moderate respondents, respondents with
a unique profile of asymmetric threshold shifts, respondents with positive Extreme and
Mid Response Style (ERS & MRS), and respondents with positive Acquiescence
Response Style (ARS).
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Low Influence (''I think we should pay attention to our religious authorities when making moral decisions'')
Negative ERS (-1 SD)

Neutral ERS

Positive ERS (+1 SD)

Negative ERS (-1 SD)

Neutral ERS

Positive ERS (+1 SD)

0.75
0.50
0.25

Threshold Probabilities

1.00

0.00

0.75
0.50
0.25

Category Probabilities

1.00

0.00
-2

0

2

4

-2

0

2

4

-2

0

2

4

High Influence (''Most people that I know do like me'')
Negative ERS (-1 SD)

Neutral ERS

Positive ERS (+1 SD)

Negative ERS (-1 SD)

Neutral ERS

Positive ERS (+1 SD)

0.75
0.50
0.25

Threshold Probabilities

1.00

0.00

0.75
0.50
0.25

Category Probabilities

1.00

0.00
-4

0

4

-4

0

4

-4

0

4

Figure 3 . Illustration of the influence of low (upper panel) and high (lower panel)
discriminability of the Extreme Response Style (ERS) dimension on threshold and
category probabilities with model based item-threshold and discrimination parameters
(Falk & Cai, 2016).
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Response Category Choices for Different ERS Levels
Relative Frequency

Lowest 10%

Intermediate

Highest 10%

0.4
0.3
0.2
0.1
0.0
0

1

2

3

4

0

1

2

3

4

0

1

2

3

4

Response Category

Neuroticism Estimates Based on a gPCM with ERS, MRS, and ARS

Correction of Neuroticism Trait Estimates

2

0

-2

-2

0

2

Neuroticism Estimates Based on a gPCM Ignoring Response Styles
ERS Trait Level:

Lowest 10%

Intermediate

Highest 10%

Figure 4 . Upper panel: relative frequency of response category choices for lower and
upper 10% quantiles and intermediate levels of Extreme Response Styles (ERS); lower
panel: correction for Neuroticism estimates based on the generalized Partial Credit
Model (gPCM) ignoring response styles and a gPCM with additional ERS, Mid
Response Style (MRS), and Acquiescence Response Style (ARS) dimensions (Falk &
Cai, 2016).
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Appendix A
Exemplary Scoring Matrix for Two Primary Traits and Two Response Style Dimensions
Trait 1
Item
Item
Item
Item
Item
Item
Item
Item

1
2
3
4
5
6
7
8

Cat 0 Cat 1 Cat 2 Cat 3 Cat 4
0
1
2
3
4
0
1
2
3
4
4
3
2
1
0
4
3
2
1
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0

Trait 2
Item
Item
Item
Item
Item
Item
Item
Item

1
2
3
4
5
6
7
8

Cat 0 Cat 1 Cat 2 Cat 3 Cat 4
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
1
2
3
4
0
1
2
3
4
4
3
2
1
0
4
3
2
1
0

1
2
3
4
5
6
7
8

Cat 0 Cat 1 Cat 2 Cat 3 Cat 4
1
0
0
0
1
1
0
0
0
1
1
0
0
0
1
1
0
0
0
1
1
0
0
0
1
1
0
0
0
1
1
0
0
0
1
1
0
0
0
1

1
2
3
4
5
6
7
8

Cat 0 Cat 1 Cat 2 Cat 3 Cat 4
0
0
1
0
0
0
0
1
0
0
0
0
1
0
0
0
0
1
0
0
0
0
1
0
0
0
0
1
0
0
0
0
1
0
0
0
0
1
0
0

ERS
Item
Item
Item
Item
Item
Item
Item
Item
MRS
Item
Item
Item
Item
Item
Item
Item
Item
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Appendix B
Coding of Item Characteristics for the 60 Big Five Items
Table B1
Coding Matrix for the Generalized Multidimensional PCM with Item Attribute
Predictors for Discrimination Parameters of Response Style Dimensions
Item 1 - 30
Item
N1
E2
O3
A4
C5
N6
E7
O8
A9
C 10
N 11
E 12
O 13
A 14
C 15
N 16
E 17
O 18
A 19
C 20
N 21
E 22
O 23
A 24
C 25
N 26
E 27
O 28
A 29
C 30

Neg. Comp. Pos.
1
0
1
0
0
0
0
0
0
0
0
1
0
0
1
0
0
0
0
0
0
0
1
0
0
0
0
0
0
0

0
0
0
1
0
0
0
0
0
1
1
0
1
0
0
0
0
1
1
0
0
0
0
0
1
0
0
0
1
1

0
0
0
0
0
1
1
0
1
0
0
1
0
0
0
0
1
0
0
0
0
1
1
0
0
0
0
0
0
0

Item 31 - 60
Param.

Item

Neg.

Comp.

Pos.

Param.

αI + αN
αI
αI + αN
αI + αC
αI
αI + αP
αI + αP
αI
αI + αP
αI + αC
αI + αC
αI + αN + αP
αI + αC
αI
αI + αN
αI
αI + αP
αI + αC
αI + αC
αI
αI
αI + αP
αI + αN + αP
αI
αI + αC
αI
αI
αI
αI + αC
αI + αC

N 31
E 32
O 33
A 34
C 35
N 36
E 37
O 38
A 39
C 40
N 41
E 42
O 43
A 44
C 45
N 46
E 47
O 48
A 49
C 50
N 51
E 52
O 53
A 54
C 55
N 56
E 57
O 58
A 59
C 60

0
0
0
0
0
0
0
0
0
0
0
1
0
0
1
0
0
0
0
0
0
0
0
1
1
0
0
0
0
0

0
0
1
0
0
1
0
1
0
1
1
0
1
0
1
0
0
1
0
1
1
0
0
1
1
1
1
0
1
0

0
0
1
1
0
0
1
0
0
1
1
0
1
0
0
0
1
1
0
0
0
1
1
0
1
0
1
0
0
1

αI
αI
αI + αC + αP
αI + αP
αI
αI + αC
αI + αP
αI + αC
αI
αI + αC + αP
αI + αC + αP
αI + αN
αI + αC + αP
αI
αI + αN + αC
αI
αI + αP
αI + αC + αP
αI
αI + αC
αI + αC
αI + αP
αI + αP
αI + αN + αC
αI + αN + αC + αP
αI + αC
αI + αC + αP
αI
αI + αC
αI + αP

Note. Neg.: Negation; Comp.: Complexity, Pos.: Position (based on the 240 item measure),
Param.: Parameter; N: Neuroticism; E: Extraversion; O: Openness; A: Agreeableness; C:
Conscientiousness; αI : α of the intercept, αN : α for negated items, αC : α for complex items,
αP : α for items appearing in the second half of the questionnaire.

