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Abstract 
Rating scales are susceptible to response styles that undermine the scale quality. Optimizing a rating scale can tailor it to 
individuals’ cognitive abilities, thereby preventing the occurrence of response styles related to a suboptimal response format. 
However, the discrimination ability of individuals in a sample may vary, suggesting that diferent rating scales may be appro-
priate for diferent individuals. This study aims to examine (1) whether response styles can be avoided when individuals are 
allowed to choose a rating scale and (2) whether the psychometric properties of self-chosen rating scales improve compared 
to given rating scales. To address these objectives, data from the fourishing scale were used as an illustrative example. MTurk 
workers from Amazon’s Mechanical Turk platform (N = 7042) completed an eight-item fourishing scale twice: (1) using a 
randomly assigned four-, six-, or 11-point rating scale, and (2) using a self-chosen rating scale. Applying the restrictive mixed 
generalized partial credit model (rmGPCM) allowed examination of category use across the conditions. Correlations with 
external variables were calculated to assess the efects of the rating scales on criterion validity. The results revealed consist-
ent use of self-chosen rating scales, with approximately equal proportions of the three response styles. Ordinary response 
behavior was observed in 55–58% of individuals, which was an increase of 12–15% compared to assigned rating scales. The 
self-chosen rating scales also exhibited superior psychometric properties. The implications of these fndings are discussed. 

Keywords Flourishing scale · Self-chosen rating scale · Inappropriate category use · Response styles · Mixture distribution 
IRT approach 

Introduction 

Rating scales are extensively employed in social and behav-
ioral research to assess personality traits and attitudes. These 
scales allow individuals to express their degree of agreement 
with scale items by selecting a response category from a 
predefned set of ordered response options. The widespread 
use of rating scales can be attributed to their suitability for 
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addressing various types of questions, as well as their ease of 
use. However, a substantial drawback of rating scales is their 
susceptibility to inappropriate category use (ICU; Wetzel 
et al., 2016a, 2016b; Van Vaerenbergh & Thomas, 2013). 
ICU arises when participants deviate from the intended use 
of the response categories and leads to systematic measure-
ment error. 

Recent research has provided several approaches to 
addressing ICU in data collected with rating scales. One 
approach aims to identify an optimal rating scale that mini-
mizes ICU (e.g., Chen et al., 2015; Kutscher & Eid, 2020; 
Moors et al., 2014; Weijters et al., 2010a, 2010b, 2010c). 
The goal of this approach is to optimize the properties of 
rating scales (e.g., the number of response options, labels 
of response categories) to increase their robustness to 
ICU. Another area of research has focused on developing 
model-based approaches to address response styles (RSs), 
which are viewed as a form of ICU (for an overview, refer 
to Henninger & Meiser, 2020a, 2020b). These model-based 
approaches can be broadly classifed into two categories: 
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exploratory approaches and ad hoc approaches. Exploratory 
approaches identify the heterogeneity in scale usage dur-
ing data analysis, allowing post hoc interpretation of RSs. 
These approaches include, for example, mixture distribution 
item response theory (IRT) models (for an overview, see 
von Davier & Carstensen, 2007) and multidimensional IRT 
models with random item-specifc parameter estimates as 
additional dimensions (e.g., Adams et al., 2019; Henninger, 
2021; Wang & Wu, 2011). In contrast, ad hoc approaches 
require researchers to make assumptions about the presence 
of specifc RSs in the data before modeling and subsequently 
incorporate these RSs as additional dimensions or factors 
in the model. One example of this type of approach is the 
multidimensional nominal response model for estimating 
multiple latent traits and RS dimensions proposed by Falk 
and Cai (2016). Ad hoc models also include IRTree models, 
which assume that observed response behavior results from 
pre-defned multiple response processes (e.g., Böckenholt, 
2012; De Boeck & Partchev, 2012). Both exploratory and 
ad hoc models provide individual trait value estimates that 
are adjusted for RS efects. Another, more contemporary 
trend in research involves gathering data using alternative 
response formats that are less prone to ICU, including the 
forced-choice response format (e.g., Wetzel et al., 2021). 

However, these approaches possess certain limitations. 
First, determining a universal rating scale that is optimal 
for all constructs and samples is challenging, as the optimal 
features of a rating scale may difer based on the complex-
ity of the construct or the attributes of the sample (Kieruj 
& Moors, 2013). For instance, student samples may appro-
priately employ rating scales with more response categories 
compared to the general population (Lozano et al., 2008; 
Weijters et al., 2010a, 2010b, 2010c). Furthermore, inter-
individual heterogeneity within a sample, including dif-
ferences in individuals’ discrimination ability, cognitive 
capacity, education level, and experience, can result in the 
manifestation of RSs for certain individuals, even when 
apparently optimal rating scales are employed (Jin & Wang, 
2014). Thus, establishing a one-size-fts-all rating scale is 
difcult. Second, utilizing mixed IRT models as a post hoc 
method to control for RS efects requires large sample sizes 
to estimate the model parameters accurately (Kutscher et al., 
2019; Sen & Cohen, 2023). Conversely, ad hoc approaches 
rely on concrete assumptions about the presence of RSs in 
the data (e.g., Falk & Cai, 2016; Lyu & Bolt, 2022; Tutz 
et al., 2018; Wetzel & Carstensen, 2017). However, the 
prevalence of RSs can difer across constructs, and diverse 
populations may exhibit diferent RSs (cf. Carter et al., 2011; 
Eid & Rauber, 2000; Kieruj & Moors, 2013; Kim & Bolt, 
2021). For example, when measuring job satisfaction in a 
representative sample of Australian employees, three RSs 
were identifed: the extreme response style (ERS), character-
ized by a preference for extreme categories; the semi-ERS, 

displaying a preference for two extreme categories at each 
end of the response format; and the ordinary response style, 
which implies that each response category has at least one 
segment on the latent continuum in which it exhibits the 
highest probability of response, making it more likely to be 
endorsed than any other response category (ORS; Kutscher 
et al., 2017). In contrast to the Australian employees, for the 
same construct and using the same statistical method, a dif-
ferent set of response styles was observed in a sample of U.S. 
MTurk workers, who potentially possess more experience 
with responding to questionnaires. Specifcally, the presence 
of the ERS, non-ERS (a tendency to avoid extreme catego-
ries), and ORS was found (Kutscher & Eid, 2020). Since the 
ERS appears to be a dominant response style (see e.g., Bolt 
& Johnson, 2009; Henninger, 2021), it is likely to be present 
in many datasets. Hence, ad hoc approaches fail to account 
for RS efects if the actual RSs present in the data are not 
included in the model (Schoenmakers et al., 2023). Further-
more, an approach’s efectiveness in eliminating RS efects 
can vary for the same dataset (see e.g., Scharl & Gnambs, 
2022; Schoenmakers et al., 2023; Ulitzsch et al., 2023; Wet-
zel et al., 2016a, 2016b). Third, unlike rating scales, alterna-
tive response formats are challenging to implement (Dykema 
et al., 2022; Harzing et al., 2009; Wetzel & Frick, 2020), as 
these formats are more time-consuming and demanding to 
respond to (Sass et al., 2020; Wetzel et al., 2020). They are 
also generally less favored by respondents (Koskey et al., 
2013). Moreover, alternative response formats do not nec-
essarily outperform rating scales in terms of psychometric 
data quality (e.g., Koskey et al., 2013; Kreitchmann et al., 
2019; Sung & Wu, 2018; Wetzel & Frick, 2020; Zhang et al., 
2023), and they may not prevent the occurrence of response 
styles that are induced by stable person dispositions (e.g., 
Bäckström & Björklund, 2023; Böckenholt, 2017; Hen-
ninger et al., 2022; Liu et al., 2015; Wetzel et al., 2021). 

Given the limitations of these approaches, employing 
self-chosen rating scales to prevent RSs may be promising. 
First, this approach assumes that individuals choose a rating 
scale that best matches their preferences. As a result, they 
possess a better understanding of the scale and the meaning 
of the response categories, enabling them to use the chosen 
rating scale appropriately. Second, previous research has 
demonstrated that self-defned response formats (e.g., self-
defned labels for extreme categories or self-defned number 
of response categories) can assess constructs as efectively 
as traditional rating scales. Specifcally, self-defned rating 
scales produce data with comparable or even superior lev-
els of reliability and validity compared to traditional rating 
scales (Chami-Castaldi, 2012; Hofmans et al., 2009; Hof-
mans et al., 2007; Hofmans & Theuns, 2010). In addition, 
the utilization of self-defned rating scales may lead to higher 
data quality because participants are more involved in the 
response process and more accurately refect their thoughts 
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(Chami-Castaldi, 2012). Consequently, self-chosen rating 
scales are expected to be robust to trait-unrelated ICU, as 
they are tailored to individuals’ cognitive processes. Hence, 
this study ofered respondents a variety of rating scales and 
encouraged them to choose the one that most closely suited 
their preferences. In doing so, the study investigated the 
occurrence of ICU and examined the psychometric proper-
ties of both self-chosen and given rating scales, comparing 
their efectiveness. 

Inappropriate category use as a source of bias 
for validity and reliability 

Response style (RS), as a form of ICU, denotes a systematic 
tendency to respond to questionnaire items based on fac-
tors that are unrelated to the item’s specifc content (Paul-
hus, 1991, p. 17). For instance, two participants who have 
chosen identical response categories may actually difer in 
their underlying trait levels, as one participant may have 
chosen the response category due to his or her individual 
response style, whereas the other participant may have used 
the rating scale in the intended manner. In the former case, 
the response becomes confounded with the RS (for more 
details, see Wetzel et al., 2016a, 2016b; Van Vaerenbergh 
& Thomas, 2013). As a result, the trait or attitude is not 
adequately measured by the questionnaire item (Baum-
gartner & Steenkamp, 2001; Podsakof et al., 2003; Savalei 
& Falk, 2014). Thus, the presence of RSs in the data impairs 
construct validity. Recent research has provided evidence 
that RSs are prevalent in a substantial portion of samples 
(11–60%; Carter et al., 2011; Kutscher et al., 2017; Kutscher 
& Eid, 2020; Meiser & Machunsky, 2008; Wetzel et al., 
2013), and the extent of variance attributable to RSs can 
fuctuate up to 43% (Tempelaar et al., 2020). This presence 
of RSs can bias estimates of means and variances (Schoen-
makers et al., 2023; Weijters et al., 2010b), afect the shape 
and location of response distributions (Cheung & Rensvold, 
2000; Mõttus et al., 2012; Reynolds & Smith, 2010), and 
impact the dimensional structure of a trait or attitude (Aich-
holzer, 2014; Jin & Wang, 2014; Navarro-González et al., 
2016). Furthermore, the presence of RSs in the data can 
jeopardize the criterion validity of a scale of interest, leading 
to infated or defated correlation and regression coefcients, 
as well as biased estimates of model parameters (Khorram-
del & von Davier, 2014; Moors, 2012; Morren et al., 2012; 
Plieninger, 2017; Rossi et al., 2001; Tutz et al., 2018; Wei-
jters et al., 2008). In the context of multi-group analyses, 
RSs can also present a signifcant threat to measurement 
invariance (Liu et al., 2017). Thus, failure to account for the 
efects of RSs threatens the validity of conclusions drawn 
from analyses (Eid & Rauber, 2000). However, the impact 
of RSs is typically negligible when they are weakly corre-
lated or uncorrelated with the latent trait (Plieninger, 2017; 

Wetzel et al., 2016a, 2016b) or when the infuence of RSs 
is counteracted by the design of the scale. For example, the 
efect of the acquiescent response style (ARS), character-
ized as a tendency to agree with the item regardless of its 
content, can be neutralized on balanced scales with an equal 
number of positively and negatively worded items (Ferrando 
& Lorenzo-Seva, 2010; Primi et al., 2020). 

Another form of ICU is so-called shortcut strategies, 
such as ignoring superfuous response categories, preferring 
labeled categories, choosing response categories in a par-
ticular area of a rating scale, or exhibiting a narrow response 
range (Andrich, 2010; Baumgartner & Steenkamp, 2001; 
Krosnick, 1999; Van Vaerenbergh & Thomas, 2013; Viswa-
nathan et al., 2004; Wetzel & Carstensen, 2014). Shortcut 
strategies can coincide with RSs. For instance, respondents 
using the ERS also tend to ignore unnecessary response cat-
egories, reducing the rating scale to a few subjectively mean-
ingful categories (Eid & Rauber, 2000; Meiser & Machun-
sky, 2008; Kutscher & Eid, 2020; Kutscher et al., 2017; Wu 
& Huang, 2010). This mismatch between predetermined and 
subjectively perceived response categories indicates that the 
predetermined response format does not adequately repre-
sent the underlying continuous trait, thereby violating the 
assumptions of the rating scale (Meiser & Machunsky, 2008) 
and impairing its reliability (De Jong et al., 2008; Dolnicar 
& Grün, 2009; Jin & Wang, 2014; Plieninger, 2017; Weijters 
et al., 2008). 

Indeed, two components of ICU can be identifed. The 
frst refers to the ICU resulting from the response format 
(Cabooter et  al., 2017). This component occurs when 
respondents have difculties in understanding the meaning 
of the response categories, which can result from an inad-
equately designed rating scale (Krosnick, 1999). The other 
component includes ICU caused by individual dispositions 
(e.g., general self-efcacy; Kieruj & Moors, 2010, 2013; 
Kutscher & Eid, 2020; Moors, 2008; Moors et al., 2014). 
This component remains stable across diferent content areas 
(e.g., Weijters et al., 2010a; Wetzel et al., 2013) and shows 
consistency over several years (e.g., Aichholzer, 2013; Wei-
jters et al., 2010b). Thus, ICU due to individual dispositions 
can be expected even with an optimal or individually tailored 
rating scale. This study focused on ICU due to the response 
format. We expect that when self-chosen rating scales are 
used, respondents will be better able to handle them, result-
ing in less ICU and data with higher psychometric quality. 
Therefore, we aim to examine the extent to which self-cho-
sen rating scales can mitigate ICU due to response format 
and improve the psychometric quality of data. 

Rating scales and inappropriate category use 

Inappropriate category use arising from a suboptimal rat-
ing scale can be prevented by ofering an optimal rating 
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scale that efectively conveys respondents’ judgments about 
item content without overburdening their cognitive capaci-
ties (Cox, 1980; Greenleaf, 1992; Krosnick, 1999; Lozano 
et al., 2008; Viswanathan et al., 2004; Weijters et al., 2008). 
According to the response process model proposed by Tou-
rangeau and colleagues (Tourangeau et al., 2000), cogni-
tive overload may occur when respondents encounter dif-
fculty choosing a suitable response category from a given 
response format. This overload occurs when the rating scale 
does not account for the complexity of respondents’ thought 
processes regarding the item content (e.g., black-and-white 
thinking or sophisticated thinking) or their ability to discrim-
inate between response categories (Baumgartner & Steen-
kamp, 2001; Cox, 1980; Krosnick, 1991; Naemi et al., 2009; 
Viswanathan et al., 2004). Suboptimal rating scales can lead 
to cognitive overload, resulting in ICU rather than ordinary 
responses (Arce-Ferrer, 2006; Baumgartner & Steenkamp, 
2001; Cox, 1980; Greenleaf, 1992; Hamby & Levine, 2016; 
Krosnick, 1991; Swait & Adamowicz, 2001; Viswanathan 
et al., 2004; Weathers et al., 2005). 

Past studies have supported this perspective, consist-
ently providing empirical evidence for ICU’s occurrence 
when manipulating diverse features of rating scales, such 
as the number of response categories (Hamby & Levine, 
2016; Kieruj & Moors, 2010, 2013; Moors, 2008; Weijters 
et al., 2010a, 2010b, 2010c; Harzing et al., 2009), labeling 
of response categories (fully labeled or labeled endpoints; 
Lau, 2007; Moors et al., 2014; Weijters et al., 2010a, 2010b, 
2010c), numbering of response categories (increasing posi-
tive values, decreasing positive values, negative and posi-
tive values, or no numbering; Cabooter et al., 2016; Chyung 
et al., 2018; Gummer & Kunz, 2021; Moors et al., 2014; 
Schwarz et al., 1991), scale direction (a positive/high adjec-
tive on the left side/top of the scale and a negative/low adjec-
tive on the right side/bottom of the scale or in the reverse 
order; Liu & Keusch, 2017), and scale format (horizontal 
format, vertical format; Weijters et al., 2021). Regarding the 
number of response categories, recent research has suggested 
that the use of shorter rating scales with four to six response 
categories is more appropriate for most researchers’ pur-
poses (Freund et al., 2013; Khadka et al., 2012; Kutscher & 
Eid, 2020). Shorter rating scales generally outperform longer 
ones in sufciently capturing the full range of the underlying 
trait and maintaining the correct order of equidistant catego-
ries (Khadka et al., 2012; Kutscher & Eid, 2020). In contrast, 
longer rating scales may evoke disordered categories, poten-
tially undermining the representation of the continuity of the 
underlying trait (Meiser & Machunsky, 2008). Furthermore, 
research investigating the impact of rating scale lengths on 
the reliability and validity of the scale has cautioned against 
employing rating scales with fewer than four or more than 
six or seven response options (Alwin et al., 2018; Culpep-
per, 2013; Eutsler & Lang, 2015; Lee & Paek, 2014; Lozano 

et al., 2008; Maydeu-Olivares et al., 2009; Müssig et al., 
2022; Simms et al., 2019; for review, see DeCastellarnau, 
2018; Taherdoost, 2019). This is because most individuals 
have limited ability to accurately discriminate between more 
than six or seven diferent units (Miller, 1956). 

However, collecting data using an apparently optimal 
rating scale is only a partial solution, as identifying a uni-
versally optimal rating scale for all respondents within a 
particular population is problematic. Factors such as educa-
tional background, attitudes towards cognitive challenges, 
and individual preferences may determine which type of 
rating scale is appropriate for individuals with certain char-
acteristics (e.g., Chami-Castaldi, 2012). Given the heteroge-
neity of individuals within a particular population, diferent 
rating scales may be optimal for diferent individuals. Thus, 
allowing individuals to respond to items using personally 
selected rating scales appears to be a potential solution for 
eliminating trait-unrelated ICU. The present study aims to 
investigate whether self-chosen rating scales lead to reduced 
ICU-related bias and yield improved psychometric proper-
ties compared to given rating scales. 

The present paper 

The primary objective of the present study is to compare 
the psychometric properties of a given construct under two 
conditions: when participants provided responses using a 
self-chosen rating scale (self-chosen condition) and when 
they used a given rating scale (given condition). To achieve 
this objective, we used the fourishing scale, representing a 
key component of psychological well-being, as an illustra-
tive example. Specifcally, we investigated how inappropri-
ate category use (ICU, including response styles) afects 
construct validity, criterion validity, and reliability. In both 
the self-chosen and given conditions, we employed three 
rating scales with four, six, and eleven categories. These 
rating scales were chosen on the basis that (i) an 11-point 
rating scale is commonly used to assess cognitive aspects of 
well-being (e.g., life satisfaction), and (ii) four- and six-point 
rating scales have been shown to be optimal for assessing 
similar constructs (Kutscher & Eid, 2020) and personal-
ity traits (Simms et al., 2019). Moreover, a six-point rating 
scale has been broadly endorsed in the research as the most 
suitable option due to its precision and user-friendly nature 
(e.g., Taherdoost, 2019). The two shorter rating scales do 
not include a middle category because individuals often 
misuse this category by refusing to provide any responses 
(Kulas & Stachowski, 2013; Lyu & Bolt, 2022; Murray 
et al., 2016; Nadler et al., 2015). Additionally, empirical 
fndings have shown that even-numbered rating scales pos-
sess similar levels of reliability and validity as their odd-
numbered counterparts (Alwin et al., 2018; Donnellan & 
Rakhshan, 2023; Simms et al., 2019). In both the self-chosen 
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and given conditions, we applied the mixture distribution 
IRT approach to identify patterns of scale usage evoked 
by the rating scales (for an overview of fnite mixture IRT 
models, see von Davier & Carstensen, 2007). This typo-
logical approach has the advantage of not requiring specifc 
knowledge of additional variables that infuence the response 
process or the imposition of distributional assumptions, for 
example regarding threshold parameters. The approach also 
enables the identifcation of discrete latent subpopulations 
that difer in their specifc scale usage, even small ones, 
allowing for the estimation of the proportion of each latent 
subpopulation as a model parameter. Previous research has 
successfully used this approach to detect various types of 
ICU, including RSs, unsystematic response tendencies, fak-
ing, socially desirable responses, and avoidance of unneces-
sary response categories (e.g., Kutscher et al., 2020; Wet-
zel et al., 2013; Ziegler & Kemper, 2013). In addition, the 
mixture distribution IRT approach is suitable for analyz-
ing data collected using short scales and a large number of 
response categories, as shown by Kutscher and colleagues’ 
(Kutscher et al., 2019) simulation study. We opted against 
using alternative psychometric modeling approaches, such 
as multidimensional IRT models with exploratory dimen-
sions of response processes (as proposed by Adams et al., 
2019; Henninger, 2021; Wang and Wu, 2011), for the fol-
lowing reasons. First, although these quantitative approaches 
enable an examination of unique respondents’ ICU profles 
in terms of their type and intensity, the approaches require 
post hoc additional analyses, such as principal component 
analysis, to identify dominant response style factors. There-
fore, these approaches are more suitable for measuring and 
controlling for ICU efects, with the aim of improving the 
precision of substantive trait estimates. Second, no available 
evidence has suggested that these approaches are efective 
under the data conditions used in the present study, mainly 
due to the large number of additional dimensions required by 
a response format that comprises many response categories. 
Therefore, we considered the mixture distribution IRT model 
to be the optimal approach to address our research question, 
given its focus on the typological nature of category usage 
as response behavior. Specifcally, we expected that the mix-
ture distribution IRT model would provide insight into how 
the proportion of RSs and the number of ordinarily used 
response categories change due to diferent lengths of rating 
scales in the self-chosen and given conditions. It should be 
noted that the term “ordinary response style”, which we use 
in the following, refers to a response pattern that is closest 
to the theoretical expectation, rather than to the absence of 
response tendencies. Therefore, the ordinary response pat-
tern may deviate from the ideal expectation of equal dis-
tances between thresholds. 

This study offers substantial extensions to previous 
research: First, it is the frst study which examined the 
efects of ICU resulting from self-chosen and given rat-
ing scales on the psychometric quality of the data. Unlike 
prior studies involving self-defned rating scales, the pro-
cess of selecting one of the ofered rating scales should 
not be cognitively burdensome and time-intensive, as is 
typically the case with self-defned rating scales. Second, 
we worked systematically by frst randomly assigning three 
rating scales to participants. This enabled us to investi-
gate the efect of the number of response categories on 
the prevalence of response styles in the given condition. 
Subsequently, we allowed the same participants to choose 
between the three rating scales used in the previous step. 
This facilitated a comparison of scale usage among individ-
uals who chose diferent rating scales. Third, we included 
personality traits to assess the criterion validity. Thus, the 
present study provides a comprehensive investigation of 
the psychometric quality of data obtained from self-chosen 
and given rating scales. The results of this study can inform 
researchers about the benefts of self-chosen rating scales 
in addressing ICU. 

Research questions and hypotheses 

The present paper aims to analyze two general research 
questions. 

First, we aim to investigate whether self-chosen rating 
scales and given rating scales difer in the types and sizes of 
response styles they produce. Therefore, we generated the 
following hypothesis: 

H1: The proportion of individuals who use the rating 
scale in an ordinary manner is larger in the self-chosen 
condition than in the given condition. 

Second, we aim to examine the potential impact of dif-
ferent types of rating scales (administered by researchers 
or chosen by individuals) on the correlations between trait 
values and other variables of interest, such as personality 
traits. Therefore, we hypothesized the following: 

H2: The associations between individual trait value esti-
mates of fourishing and external variables are infuenced 
by the number of response categories in the given condi-
tion. In contrast, no diferences in correlations arise when 
participants use self-chosen rating scales to respond to 
items. A plausible rationale for this discrepancy could 
be the prevalence of a larger extent of ICU in given rat-
ing scales in comparison to self-chosen rating scales, for 
which response format-related ICU is lower. 
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Methods 

Data collection and sample 

Participant recruitment and data collection occurred between 
February and July 2015 on Amazon’s Mechanical Turk 
(MTurk) platform. The MTurk platform is an online crowd-
sourcing labor market where MTurk workers complete vari-
ous tasks, known as human intelligence tasks (HITs), for rel-
atively low pay (Keith et al., 2017). This platform provides 
an online sample that is more representative of the general 
population in terms of psychological traits than student sam-
ples or samples recruited through online methods (McCredie 
& Morey, 2018). It also enables rapid, anonymous, and cost-
efective gathering of high-quality data (Buhrmester et al., 
2011; Mason & Suri, 2012). For this study, participants were 
required to meet the following inclusion criteria: being at 
least 18 years old, currently employed1, and residing in the 
United States. To minimize the risk of satisfcing response 
behavior, only experienced MTurk workers who had com-
peted a minimum of 100 approved HITs and maintained 
a high rate of positive feedback from requesters (with an 
approval rate of at least 95%) were eligible to participate 
(following the recommendations by Peer et al., 2014). The 
online questionnaire was generated using the SoSci Survey 
software package, a tool for conducting online surveys. To 
prevent duplicate participation, a flter was implemented 
based on the MTurk IDs of workers who had already taken 
part. Participants provided informed consent and received 
compensation of US$0.50 for their participation. The aver-
age response time was 16.35 minutes (SD = 5.32; Md = 
15.67; Q1 = 12.70; Q3 = 19.27). 

The entire sample comprised 7042 MTurk workers. 
Twenty participants did not respond to the fourishing items 
and were excluded from the analysis sample. As recom-
mended by Curran (2016), 186 participants were excluded 
from the analysis dataset due to careless responses to ensure 
data quality. Careless clickers were defined as partici-
pants who demonstrated inattentive responding (incorrect 
responses to at least two of four instructional manipulation 
checks integrated into diferent sections of the online ques-
tionnaire),2 quick responding (response time quicker than the 
cutof value, which was equal to the mean minus three stand-
ard deviations of the logarithmized response time variable),3 

1 The current study is a part of the project concerning the quality 
of rating scale for assessing job satisfaction, which is described in 
Kutscher and Eid (2020). 
2 For example, “In order to verify that the program retains the data 
correctly, please select ‘hardly true’ for this statement.” 
3 Another suggested cutof is 2 s per item (Huang et al., 2012). Our
cutof was also consistent with this recommendation. 

or invariant responses to at least half of the successive items 
of the cognitive tasks (verbal memory ability and verbal 
analogy tasks; for details on these measures, refer to the 
supplementary material, Part A). Thus, the analysis sam-
ple consisted of 6836 participants, 61.53% of whom were 
women. The average age of participants was 33.84 years (SD 
= 11.12). Almost all participants were native English speak-
ers (97.18%). In terms of educational background, 8.68% of 
the participants reported having attained the lowest level of 
education (mostly high school completion), 27.09% had a 
college degree, 48.32% had a bachelor's or master's degree, 
and 3.60% had obtained a postgraduate degree. 

Study design 

The study design consisted of three stages. In the frst stage, 
a randomized between-subjects design was implemented, 
involving three given rating scales. The participants were 
randomly assigned to respond to the fourishing items with 
a four-, six-, or 11-point rating scale. We used the endpoint 
labeled rating scales, ranging from “strong disagree” to 
“strong agree”. The categories of the rating scales were pro-
vided with numerical values in ascending order, beginning 
at zero (e.g., for the four-point rating scale, ranging from 
0 to 3). In the second stage, the participants were asked to 
respond to four sets of measures on sociodemographic vari-
ables, personality traits, cognitive tasks, and job-related vari-
ables (for details on the fnal two sets of measures, see sup-
plementary material, Part A). These measures were used to 
check the quality of the randomization. No diferences were 
detected between the randomized subsamples using univari-
ate analysis of variance (ANOVA) for continuous variables 
and Pearson’s chi-square test for categorical variables (see 
Table S1 in the supplementary material for details). This 
outcome validated the efectiveness of the conducted rand-
omization. In the third stage of the study, participants were 
presented with one fourishing item and three rating scales 
(as used in the frst stage). They were instructed to choose 
the rating scale that they felt was most suitable for respond-
ing to this type of item. Next, the participants provided 
responses to the same fourishing items using the self-chosen 
rating scale. However, the choice of the rating scale was not 
infuenced by the rating scale administered previously (refer 
to Table S2 in supplementary material). This was true for the 
entire sample (˜2(4) = 6.67, p = .155) and for the analysis 
sample excluding careless clickers (˜2(4) = 6.57, p = .161). 

Measures 

The Flourishing Scale (Diener et al., 2010) was conceptual-
ized as a unidimensional scale and comprises eight items that 
assess an individual’s self-perceived social-psychological 
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well-being, including positive functioning in important 
areas of life. The items describe aspects of human func-
tioning ranging from competence, engagement, and interest 
to being an optimistic person, having supportive relation-
ships, and leading a meaningful and purposeful life (e.g., 
”I am engaged and interested in my daily activities.“ and 
“I am a good person and live a good life.”). The partici-
pants responded to the fourishing items using a four-, six-, 
or 11-point rating scale, depending on the subsample. In 
student samples, the fourishing scale has shown good psy-
chometric properties (see, e.g., Diener et al., 2010; Ramirez-
Maestre et al., 2017). In the current study, an exploratory 
factor analysis indicated that the fourishing scale had a sin-
gle-factor structure in both study conditions and across all 
types of rating scales (frst eigenvalue ranging from 4.68 to 
5.34, variance explained by a single factor ranging from 58% 
to 67%, second eigenvalues ranging from 0.09 to 0.23, for 
more details, refer to Table S3 in the supplementary mate-
rial). The scale has good internal consistency, with McDon-
ald’s omegas ranging from .90 to .93. 

Big Five The short version of the Big Five Inventory (BFI-
10; Rammstedt & John, 2007) was used to measure the fve 
personality dimensions: extraversion, neuroticism, openness 
to experience, conscientiousness, and agreeableness. Each 
dimension comprises two prototypical items in the form of 
short phrases or adjectives (e.g., “is outgoing, sociable” for 
extraversion or “tends to be lazy” for conscientiousness). 
Participants rated the statements on a fve-point rating scale, 
ranging from 1 (disagree strongly) to 5 (agree strongly). For 
each dimension, one of the items was negatively formulated 
and was recoded before the dimension scores were calcu-
lated. The BFI-10 has acceptable psychometric properties 
(Rammstedt & John, 2007). In the present study, the fve-
dimensional structure of this personality inventory exhibited 
an appropriate approximate ft when analyzed using CFA 
(˜2(25) = 759.11, p < .001; RMSEA = .07, 90% CI [.06; 
.07]; CFI = .92; SRMR = .05; see Table S4 in the supple-
mentary material for details). Regarding the short subscale 
length, subscale reliabilities were acceptable (McDonald’s 
˜ = .71, .67, .51, .58, and .41 for extraversion, neuroticism, 
openness to experience, conscientiousness, and agreeable-
ness subscales, respectively). 

The Single Item Self‑Esteem (SISE; Robins et al., 2001) is a 
single-item measure of global self-esteem. The item “I have 
high self-esteem.” has acceptable psychometric properties 
and is a useful alternative to the Rosenberg self-esteem scale 
(RSE) for adult samples. Participants rated the item on a 
fve-point scale, ranging from 1 (not very true of me) to 5 
(very true of me). 

The General Self‑Efcacy Scale (GSE; Schwarzer & Jerusa-
lem, 1995) is a unidimensional self-report measure assessing 
individuals’ confdence in coping with challenging, stress-
ful, or novel situations (e.g., “When I am confronted with 
a problem, I can usually fnd several solutions.” and “I can 
solve most problems if I invest the necessary efort.”). The 
GSE consists of ten items. Participants rated the items on a 
four-point rating scale with the following labels: 1 (not at 
all true), 2 (hardly true), 3 (moderately true), and 4 (exactly 
true). We validated the unidimensionality of the GSE scale 
using a one-factor CFA model, which indicated a good 
model ft (˜2(35) = 293.94, p < .001; RMSEA = .03, 90% 
CI [.03; .04]; CFI = .99; SRMR = .04; see Table S5 in the 
supplementary material for details). Reliability (McDonald’s 
˜) was .88. 

Sociodemographic variables Finally, the participants pro-
vided information about their age (in years), gender (1 = 
“female”, 2 = “male”), frst language (1 = “English”, 2 
= “other language”), educational level (1 = “high school 
graduate or less”, 2 = “some college,” 3 = “associate’s 
degree or bachelor’s degree”, 4 = “master’s degree, Ph.D., 
or professional degree”), and their job position (1 = “level 
1: manager, self-employed, etc.”; 2 = “level 2: professional, 
researcher, etc.”; 3 = “level 3: technician, marketing, per-
sonal service worker, etc.”; 4 = “level 4: administrative 
worker, etc.”; 5 = “level 5: service worker, machine opera-
tor, MTurk worker, etc.”). 

Statistical analyses 

Application of the mixed IRT model To identify individual 
diferences in ICU on the fourishing scale, we applied a 
restrictive version of the mixed generalized partial credit 
model (rmGPCM; for the GPCM, see Muraki, 1997; for the 
mGPCM, see von Davier & Yamamoto, 2007) to each sub-
sample in both the self-chosen and given conditions. The 
rmGPCM assumes the existence of latent classes of individ-
uals with homogeneous response patterns and thereby allows 
for variation in latent trait values within the latent classes. 
This model defnes an individual’s probability of respond-
ing to a category of an item within a latent class as a logistic 
function of two item parameters: a class-specifc threshold 
parameter (as the transition point between two adjacent cat-
egories) and a discrimination parameter that can vary across 
items but remains constant across latent classes (as a con-
straint). The equation for the rmGPCM is as follows: 

∑x 
�G exp[ (˛ )]

s=0 
° i vg − ˝isg

Pvix(θ) = ˜ g ∑m ∑c (1)
g=1 exp[ (˛ )]

c=0 s=0 
° i vg − ˝isg 

where Pvix(˜) denotes the probability of obtaining a response 
in category x (x ∈{0,..., m}) to categorical item i for an 
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individual v assigned to latent class g with a latent trait value 
˜ . Within a latent class g, the latent trait variable is vg 

assumed to be normally distributed, with a mean of zero and 
the freely estimated latent variance. A class-invariant dis-
crimination parameter of item i is denoted by ̃ i (with ̃ i > 0 
and with δ1= 1), and a class-specifc threshold parameter of 
item i is denoted by ̃ isg (with s ∈{0,..., c} and ̃ isg = 0 for all 
i in all g). The sizes of the latent classes are considered 
model parameters (˜ , with 

∑G 
π = 1). We estimated mod-g g=1 g 

ORS classes in the self-chosen and given conditions. Within 
the randomized subsamples, we used the McNemar test for 
each group of individuals who chose a particular rating scale 
in the self-chosen condition. This test analyzed paired pro-
portions and determine whether there were signifcant difer-
ences in optimal response behavior between the self-chosen 
and given conditions. A signifcant result in a one-tailed test 
would indicate a greater number of switchers from the non-
ORS classes in the given condition to the ORS classes in 

els with 1–5 classes and identifed the best-ftting model 12°̃ the self-chosen condition (referred to as ) compared to 
within each subsample using the sample-size-adjusted 21°̃ the reverse switchers (referred to as ). The efect size was 
Bayesian information criterion (saBIC; Sclove, 1987). This 
information criterion is appropriate for one-dimensional 
polytomous mixture distribution IRT models (see Kutscher 
et al., 2019; Sen & Cohen, 2023). The best-ftting model has 
the lowest saBIC value. Absolute model ft was assessed 
using bootstrap test statistics as Pearson and Cressie–Read 
χ2 goodness-of-ft statistics. A substantial subsample size 
(i.e., 2000–2500 individuals) is recommended for optimal 
model application (see, e.g., Cho, 2013; Huang, 2016; Jin & 
Wang, 2014; Kutscher et al., 2019). The rmGPCMs were 
specifed and estimated using the Latent GOLD 6.0 software 
package (Vermunt & Magidson, 2021). The script is avail-
able in Part B of the supplementary material. 

Interpretation of class‑specifc response styles To interpret 
the class-specifc response styles, we visualized the category 
characteristic curves (CCCs), illustrating the response prob-
ability of each item’s categories. The CCCs, which are based 
on the estimated item parameters of the best-ft model, indi-
cate a segment of the latent continuum where a particular cat-
egory has the highest probability of endorsement. Threshold 
parameters are located on the latent continuum and refect 
the intersections of the CCCs of two adjacent categories. 
Ordered thresholds (˜i,s−1 < ˜i,s) indicate that each category 
of an item has a favored region on the latent continuum where 
its response probability is higher than that of other categories. 
Conversely, disordered thresholds indicate that individuals 
avoid a specifc category (Andrich, 2010; Smith et al., 2011; 
Wetzel & Carstensen, 2014). Therefore, optimal response 
behavior implies ordered thresholds, and ordered thresholds, 
in turn, show that there is a segment on the latent continuum 
where the category is more likely to be selected than all other 
categories. Next, category widths, which represent the dis-
tances between adjacent thresholds, enable the identifcation 
of class-specifc response styles. For example, in the case of 
an ERS, the extreme categories will have broader widths, 
while the intermediate categories will have narrower widths. 

Comparison of ordinary response behavior To test Hypoth-
esis 1 regarding optimal response behavior, we created two 
binary variables to identify individuals belonging to the 

estimated using the population odds ratio (ORpop 21°̃ /12°̃ = ). 
To account for multiple comparisons, all proportion com-
parisons were performed at a corrected signifcance level 
(˜fam = 5%) using the Bonferroni correction approach. All 
analyses, unless otherwise reported, were performed in R 
version 4.3.0 (R Core Team, 2022). 

Criterion validity To test Hypothesis 2, we frst examined the 
relationships between the individual trait value estimates of 
fourishing and the personality traits as external variables. 
To achieve this, we used Spearman’s rho correlation coef-
fcient, because it is robust to violations of the bivariate nor-
mal distribution assumption. We chose this method because 
certain subsamples exhibited extreme values in the distribu-
tion of trait value estimates. We then conducted statistical 
tests to compare the correlation coefcients for each pair of 
randomized subsamples and examined diferences in the cor-
relations between the individual trait values of fourishing 
estimated under the given condition and the external vari-
ables. For this purpose, we followed the recommendation of 
Myers and Sirois (2004) by frst converting the Spearman 
correlations into Pearson correlations and then transforming 
them to Fisher z-values. Bonferroni correction was applied 
to all conducted comparisons to adjust for multiple compari-
sons, which allowed us to examine whether the correlations 
varied depending on the number of response categories in 
the given rating scale. 

We also used the same randomized subsamples from the 
given condition to compare the correlations between the 
external variables and the individual trait value estimates 
obtained in the self-chosen condition. Within each rand-
omized subsample, three groups were created based on the 
rating scale chosen by individuals in the self-chosen condi-
tion: the group of individuals who chose the four-point rat-
ing scale, the group of individuals who chose the six-point 
rating scale, and the group of individuals who chose the 
11-point rating scale. This enabled us to examine whether 
diferent correlations emerged when individuals responded 
to the items using a self-chosen rating scale, controlling for 
the randomized subsample from which they originated. A 
sensitivity analysis for the statistical test comparing two cor-
relations from independent samples revealed that we can 
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Table 1 Descriptive statistics for the fourishing items under the self-chosen condition (top lines) and given condition (bottom lines) 

Four categories Six categories 11 Categories 

Item Mean (SD) Skew. Kurt. Mean (SD) Skew. Kurt. Mean (SD) Skew. Kurt. 

Item 1. I lead a purposeful and meaningful life. 2.31 (0.80)
2.15 (0.77) 

– 1.04 
– 0.63 

0.56 
– 0.04 

3.67 (1.01)
3.62 (1.15) 

– 0.79 
– 0.86 

0.82 
0.55 

7.64 (2.10)
7.16 (2.23) 

– 1.16 
– 0.84 

1.35 
0.42 

Item 2. My social relationships are supportive 
and rewarding. 

2.17 (0.82)
2.10 (0.79) 

– 0.69 
– 0.52 

– 0.23 
– 0.32 

3.49 (1.15)
3.60 (1.18) 

– 0.77 
– 0.84 

0.24 
0.34 

7.24 (2.31)
7.01 (2.32) 

– 0.99 
– 0.82 

0.61 
0.19 

Item 3. I am engaged and interested in my daily 
activities. 

2.25 (0.77)
2.12 (0.77) 

– 0.72 
– 0.52 

– 0.13 
– 0.29 

3.61 (1.06)
3.60 (1.12) 

– 0.82 
– 0.77 

0.62 
0.36 

7.43 (2.14)
7.15 (2.21) 

– 0.99 
– 0.87 

0.74 
0.51 

Item 4. I actively contribute to the happiness 
and well-being of others. 

2.27 (0.76)
2.20 (0.74) 

– 0.82 
– 0.62 

0.20 
– 0.10 

3.71 (1.04)
3.72 (1.11) 

– 0.81 
– 0.87 

0.60 
0.60 

7.62 (2.15)
7.38 (2.17) 

– 1.15 
– 0.93 

1.25 
0.62 

Item 5. I am competent and capable in the 
activities that are important to me. 

2.53 (0.63)
2.49 (0.63) 

– 1.17 
– 0.97 

1.22 
0.44 

4.09 (0.88)
4.13 (0.90) 

– 1.13 
– 1.21 

1.77 
2.14 

8.25 (1.71)
8.10 (1.77) 

– 1.35 
– 1.19 

2.39 
1.70 

Item 6. I am a good person and live a good life. 2.44 (0.68)
2.43 (0.67) 

– 1.06 
– 0.96 

0.85 
0.57 

3.97 (0.95)
4.06 (0.92) 

– 1.04 
– 1.06 

1.45 
1.48 

8.15 (1.80)
8.08 (1.81) 

– 1.28 
– 1.18 

1.84 
1.56 

Item 7. I am optimistic about my future. 2.28 (0.81)
2.26 (0.80) 

– 0.93 
– 0.87 

0.19 
0.16 

3.72 (1.15)
3.82 (1.16) 

– 0.94 
– 1.10 

0.64 
1.05 

7.67 (2.36)
7.65 (2.29) 

– 1.21 
– 1.22 

1.00 
1.20 

Item 8. People respect me. 2.18 (0.77)
2.20 (0.75) 

– 0.68 
– 0.68 

0.01 
0.13 

3.65 (1.07)
3.77 (1.03) 

– 0.90 
– 0.95 

0.80 
1.21 

7.51 (2.17)
7.50 (2.11) 

– 1.11 
– 1.07 

1.07 
1.05 

McDonald’s omega (˜), 95%-CI .91 [.90; .94]
.90 [.90; .90] 

.90 [.89; .90]

.91 [.91; .92] 
.92 [.91; .93]
.93 [.93; .94] 

SD = standard deviation; Skew. = skewness; Kurt. = kurtosis 
The numerical value of the lowest category is always zero 

detect a minimum efect size of .19 using the signifcance 
test. The sensitivity analysis was conducted with a two-sided 
test, with the alpha level adjusted for multiple comparisons 
(1.7%), a power of 80%, and minimum sample sizes of n1 
= 541 and n2 = 676 (corresponding to the groups from the 
subsample with the given 11-point rating scale). Because the 
Spearman’s rank correlation coefcient is a Pearson product-
moment coefcient for ranks, the sensitivity analysis was 
conducted using GPower software version 3.1.9.7 (Faul 
et al., 2009) for the product-moment correlation (Statistics 
Solutions, n.d.). 

Reliability Reliability analyses were conducted for the 
manifest scores (including response styles), by calculating 
McDonald’s omega and the corresponding 95% confdence 
interval. Additionally, we reported a model-based reliability 
coefcient provided by the Latent GOLD 6.0 version and 
a bootstrapped 95% confdence interval for the best-ftting 
mixture model (Vermunt & Magidson, 2021). Latent GOLD 
estimates only one reliability coefcient (and not class-spe-
cifc reliability coefcients) by regressing the latent vari-
able on the observed items in a regression analysis. For this 
analysis, Latent GOLD 6.0 version defnes the total variance 
as the sum of the variance of the class-specifc latent trait 
scores and the average of the latent trait score variances (for 
more details, refer to Kim, 2012). 

Results 

Descriptive statistics for fourishing items 

Table 1 presents the descriptive statistics for the fourishing 
items in both the self-chosen and the given conditions. Iden-
tical tendencies were observed across both conditions. The 
respondents rated aspects of their human functioning highly, 
including competence (item 5), quality of life (item 6), and 
optimism (item 7), while aspects such as supportive relation-
ships (item 2) and engagement (item 3) were rated lower 
(except for the subsample that used a self-chosen four-point 
rating scale). The items showed a left-skewed distribution, 
indicating that the respondents were generally more satisfed 
than dissatisfed with their functioning in diferent aspects 
of their lives (for the plots depicting relative frequencies, 
see Fig. S1 in the supplementary material). The skewness 
became more pronounced as the number of response catego-
ries increased. For example, with a four-point rating scale, 
the bottom category represented less than 5% of the cases. 
However, the two upper categories were selected by a large 
proportion of the individuals (34–59%). For the six-point 
rating scale, the two lower categories had extremely low fre-
quencies, while the top two categories were widely utilized 
(13–47%). Regarding the response format with 11 categories, 
the bottom fve categories were sparsely used, but the upper 
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Table 2 Goodness-of-ft statistics for the rmGPCM in the self-chosen condition 

Condition Model N LL saBIC Pearson p value CR p value Mean assignment Estimated Model-based reli-par 

(SE) (SE) probability in classes1 class size1 ability estimates, 
95% CI2 

Four categories 1 class 32 – 10687 21510 
2 classes 58 – 10393 21032 
3 classes 84 – 10324 21004 .448 (0.02) .604 (0.02) .86, .81, .81 .58, .30, .13 .64 [.64; .65] 
4 classes 110 – 10283 21032 
5 classes 136 – 10242 21060 

Six categories 1 class 48 – 28432 57097 
2 classes 90 – 27532 55501 
3 classes 132 – 27263 55169 .640 (0.02) .152 (0.02) .86, .77, .77 .58, .23, .19 .75 [.75; .75] 
4 classes 174 – 27173 55193 
5 classes 216 – 27108 55267 

11 Categories 1 class 88 – 27282 54956 
2 classes 170 – 26151 53058 
3 classes 252 – 25738 52598 .902 (0.01) .946 (0.01) .92, .91, .83 .55, .25, .20 .82 [.82; .82] 
4 classes 334 – 25590 52667 
5 classes 416 – 25504 52860 

N = number of model parameters; LL = log-likelihood; saBIC = sample-size adjusted Bayesian information criterion; Pearson p values (SE)par 

= the bootstrapped p value and standard error corresponding to the Pearson ˜2 goodness-of-ft statistics; CR p values (SE) = the bootstrapped 
p value and standard error corresponding to the Cressie–Read ˜2 goodness-of-ft statistics 
1 The values are reported in the following order: class with proper response style (ORS class), class with extreme response style (ERS class), and 
class with range response (RRS class) 
2 The 95% confdence interval was calculated using the bootstrapped method implemented in Latent GOLD 6.0 version (Vermunt & Magidson, 
2021) 
Within each experimental condition, the BIC value of the best-ftting model is marked in bold 

four categories contained a high proportion of individuals 
(12–26%). The variability of responses also increased as the 
number of response categories increased. 

Best model solutions 

Tables 2 and 3 show the goodness-of-ft statistics for the 
rmGPCMs with one to fve latent classes in each subsample. 
In the self-chosen condition, the three-class model provided 
the best ft, indicating the lowest saBIC value across all rat-
ing scales (see Table 2). In the given condition, the three-
class model was the best-ftting model in the subsample 
with a four-point rating scale, while the four-class models 
were best-ftting in the subsamples with six and 11 response 
categories (see Table 3). The absolute model ft statistics, 
which were computed for the best-class solutions, indicated 
a good ft of the model to the empirical data within each 
subsample (refer to the bootstrap Pearson and Cressie–Read 
χ2 test statistics in Tables 2 and 3). For all subsamples, the 
best-class models yielded interpretable class-specifc pat-
terns of category use. The mean assignment probabilities 
were also sufciently high. 

Scale usage 

Table 4 summarizes the occurrence of disordered thresh-
olds for the fourishing items in both conditions. First, the 
rate of disordered thresholds grew with increasing rating 
scale length, regardless of rating scale administration. For 
example, for the given rating scales, this afected up to 
17, 48, and 63% of the thresholds when using four, six, 
and 11 response categories, respectively. This fnding sug-
gests that the respondents could diferentiate between a 
few response categories but found it difcult to discrimi-
nate between fner gradations of a longer rating scale and 
to use the response format accurately. A similar trend 
was observed for the self-chosen rating scales, although 
fewer disordered thresholds were found in this condition. 
Respondents who chose the four-point rating scale also 
used it in an orderly manner, including all categories in 
the response process. For the self-chosen six-point rating 
scale, only one category was typically ignored, while for 
the 11-point rating scale, individuals avoided a maximum 
of fve response categories. This suggests that the respond-
ents understood and used their preferred rating scale better 
than the given rating scale. Second, in both conditions, 
the respondents were not homogeneous in terms of their 
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Table 3 Goodness-of-ft statistics for the rmGPCM in the given condition 

Condition Model N LL saBIC Pearson p value CR p value Mean assignment Estimated Model-based par 

(SE) (SE) probability in class size1 reliability esti-
classes1 mates, 95% CI2 

Four categories 1 class 32 – 14900 29946 
2 classes 58 – 14535 29333 
3 classes 84 – 14435 29253 .118 (0.01) .504 (0.02) .83, .84, .76 .46, .19, .35 .67 [.67; .67] 
4 classes 110 – 14381 29262 
5 classes 136 – 14343 29304 

Six categories 1 class 48 – 20440 41099 
2 classes 90 – 19544 39498 
3 classes 132 – 19283 39168 
4 classes 174 – 19182 39158 .822 (0.02) .528 (0.02) .84, .86, .76, .76 .42, .17, .18, .23 .69 [.69; .69] 
5 classes 216 – 19111 39208 

11 Categories 1 class 88 – 30317 61034 
2 classes 170 – 28770 58313 
3 classes 252 – 28322 57790 
4 classes 334 – 28051 57622 .988 (0.00) .990 (0.00) .88, .86, .87, .88 .40, .14, .11, .34 .72 [.72; .72] 
5 classes 416 – 27963 57820 

N = number of model parameters; LL = log-likelihood; saBIC = sample-size adjusted Bayesian information criterion; Pearson p values (SE) par 

= the bootstrapped p value and standard error corresponding to the Pearson ˜2 goodness-of-ft statistics; CR p values (SE) = the bootstrapped 
p value and standard error corresponding to the Cressie–Read ˜2 goodness-of-ft statistics 
1 The values are reported in the following order: class with proper response style (ORS class), class with extreme response style (ERS class), 
class with range response (RRS class), and class with further response style 
2 The 95% confdence interval was calculated using the bootstrapped method implemented in Latent GOLD 6.0 version (Vermunt & Magidson, 
2021) 
Within each experimental condition, the BIC value of the best-ftting model is marked in bold 

category use but consistently showed class-specifc pat-
terns across diferent rating scales. In particular, the frst 
classes in both the self-chosen and given conditions con-
sistently used the response formats accurately, with dis-
ordered thresholds ranging from 0% to 24% across self-
chosen rating scales and 0% to 9% across given response 
formats. It is worth noting that in the self-chosen condi-
tion, the participants condensed the 11-point rating scale 
into less meaningful categories compared to the given 
condition. Conversely, the second class showed a higher 
rate of category avoidance, accounting for 8–60% of disor-
dered thresholds in the self-chosen condition and 17–63% 
in the given condition. Third, when a rating scale was 
chosen, there was less heterogeneity in category use, as 
evidenced by three latent classes in the self-chosen condi-
tion compared to four latent classes in the given condition 
(except for the four-point rating scale). 

In the following section, we provide a comprehensive 
description of the class-specifc diferences in category use 
between the self-chosen and given conditions. To illustrate 
these diferences, we have chosen two representative items 
from the fourishing scale: item 2 “My social relationships 
are supportive and rewarding.” and item 5 “I am competent 
and capable in the activities that are important to me.” 

Class‑specifc category use in the self‑chosen 
condition 

Figure 1 depicts the class-specifc category characteristic 
curves (CCCs) for the two chosen items, which were admin-
istered using three rating scales in the self-chosen condition 
(refer to Figure S2 for all items; estimated item parame-
ters are available in Tables S13–S15 in the supplementary 
material). For the four-point rating scale, the majority of 
the sample (58%) belonged to the frst class, in which all 
four response categories covered equidistant segments on 
the latent continuum (refer to the frst column in Fig. 1). In 
this class, the frst category was located at the lower end of 
the latent continuum, indicating a low level of dissatisfaction 
with functioning in the life domains for very few individuals. 
The remaining sample was divided into two latent classes. 
The second class (30%), which was of intermediate size, 
exhibited a preference for the frst and fnal response catego-
ries, which marked large areas of the latent continuum, while 
the intermediate categories were either avoided or marked 
narrow latent segments. In addition, the response catego-
ries in the second class were located closer to the lower 
end of the latent continuum, with the top category encom-
passing a larger portion of the reasonable range of values. 
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Table 4 Number and percentage of unordered thresholds for the fourishing items in the self-chosen and given conditions 

Self-chosen condition Given condition 

Four categories1 Six categories1 11 Categories1 Four categories1 Six categories1 11 Categories1 

Number of unordered thresholds per item 
Class 12 0 0 1–36 0 0 0–1 
Class 2 04 0–15 4–57 0–1 1–3 5–8 
Class 3 0 0–1 2–3 0 0 1–2 
Class 4 0–1 1–4 
Percentage of unordered thresholds in the scale3 

Class 12 0 0 23.75 0 0 8.75 
Class 2 8.33 22.50 60.00 16.67 47.50 62.50 
Class 3 0 15.00 25.00 0 0 18.75 
Class 4 12.50 26.25 

SD = standard deviation 
1 An item with four, six, and 11 response categories has 3, 5, and 10 thresholds, respectively 
2 Latent classes are listed in the following order: class 1 with a proper response style (ORS class), class 2 with an extreme response style (ERS 
class), class 3 with a range response (RRS class), and class 4 with a further response style 
3 The percentage of disordered thresholds in the scale was computed by summing the number of disordered thresholds across all items and then 
dividing it by the total sum of thresholds for all items 
4 Out of the total eight items, six of them had all threshold parameters ordered, whereas only two items had a single unordered threshold 
5 For six out of the eight items, either all threshold parameters were ordered, or only one threshold parameter was unordered, except for two 
remaining items which had two unordered thresholds 
6 For seven out of the eight items, the number of unordered threshold parameters varied between one and three. The single remaining item had 
four unordered thresholds 
7 Out of the total eight items, six of them had four or fve unordered threshold parameters, while the remaining two items have seven and eight 
unordered thresholds, respectively 

Fig. 1 Class-specifc category characteristic curves for the fourishing items in the self-chosen condition (values represent the categories with the 
highest response probability on a particular latent segment) 
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In the third class (13%), which was the smallest one, only 
the penultimate category (x = 2) fell within the reasonable 
range of the latent continuum. Based on these distinctive 
patterns, we conclude that these three classes represent the 
ordinary response style (ORS class), the extreme response 
style (ERS class), and the range response style (RRS class), 
respectively. 

Similar patterns of category use were observed for the 
six-point rating scale regarding the ORS class (58%), the 
ERS class (23%), and the RRS class (19%; see the middle 
column of Fig. 1). The large class efectively distinguished 
between fve or six response categories, with the frst cate-
gory often avoided. The intermediate categories (x = 2 and x 
= 3) covered small segments of the latent continuum, while 
the middle class showed a preference for extreme categories, 
although some intermediate categories marked narrow latent 
segments (e.g., x = 1, or x = 3, or x = 4). The smallest class 
discriminated between two upper categories within a reason-
able range of values (x = 4 and x = 5). 

For the 11-point rating scale (see the third column in 
Fig. 1), the ORS class (55%) represented two to three lower 
(up to x = 3), one to two middle (x = 5, x = 6, or x = 
7), and three upper response categories (x = 8 and above), 
depending on the item. The CCCs of the middle categories 
were close to each other, indicating that these categories 
were either avoided or marked very small latent segments. 
On average, individuals in this class discriminated between 
seven response categories. The ERS class (25%) predomi-
nantly used the frst and fnal response categories, avoiding 
most categories in between. In the RRS class (20%), three 
broad upper categories were represented within the reason-
able range of the latent continuum. 

In summary, we found a consistent class structure across 
all three rating scales in the self-chosen condition. Three 
latent classes emerged with prototypical patterns of category 
use that consistently represented proportions of the sam-
ple: the ORS class at 55–58%, the ERS class at 24–29%, 
and the RRS class at 14–19%. The ORS class demonstrated 
optimal category use, efectively discriminating between all 
response categories for the four- and six-point rating scales. 
However, when using the 11-point rating scale, the ORS 
class showed less optimal category use, as the individuals 
could appropriately discriminate between only seven out of 
the 11 response categories. However, this level of discrimi-
nation can still be considered good compared to the other 
two classes. The ERS class exhibited a strong preference 
for extreme response categories, while also discriminating 
between some non-extreme categories when using the four-
and six-point rating scales. The RRS class primarily used 
the second highest category for the four-point rating scale or 
two to three top categories for the six-point and 11-point rat-
ing scales. This suggests that, regardless of the rating scale 
chosen, individuals tend to focus on specifc areas of the 

response format, such as the entire response format, omit-
ting redundant categories, extreme categories, or specifc 
top response categories. 

Class‑specifc category use in the given condition 

We observed several similarities in class-specifc category 
use in the given condition (refer to Fig. 2; for the CCCs of 
all items, see Fig. S3, and for the estimated item param-
eters, refer to Tables S16–S18 in the supplementary mate-
rial). For the four-point rating scale (left column in Fig. 2), 
optimal category use was observed in the frst class (the 
ORS class; 46%). All thresholds were ordered, indicat-
ing that no response categories were avoided. The CCCs 
also demonstrated that the distances between the adjacent 
thresholds were approximately equidistant, indicating nearly 
equal widths of categories in this class. The second class 
(the ERS class; 19%) exhibited a preference for extreme cat-
egories that covered large latent segments, although one to 
two intermediate categories marked narrow latent segments. 
However, the CCCs were located toward the lower end of 
the latent continuum, so the top extreme category covered 
most of the meaningful range of values. In the third class 
(the RRS class; 35%), only the penultimate category (x = 
2) was predominantly present within the reasonable latent 
range of values. 

For the six-point rating scale (second column in Fig. 2), 
four latent classes with specific response patterns were 
identifed. The frst class (ORS class; 42%) distinguished 
between two lower categories and two upper categories, 
with the middle categories being either avoided or mark-
ing narrow latent areas. The second class (17%) exhibited 
a pure ERS, discriminating only between the two extreme 
categories. The third class (RRS class; 18%) had two broad 
categories (x = 3 and x = 4) within the meaningful range of 
the latent continuum. An additional class exhibited a specifc 
type of range response style (the so-called extended range 
response style; eRRS class; 23%). Individuals in this class 
predominantly discriminated between the middle categories 
(x = 2 and x = 3) and the upper categories (x = 4 and x = 5). 

Similar patterns were observed for the 11-point rating 
scale (third column in Fig. 2). The frst class (ORS class; 
40%) distinguished between one lower category (predomi-
nantly x = 2) and four upper categories (x = 7 and above), 
with one of the four intermediate categories being avoided 
and the other three intermediate categories marking narrow 
latent areas on the latent continuum. The second class (ERS 
class; 14%) showed a preference for extreme categories. In 
the third class (RRS class; 11%), the latent continuum was 
entirely covered by the third-to-last category (x = 8) and, 
for some items, by the penultimate category (x = 9). The 
fourth additional class (34%) discriminated between the two 
extreme categories, which covered a large portion of the 
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   Fig. 2 Class-specifc category characteristic curves for the fourishing items in the given condition (values represent the categories with the high-
est response probability on a particular latent segment) 

latent continuum, and additionally between one to two lower 
categories and one to two upper categories, marking narrow 
sections. This class exhibited a type of ERS in which the 
individuals distinguished between multiple extreme catego-
ries on each pole of the response format. We referred to this 
class as the extended ERS class (eERS class). 

In summary, a similar class structure, as observed 
with the self-chosen rating scales, was also evident for 
the given rating scales: the ORS class (40–46%), the 
ERS class (14–19%), and the RRS class (11–35%). The 
exception was the fourth classes for the six- and 11-point 
rating scales: the eRRS and eERS classes, respectively. 
The proportion of individuals with ORS increased as the 
number of response categories decreased, while the ERS 
class was present for each rating scale. However, for the 
four-point rating scale, the ERS class differed from the 
ERS class found for rating scales with six and 11 response 
categories by also differentiating between non-extreme 
response categories. In the RRS class, the penultimate 
upper category was predominantly preferred. When com-
paring ICU in the self-chosen and given conditions, the 
results suggested a higher occurrence of ICU in the given 
condition. 

Expected frequency distributions 

Figures 3 and 4 depict the expected relative frequency distri-
butions for two selected fourishing items in the self-chosen 
and given conditions, respectively (for all items, refer to Fig-
ures S4–S5 in the supplementary material). Distributions 
are infuenced by the class-specifc threshold parameters 
and the latent trait distributions. Several similarities were 
observed for both conditions. First, regardless of the rating 
scale and type of administration, the lower categories were 
generally sparsely populated. Specifcally, the four-point rat-
ing scale exhibited sparse data points at x = 0, the six-point 
rating scale showed sparsity from x = 0 to x = 2, and the 
11-point rating scale displayed sparsity from x = 0 to x = 4. 
This suggests that individuals required fewer categories to 
express their dissatisfaction with functioning in diferent life 
domains. Second, the ORS class was expected to exhibit a 
preference for multiple top categories. Specifcally, the four-
point rating scale was expected to have preferences ranging 
from x = 2 to x = 3, the six-point rating scale from x = 3 to 
x = 5, and the 11-point rating scale from x = 6 to x = 9. The 
ERS class was expected to predominantly choose the top 
category, while the RRS class was expected to prefer the 
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   Fig. 3  Expected relative frequencies for the fourishing items in the self-chosen condition 

second-to-last category (except for the 11-point rating scale 
in the given condition, where the third-to-last category was 
expected to be preferred). 

However, there were some diferences in these expected 
distributions among the self-chosen and given conditions. 
Specifcally, in the given condition, the eERS class exhib-
ited stronger diferentiation between response categories 
compared to the ERS and RRS classes. The distribution of 
the ERS class in the self-chosen condition displayed some 
similarity to the distribution of the eERS class in the given 
condition. This can be attributed to the fact that fewer latent 
classes appeared in the self-chosen condition. 

Ordinary response behavior in conditions 

Table 5 presents the results from the comparison of the pro-
portions of individuals using the ORS with the self-chosen 
and given rating scales. These results are given separately 
for the randomized subsamples. Consistently, a higher pro-
portion of individuals were found to use the ORS with the 
self-chosen rating scales (54–61%) compared to the given 
rating scales (38–45%). In addition, the population odds 
ratio, which ranged from 1.71 to 3.38, indicated that the like-
lihood of individuals’ switching from a non-ORS style in the 
given rating scale to the ORS style in the self-chosen rating 

scale was approximately two to three times higher than the 
likelihood of individuals’ switching from the ORS style in 
the given rating scale to a non-ORS style in the self-chosen 
rating scale. Overall, these results confrmed Hypothesis 1 
and strongly supported the efectiveness of the self-chosen 
rating scale in promoting the ORS when compared to the 
given rating scales. 

Correlations between fourishing trait values 
and external variables in conditions 

Table 6 presents the Spearman correlations between person-
ality traits and the trait values of fourishing estimated in the 
self-chosen and given conditions. In particular, when indi-
viduals used self-chosen rating scales, no statistically sig-
nifcant diferences were found in the correlations between 
specifc self-chosen rating scales within subsamples. This 
refers to the comparisons of the self-chosen four-point and 
six-point rating scales in the subsamples with given six and 
11 response categories, as well as the comparisons of the 
self-chosen six-point and 11-point rating scales in the sub-
samples with given four and 11 response categories. How-
ever, there were three exceptions in which the correlations 
between two rating scales difered: (1) the self-chosen four-
point scale versus the six-point scale for neuroticism, general 
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Fig. 4  Expected relative frequencies for the fourishing items in the given condition 

Table 5 Comparison of proportion of individuals using the rating scale in an ordinary manner under the self-chosen and given conditions 

Randomized Subsample Group within randomized sub- ORS (%) under ORS (%) under
sample that chose a particular self-chosen condi- given condition 

ORpop 21
°̃/

12
°̃ = Test statistics 

rating scale tion 

Given four categories Chosen four categories 57.02 45.41 28.08 / 16.46 = 1.71 ˜2(1) = 17.47, p < .001 
Chosen six categories 58.61 44.75 33.44 / 19.57 = 1.71 ˜2(1) = 35.57, p < .001 
Chosen 11 categories 55.19 41.96 30.30 / 17.07 = 1.78 ˜2(1) = 25.97, p < .001 

Given six categories Chosen four categories 56.75 38.14 30.47 / 11.86 = 2.57 ˜2(1) = 44.84, p < .001 
Chosen six categories 60.80 43.10 32.25 / 14.55 = 2.22 ˜2(1) = 72.24, p < .001 
Chosen 11 categories 54.06 41.51 29.25 / 16.69 = 1.75 ˜2(1) = 23.23, p < .001 

Given 11 categories Chosen four categories 59.89 35.68 34.38 / 10.17 = 3.38 ˜2(1) = 71.21, p < .001 
Chosen six categories 59.49 44.12 26.09 / 10.72 = 2.43 ˜2(1) = 67.64, p < .001 
Chosen 11 categories 57.10 42.60 24.70 / 10.21 = 2.42 ˜2(1) = 40.69, p < .001 

ORS = ordinary response style 

12
°̃ 

21
°̃ 

 = Proportion of switchers from non-ORS in the given condition to ORS in the self-chosen condition
 = Proportion of switchers form ORS in the given condition to non-ORS in the self-chosen condition 

Within a randomized subsample, all comparisons were performed at a corrected signifcance level of .017 (˜fam / 3) to test the specifed directed 
hypothesis 

self-efcacy, or self-esteem, depending on the randomized with given four response categories); and (3) the six-point 
subsample; (2) the self-chosen four-point scale versus the rating scale versus the 11-point rating scale for self-esteem 
11-point scale for general self-efcacy (in the subsample (in the subsample with given 6 response categories). In 



7456 Behavior Research Methods (2024) 56:7440–7464  

 
  

 

 
                          Ta

bl
e 

6 
C

om
pa

ris
on

s o
f S

pe
ar

m
an

’s
 rh

o 
co

rr
el

at
io

n 
co

ef
ci

en
ts

 b
et

w
ee

n 
ex

te
rn

al
 v

ar
ia

bl
es

 a
nd

 tr
ai

t v
al

ue
s o

f f
ou

ris
hi

ng
 e

sti
m

at
ed

 u
nd

er
 th

e 
se

lf-
ch

os
en

 a
nd

 g
iv

en
 c

on
di

tio
ns

 

Tr
ai

t v
al

ue
 e

sti
m

at
es

 fr
om

 th
e 

se
lf-

ch
os

en
 c

on
di

tio
n 

Tr
ai

t v
al

ue
 e

sti
m

at
es

 fr
om

 th
e 

gi
ve

n 
co

nd
iti

on
 

Su
bs

am
pl

e 
w

ith
 a

 g
iv

en
 fo

ur
-p

oi
nt

 
Su

bs
am

pl
e 

w
ith

 a
 g

iv
en

 si
x-

po
in

t r
at

in
g 

Su
bs

am
pl

e 
w

ith
 a

 g
iv

en
 1

1-
po

in
t r

at
in

g 
R

an
do

m
iz

ed
 su

bs
am

pl
es

 
ra

tin
g 

sc
al

e 
sc

al
e 

sc
al

e 

4 
ca

t. 
6 

ca
t. 

11
 c

at
. 

4 
ca

t. 
6 

ca
t. 

11
 c

at
. 

4 
ca

t. 
6 

ca
t. 

11
 c

at
. 

G
iv

en
 4

 
G

iv
en

 6
 

G
iv

en
 1

1 
(n

 =
 5

77
) 

(n
 =

 9
81

) 
(n

 =
 7

03
) 

(n
 =

 5
48

) 
(n

 =
 1

07
9)

 
(n

 =
 6

77
) 

(n
 =

 5
41

) 
(n

 =
 1

05
4)

 
(n

 =
 6

76
) 

ca
te

go
rie

s 
ca

te
go

rie
s 

ca
te

go
rie

s 
(n

 =
 2

26
1)

 
(n

 =
 2

30
4)

 
(n

 =
22

71
) 

Ex
tra

ve
rs

io
n 

.2
8 

.2
7 

.2
7 

.2
6 

.2
2 

.2
8 

.2
2 

.2
3 

.2
5 

.2
8 

.2
5 

.2
5 

N
eu

ro
tic

is
m

 
– 
.2
51 

– 
.3
51 

– 
.3

5 
– 

.3
8 

– 
.3

0 
– 

.3
6 

– 
.3

4 
– 

.2
5 

– 
.3

2 
– 

.3
0 

– 
.3
211

 
– 
.2
511

 

O
pe

nn
es

s t
o 

ex
pe

rie
nc

e 
.0

9*
 

.1
6 

.1
0*

* 
.0

9*
 

.1
1 

.0
2ns

 
.0

5ns
 

.1
5 

.0
7ns

 
.0

8 
.0
3ns

12
 

.0
912

 

C
on

sc
ie

nt
io

us
ne

ss
 

.3
4 

.3
9 

.3
7 

.4
1 

.3
3 

.3
8 

.3
6 

.3
8 

.3
6 

.3
2 

.3
1 

.3
2 

A
gr

ee
ab

le
ne

ss
 

.3
1 

.3
1 

.2
6 

.2
7 

.2
3 

.2
5 

.3
3 

.2
9 

.2
6 

.2
7 

.2
3 

.2
6 

Se
lf-

es
te

em
 

.4
9 

.4
9 

.4
7 

.5
34 

.4
34,

5 
.5
25 

.5
66 

.4
36 

.5
0 

.5
07,

9 
.4
57 

.4
19 

.4
02,

3 
.4
18,

10
 

G
en

er
al

 se
lf-

ef
ca

cy
 

.5
32 

.5
13 

.4
1 

.4
9 

.4
8 

.4
2 

.4
7 

.4
1 

.3
58 

.3
310

4 
ca

t. 
=

 G
ro

up
 o

f i
nd

iv
id

ua
ls

 w
ho

 c
ho

se
 a

 fo
ur

-p
oi

nt
 ra

tin
g 

sc
al

e 
to

 a
ns

w
er

 th
e 

fo
ur

is
hi

ng
 it

em
s i

n 
th

e 
se

lf-
ch

os
en

 c
on

di
tio

n.
 6

 c
at

. =
 G

ro
up

 o
f i

nd
iv

id
ua

ls
 w

ho
 c

ho
se

 a
 si

x-
po

in
t r

at
in

g 
sc

al
e 

to
 

an
sw

er
 th

e 
fo

ur
is

hi
ng

 it
em

s i
n 

th
e 

se
lf-

ch
os

en
 c

on
di

tio
n.

 1
1 

ca
t. 

=
 G

ro
up

 o
f i

nd
iv

id
ua

ls
 w

ho
 c

ho
se

 a
n 

11
-p

oi
nt

 ra
tin

g 
sc

al
e 

to
 a

ns
w

er
 th

e 
fo

ur
is

hi
ng

 it
em

s i
n 

th
e 

se
lf-

ch
os

en
 c

on
di

tio
n 

A
ll 

co
rr

el
at

io
ns

 a
re

 st
at

ist
ic

al
ly

 si
gn

if
ca

nt
 a

t p
 <

 .0
01

, w
ith

 th
e 

ex
ce

pt
io

ns
 n

ot
ed

 in
 th

e 
ta

bl
e 

ns
 N

on
-s

ig
ni

fc
an

t c
or

re
la

tio
n 

Si
gn

if
ca

nt
 d

if
er

en
ce

s i
n 

co
rr

el
at

io
ns

 a
re

 in
di

ca
te

d 
in

 b
ol

d.
 

C
or

re
ct

ed
 si

gn
if

ca
nc

e 
le

ve
l f

or
 a

ll 
co

m
pa

ris
on

s i
s .

01
7 

(˜
fa
m
 / 

3)
 

1 
em

p.
z =

 2
.1

6,
 p

 =
 .0

15
 

2 
em

p.
z =

 –
 3

.3
3,

 p
 <

 .0
01

 
3 

em
p.

z =
 –

 2
.6

3,
 p

 =
 .0

04
 

4 
em

p.
z =

 2
.6

6,
 p

 =
 .0

04
 

5 
em

p.
z =

 –
 2

.5
2,

 p
 =

 .0
06

 
6 

em
p.

z =
 3

.2
0,

 p
 =

 .0
01

 
7 

em
p.

z =
 2

.3
0,

 p
 =

 .0
11

 
8 

em
p.

z =
 2

.8
0,

 p
 =

 .0
03

 
9 

em
p.

z =
 3

.7
6,

 p
 <

 .0
01

 
10

 em
p.

z =
 3

.3
0,

 p
 <

 .0
01

 
11

 em
p.

z =
 –

 2
.7

2,
 p

 =
 .0

03
 

12
 em

p.
z =

 –
 2

.1
3,

 p
 =

 .0
16

 
* 

p 
<

 .0
5,

 *
* 

p 
<

 .0
1 



7457 Behavior Research Methods (2024) 56:7440–7464  

 

 
 
 
 
 
 
 

 
 
 
 

   
 

 

 
 
 
 
 
 
 

 
 

 

 
 
 
 

 
 
 
 
 

        

 
 

 
 
 

 
 
 

 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 

 
 
 

 
 
 

 
 

contrast, when the given rating scales were used, the cor-
relations with self-esteem (between the given four-point and 
both the six-point and 11-point rating scales), general self-
efcacy (between the given four-point and both the six-point 
and 11-point rating scales), and neuroticism and openness to 
experience (between the given six-point and 11-point rating 
scales) were afected by the varying rating scales. These 
results partially supported Hypothesis 2, suggesting that 
the use of self-chosen rating scales partially eliminates the 
impact of the response format, specifcally the number of 
response categories, on the observed correlations. In sum-
mary, these results highlighted two main insights. First, the 
number of response categories within a given rating scale 
can signifcantly afect the correlations. Second, the use of 
self-chosen rating scales ofers notable benefts over the use 
of given rating scales. 

Reliability 

The fourishing scale showed excellent reliability for both 
the self-chosen and given rating scales, with McDonald’s ω 
coefcients greater than or equal to .90 (see Table 1). How-
ever, the reliability values for the corrected latent variables 
from the best-class models varied according to the num-
ber of response categories and the type of administration 
(see Tables 2 and 3). Reliability increased as the number of 
response categories increased. Specifcally, the four-point 
rating scale had the lowest reliability (.64–.67), whereas the 
11-point rating scale had the highest reliability (.72–.82). 
When comparing across conditions, minimal diferences in 
reliability values were found for the four-point rating scale. 
However, the six- and 11-point rating scales were more reli-
able in the self-chosen condition. 

The supplementary material (Part C) contains additional 
analyses that examine how individuals who chose diferent 
rating scales difered from each other in terms of sociodemo-
graphic, job-related variables, cognition-related indicators, 
and personality traits. 

Discussion 

The main objective of this study was to compare the psy-
chometric quality of data collected using self-chosen rating 
scales with the quality generated from given rating scales. 
The fourishing scale was used as an illustrative example. 
To conduct this comparison, the participants were first 
randomly assigned to three given rating scales with end-
point labeling: two shorter rating scales with four and six 
categories, respectively, and one longer rating scale with 
11 categories. In the fnal stage of the survey, participants 
were instructed to choose one of the three rating scales and 
respond to the same fourishing items using their preferred 

self-chosen rating scale. To identify the response patterns 
elicited by the rating scales, the study employed the mix-
ture distribution IRT approach, which enables exploration 
of response styles without ad hoc model specifcation. The 
occurrence of ICU served as the primary criterion to evalu-
ate the construct validity, criterion validity, and reliability 
of the rating scales. The research questions and hypotheses 
aimed to investigate the benefts of self-chosen rating scales 
in addressing ICU and improving the measurement of psy-
chological well-being. 

Occurrence of ICU and psychometric properties 
of self‑chosen rating scales 

The results confrmed our hypothesis that self-chosen rat-
ing scales allowed the respondents to provide more accu-
rate responses compared to the given rating scales. First, 
for the self-chosen rating scales, respondents showed a 
consistent and less heterogeneous category use, regardless 
of the rating scale length. We found three classes with dis-
tinct responding: the ordinary response style (ORS; with 
occurrence ranging from 55% to 58%), extreme response 
style (ERS; ranging from 24% to 29%), and range response 
style (RRS; ranging from 14% to 19%). In contrast, the 
given rating scales showed more heterogeneous category 
use. Similar to the self-chosen condition, we identified 
the same three styles of responding – ORS (occurrence of 
40–46%), ERS (of 14–19%), and RRS (of 11–35%) – as well 
as a fourth class. This fourth class had an extended range 
response style (eRRS; 23%) for the given six-point rating 
scale and an extended ERS (34%) with the given 11-point 
rating scale. Second, the proportion of respondents who used 
the rating scale in an ordinary manner was greater for self-
chosen rating scales (54–61%) than for given rating scales 
(38–45%). In particular, for the self-chosen rating scales, 
the proportion of respondents with ORS remained nearly 
constant across diferent rating scale lengths, whereas for 
the given rating scales, ORS was more strongly associated 
with shorter rating scales. Third, the respondents with the 
self-chosen rating scales were better able to discriminate 
between response categories, resulting in fewer unordered 
response categories, compared to the given rating scales. 
In particular, the respondents with ORS efectively difer-
entiated between all response categories on the four-point 
or six-point rating scale, and appropriately discriminated 
between seven response categories when using the 11-point 
rating scale, regardless of whether self-chosen or given rat-
ing scales were used. This suggests a better match between 
the respondents’ subjective response categories and their 
choice of rating scales, resulting in less cognitive burden 
and satisfying (Krosnick, 1991). Thus, this study has dem-
onstrated that self-chosen rating scales are more efective 
in promoting accurate responses than given rating scales, 
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leading to a positive efect on construct validity. However, 
self-chosen rating scales cannot completely eliminate trait-
related ICU. 

This study also provided evidence for the infuence of the 
given rating scale on criterion validity, as demonstrated by 
correlations between latent trait value estimates of fourish-
ing and external variables (e.g., neuroticism, openness to 
experience, self-esteem, and general self-efcacy), These 
correlations varied with rating scale length, indicating its 
infuence. However, when the respondents used their pre-
ferred rating scale, the correlations were more consistent, 
regardless of the number of response options. These fnd-
ings highlight two important points. First, the length of a 
given rating scale can signifcantly afect correlations due to 
ICU. This fnding is consistent with that of previous research 
regarding the efects of ICU on the outcomes of statistical 
analyses (e.g., Khorramdel & von Davier, 2014; Plieninger, 
2017; Tutz et al., 2018). Second, the use of self-chosen rat-
ing scales, which are less afected by response format-related 
ICU, ofers a notable advantage over the use of a given rating 
scale. However, we were only able to partially confrm our 
second hypothesis, as we expected no diferences in correla-
tions for self-chosen rating scales. This might be due to the 
fact that we ofered a limited number of rating scales from 
which to choose. 

The study also examined the reliability of the fourish-
ing scale using both self-chosen and given rating scales. 
McDonald’s omega demonstrated excellent reliability for the 
rating scales in both administration conditions. However, 
the model-based reliability of the corrected trait variables, 
after controlling for ICU efects, varied depending on rating 
scale length and administration condition. As indicated by 
previous research (e.g., Culpepper, 2013; Maydeu-Olivares 
et al., 2009), reliability tends to increase with the increased 
number of response categories. In this study, longer self-
chosen rating scales (comprising six and 11 categories) dem-
onstrated superior reliability, as they were less susceptible 
to trait-unrelated ICU. Furthermore, the self-chosen rating 
scales showed consistency in the assessment of the same 
construct, as evidenced by their factor structure, equivalent 
rank order of item means, and similar distribution shape. 
In brief, the fndings of the present study highlighted the 
psychometric benefts of self-chosen rating scales in com-
parison to their traditionally used counterparts. This implies 
that enhancing the fexibility and customization of response 
formats can efectively address the challenges associated 
with given rating scales (e.g., response format-related ICU). 

Limitations and future research 

One limitation of this study is related to its design, as the 
participants completed the fourishing items using both the 
given and self-chosen rating scales consecutively within a 

single survey. This introduced the potential for carryover 
efects, where the responses in the initial condition may 
have infuenced the responses in the self-chosen condi-
tion. However, we demonstrated through statistical analy-
ses that the choice of a rating scale was not infuenced by 
the assignment of a rating scale. To address potential car-
ryover efects, future studies could implement a washout 
period between the two administrations or utilize a more 
advanced four-group experimental design with two time 
points. The latter design would entail two groups alternat-
ing between the given and self-chosen conditions throughout 
the measurement time points, while the other two groups 
would consistently remain in their respective conditions for 
the duration of the study. This comprehensive design would 
enable researchers to assess the efects of both conditions 
and evaluate any possible carryover or order efects result-
ing from switching between conditions. Hence, a washout 
period or a four-group experimental design would improve 
the internal validity and interpretability of future studies that 
investigate similar research questions. 

The present study utilized a typological modeling 
approach to examine the prevalence of ICU on the self-
chosen and given rating scales. Future research could treat 
ICU types as continuous traits and apply models that allow 
for assessing the intensity of ICU in the data (for an over-
view, refer to Henninger & Meiser, 2020a, 2020b), or even 
models that allow for assessing the dynamics of ICU within 
a questionnaire (e.g., Merhof & Meiser, 2023). Such models 
would enable researchers to consider other criteria, such as 
variance estimates of ICU traits, when examining the efect 
of manipulating the rating scale administration on ICU. Fur-
thermore, one reviewer noted the potential for confounding 
between high trait levels and a preference for extreme cat-
egories, particularly the highest category, when measuring 
substantial trait and response style efects using the same set 
of items in the presence of skewed response distributions 
(see also, Merhof et al., 2023). However, this so-called mim-
icry efect can impact most IRT models that assess response 
styles, including mixture IRT models, multidimensional 
nominal response models, and IRTree models with unidi-
mensional pseudo-items. In this study, we expected longer 
rating scales to be less afected by this phenomenon because 
the respondents had more categories to distinguish between 
at the top of the response format. Future research could use 
innovative methods to estimate substantial traits and prede-
fned response styles separately, for example, IRTree models 
with multidimensional pseudo-items proposed by Merhof 
et al. (2023). 

The generalizability of this study’s results is limited by 
the specifc construct, the utilized rating scales, and the 
study’s design. To validate and extend the fndings, replica-
tion studies should be conducted using diferent constructs, 
rating scales with diverse features, and more sophisticated 
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study designs. In this study, participants could choose from 
three endpoint-labeled rating scales, each with a varying 
number of response categories. Future research should also 
ofer participants a broader range of rating scales to choose 
from, including those with fully labeled response categories 
that have been shown to reduce response bias and maxi-
mize variance (e.g., Eutsler & Lang, 2015). In addition, it 
would be interesting to examine participants’ preferences 
for specific features of rating scales and the variability 
of preferences within a given population. Although prior 
research has suggested that the number of response cate-
gories does not signifcantly impact certain measurement 
aspects, such as factor structure, measurement invariance, 
or latent mean diferences (e.g., Xu & Leung, 2018), more 
research is required to ascertain whether rating scales with 
diferent features adequately capture the same underlying 
construct. One reviewer raised the interesting question of 
whether measurement invariance across the diferent sub-
samples who used diferent rating scales was necessary to 
compare the diferent groups. In this study, it was not pos-
sible to prove measurement invariance across the diferent 
rating scales used in the given and self-chosen conditions. 
This was due to the diferent measurement models based on 
the generalized partial credit model, which results from a 
diferent number of threshold parameters depending on the 
number of response categories in the rating scales. However, 
according to a meta-analysis analogy, the plausibility of the 
construct validity of diverse scales measuring the same 
construct lies in examining the correlation patterns of the 
construct of interest with external criterion variables. The 
observed similarity in correlation patterns for diferent rating 
scales in the present study confrmed the construct validity 
of the rating scales used in both conditions. Future research 
should broaden this focus beyond scrutinizing the construct 
of fourishing to validate the efectiveness of self-chosen 
rating scales in eliminating response format-related ICU 
or trait-unrelated ICU. Replication studies encompassing 
diverse and preferably multiple constructs are necessary to 
strengthen and generalize the fndings, as ICU may include 
construct-specifc components (e.g., Cabooter et al., 2017). 

In general, further research should closely examine the 
response process of individuals who are assigned to a rating 
scale that does not align with their preferences in compari-
son to those using a rating scale that matches their prefer-
ences. This comparison can yield valuable insights into how 
individuals handle diverse rating scales. To support this 
investigation, we propose the use of multidimensional IRT 
models with random thresholds, particularly the random-
efect generalized rating scale model (REGRSM; developed 
by Wang & Wu, 2011), or multidimensional IRT models 
for response styles that include additional dimensions to 
estimate individuals’ category preferences (e.g., Adams 
et al., 2019). These fexible models are applicable across 

various rating scales, providing researchers with insights 
into personalized usage of such scales and the intensity of 
response styles employed. Using these models can enhance 
the understanding of how individuals interact with diferent 
rating scales. 

The results of the present study have signifcant impli-
cations for psychological assessment. First, by utilizing 
self-chosen rating scales, researchers and practitioners can 
enhance the accuracy and precision of psychological assess-
ments, resulting in more robust fndings. Specifcally, the 
utilization of self-chosen rating scales efectively reduces 
or eliminates ICU related to response format, thereby 
improving the construct validity of the measurement and 
more accurately capturing the intended psychological con-
struct. Additionally, data collected using self-chosen rating 
scales would be more reliable and would more accurately 
represent participants’ true trait or attitude, as systematic 
measurement errors associated with given rating scales are 
reduced. Second, ofering participants a choice of rating 
scales enables researchers and practitioners to consider the 
diversity of preferences within the population, thus address-
ing the challenge of determining the most ftting rating scale 
for a particular population. Third, enabling participants to 
respond to items with their preferred rating scale boosts their 
engagement in the study and encourages them to provide 
more precise responses, leading to improved overall data 
quality. 

Conclusions 

In conclusion, this study presents compelling evidence 
that self-chosen rating scales ofer a valuable and efcient 
approach for obtaining high-quality data when measuring 
psychological constructs, as demonstrated by the fourish-
ing scale employed in this research. Allowing individu-
als to choose their preferred rating scales can reduce ICU 
related to response format and consequently yield more 
accurate and reliable measurements. Although self-chosen 
rating scales cannot completely eliminate trait-related ICU, 
controlling for such efects leads to signifcantly improved 
psychometric quality compared to using given rating 
scales. Consequently, this study provides strong support 
for the efectiveness of self-chosen rating scales in enhanc-
ing data quality and emphasizes their relevance as a ben-
efcial alternative to given rating scales in psychological 
assessment. 

Funding Open Access funding enabled and organized by Projekt 
DEAL. 



7460 Behavior Research Methods (2024) 56:7440–7464  

 

 

  

 

 

 
    

 

 
 
 
 
 
 
 
 
 

 

 
  

      
 
 

         
 

           
    

 
 

  
      

 
 

       
 
 
 

       
 

 

        
 

       

      
   

 
  

      
 

      
 

 
  

       
 
 

  
      

 
 

 
       

 
      

    
 
 
 

  
       

 
   

  
 

  
      

 

      
        

 

 
  

      

 
 

  
      

  
  

        
 
 
 

       
 

         
 

         
           

Declarations 

Conflict of interest The authors declare that there are no conficts of 
interest. 

Ethical approval All procedures performed in studies involving human
participants were in accordance with the ethical standards of the insti-
tutional and/or national research committee and with the 1964 Helsinki
Declaration and its later amendments or comparable ethical standards. 

Consent for participation Informed consent was obtained from all indi-
vidual participants included in the study. 

Supplementary information The online version contains supplemen-
tary material available at https://osf.io/xnuak/. This includes the results 
of additional analyses and the Latent GOLD code of the rmGPCM. 

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated 
otherwise in a credit line to the material. If material is not included in 
the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/. 

References 

Adams, D. J., Bolt, D. M., Deng, S., Smith, S. S., & Baker, T. B.
(2019). Using multidimensional item response theory to evalu-
ate how response styles impact measurement. British Journal 
of Mathematical and Statistical Psychology, 72(3), 466–485.
https://doi.org/10.1111/bmsp.12169

Aichholzer, J. (2013). Intra-individual variation of extreme response
style in mixed-mode panel studies. Social Science Research, 
42(3), 957–970. https://doi.org/10.1016/j.ssresearch.2013.01.002

Aichholzer, J. (2014). Random intercept EFA of personality scales.
Journal of Research in Personality, 53, 1–4. https://doi.org/10. 
1016/j.jrp.2014.07.001

Alwin, D. F., Baumgartner, E. M., & Beattie, B. A. (2018). Number
of response categories and reliability in attitude measurement.
Journal of Survey Statistics and Methodology, 6(2), 212–239.
https://doi.org/10.1093/jssam/smx025

Andrich, D. (2010). Sufciency and conditional estimation of person
parameters in the polytomous Rasch model. Psychometrika, 75, 
292–308. https://doi.org/10.1007/s11336-010-9154-8

Arce-Ferrer, A. J. (2006). An investigation into the factors infuencing 
extreme-response style: Improving meaning of translated and 
culturally adapted rating scales. Educational and Psychological 
Measurement, 66(3), 374–392. https://doi.org/10.1177/00131 
6440527857 

Bäckström, M., & Björklund, F. (2023). Why forced-choice and Likert 
items provide the same information on personality, including
social desirability. Educational and Psychological Measurement, 
1–28. https://doi.org/10.1177/00131644231178721

Baumgartner, H., & Steenkamp, J. B. E. (2001). Response styles in
marketing research: A cross-national investigation. Journal of 

Marketing Research, 38(2), 143–156. https://doi.org/10.1509/ 
jmkr.38.2.143.18840

Böckenholt, U. (2012). Modeling multiple response processes in
judgment and choice. Psychological Methods, 17(4), 665–678.
https://doi.org/10.1037/a0028111

Böckenholt, U. (2017). Measuring response styles in Likert items.
Psychological Methods, 22(1), 69–83. https://doi.org/10.1037/ 
met0000106 

Bolt, D. M., & Johnson, T. R. (2009). Addressing score bias and difer-
ential item functioning due to individual diferences in response
styles. Applied Psychological Measurement, 33(5), 335–352.
https://doi.org/10.1177/0146621608329891

Buhrmester, M., Kwang, T., & Gosling, S. D. (2011). Amazon’s
Mechanical Turk: A new source of inexpensive, yet high-quality,
data? Perspectives on Psychological Science, 6(1), 3–5. https://
doi.org/10.1177/1745691610393980

Cabooter, E., Weijters, B., De Beuckelaer, A., & Davidov, E. (2017).
Is extreme response style domain specifc? Findings from two
studies in four countries. Quality & Quantity, 51(6), 2605–2622.
https://doi.org/10.1007/s11135-016-0411-5

Cabooter, E., Weijters, B., Geuens, M., & Vermeir, I. (2016). Scale for-
mat efects on response option interpretation and use. Journal of 
Business Research, 69(7), 2574–2584. https://doi.org/10.1016/j. 
jbusres.2015.10.138

Carter, N. T., Dalal, D. K., Lake, C. J., Lin, B. C., & Zickar, M. J. 
(2011). Using mixed-model item response theory to analyze
organizational survey responses: An illustration using the Job 
Descriptive Index. Organizational Research Methods, 14(1),
116–146. https://doi.org/10.1177/1094428110363309

Chami-Castaldi, E. (2012). Measurement properties of respondent-
defned rating-scales. An investigation of individual character-
istics and respondent choices. (Doctoral thesis, University of
Bradford, Bradford, England). Retrieved from http://hdl.handle. 
net/10454/5433. Accessed 30 Apr 2024.

Chen, X., Yu, H., & Yu, F. (2015). What is the optimal number of
response alternatives for rating scales? From an information pro-
cessing perspective. Journal of Marketing Analytics, 3(2), 69–78.
https://doi.org/10.1057/jma.2015.4

Cheung, G. W., & Rensvold, R. B. (2000). Assessing extreme and
acquiescence response sets in cross-cultural research using struc-
tural equations modeling. Journal of Cross-Cultural Psychology, 
31(2), 187–212. https://doi.org/10.1177/00220221000310020 

Cho, Y. (2013). The mixed distribution polytomous Rasch model 
used to account for response styles on rating scales: A simula-
tion study of parameter recovery and classifcation accuracy. 
(Doctoral dissertation, University of Maryland, College Park). 
Retrieved from http://hdl.handle.net/1903/14511. Accessed 30 
Apr 2024.

Chyung, S. Y., Kennedy, M., & Campbell, I. (2018). Evidence-based
survey design: The use of ascending or descending order of
Likert-type response options. Performance Improvement, 57(9),
9–16. https://doi.org/10.1002/pf.21800 

Cox, E. P., III. (1980). The optimal number of response alternatives 
for a scale: A review. Journal of Marketing Research, 17(4),
407–422. https://doi.org/10.1177/002224378001700401

Culpepper, S. A. (2013). The reliability and precision of total scores
and IRT estimates as a function of polytomous IRT parameters
and latent trait distribution. Applied Psychological Measurement, 
37(3), 201–225. https://doi.org/10.1177/0146621612470210

Curran, P. G. (2016). Methods for the detection of carelessly invalid
responses in survey data. Journal of Experimental Social Psy-
chology, 66, 4–19. https://doi.org/10.1016/j.jesp.2015.07.006

De Boeck, P., & Partchev, I. (2012). IRTrees: Tree-based item response
models of the GLMM family. Journal of Statistical Software, 
Code Snippets, 48(1), 1–28. https://doi.org/10.18637/jss.v048. 
c01 

https://osf.io/xnuak/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1111/bmsp.12169
https://doi.org/10.1016/j.ssresearch.2013.01.002
https://doi.org/10.1016/j.jrp.2014.07.001
https://doi.org/10.1016/j.jrp.2014.07.001
https://doi.org/10.1093/jssam/smx025
https://doi.org/10.1007/s11336-010-9154-8
https://doi.org/10.1177/001316440527857
https://doi.org/10.1177/001316440527857
https://doi.org/10.1177/00131644231178721
https://doi.org/10.1509/jmkr.38.2.143.18840
https://doi.org/10.1509/jmkr.38.2.143.18840
https://doi.org/10.1037/a0028111
https://doi.org/10.1037/met0000106
https://doi.org/10.1037/met0000106
https://doi.org/10.1177/0146621608329891
https://doi.org/10.1177/1745691610393980
https://doi.org/10.1177/1745691610393980
https://doi.org/10.1007/s11135-016-0411-5
https://doi.org/10.1016/j.jbusres.2015.10.138
https://doi.org/10.1016/j.jbusres.2015.10.138
https://doi.org/10.1177/1094428110363309
http://hdl.handle.net/10454/5433
http://hdl.handle.net/10454/5433
https://doi.org/10.1057/jma.2015.4
https://doi.org/10.1177/00220221000310020
http://hdl.handle.net/1903/14511
https://doi.org/10.1002/pfi.21800
https://doi.org/10.1177/002224378001700401
https://doi.org/10.1177/0146621612470210
https://doi.org/10.1016/j.jesp.2015.07.006
https://doi.org/10.18637/jss.v048.c01
https://doi.org/10.18637/jss.v048.c01


7461 Behavior Research Methods (2024) 56:7440–7464  

 
 
 

      
  

      
  

 
 
 

     
    

 

      
   

 
 

  
        

 
 
 

    
      

 

        
 

 
 

       
 

 
      

 
 

  
       

 

 
       

 
 
 

     
    

 
   

      
 

        
       

 

      
  

 
 
 

 
         

 
     

  

 
 

      

 

       

 
 

     
  

 
 

   
     

 

 
 

        
  

 
 

     
   

 

       
 
 

  
       

           
 

       
 
 

  
      

 
 

        
 
 
 

        

        
   

    

 
       

 
 

  
       

De Jong, M. G., Steenkamp, J. B. E., Fox, J. P., & Baumgartner, H.
(2008). Using item response theory to measure extreme response
style in marketing research: A global investigation. Journal of 
Marketing Research, 45(1), 104–115. https://doi.org/10.1509/ 
jmkr.45.1.104

DeCastellarnau, A. (2018). A classifcation of response scale char-
acteristics that afect data quality: A literature review. Qual-
ity & Quantity, 52(4), 1523–1559. https://doi.org/10.1007/ 
s11135-017-0533-4 

Diener, E., Wirtz, D., Tov, W., Kim-Prieto, C., Choi, D. W., Oishi, S., 
& Biswas-Diener, R. (2010). New well-being measures: Short
scales to assess fourishing and positive and negative feelings.
Social Indicators Research, 97(2), 143–156. https://doi.org/10. 
1007/s11205-009-9493-y.pdf

Dolnicar, S., & Grün, B. (2009). Does one size ft all? The suitability
of answer formats for diferent constructs measured. Australa-
sian Marketing Journal, 17(1), 58–64. https://doi.org/10.1016/j. 
ausmj.2009.04.001

Donnellan, M. B., & Rakhshani, A. (2023). How does the number
of response options impact the psychometric properties of the
Rosenberg Self-Esteem Scale? Assessment, 30(6), 1737–1749.
https://doi.org/10.1177/10731911221119532

Dykema, J., Schaefer, N. C., Garbarski, D., Assad, N., & Blixt, S. 
(2022). Towards a reconsideration of the use of agree–disagree
questions in measuring subjective evaluations. Research in Social 
and Administrative Pharmacy, 18(2), 2335–2344. https://doi.org/ 
10.1016/j.sapharm.2021.06.014

Eid, M., & Rauber, M. (2000). Detecting measurement invariance
in organizational surveys. European Journal of Psychologi-
cal Assessment, 16(1), 20. https://doi.org/10.1027/1015-5759. 
16.1.20 

Eutsler, J., & Lang, B. (2015). Rating scales in accounting research:
The impact of scale points and labels. Behavioral Research in 
Accounting, 27(2), 35–51. https://doi.org/10.2308/bria-51219

Falk, C. F., & Cai, L. (2016). A fexible full-information approach to
the modeling of response styles. Psychological Methods, 21, 
328–347. https://doi.org/10.1037/met0000059

Faul, F., Erdfelder, E., Buchner, A., & Lang, A.-G. (2009). Statistical
power analyses using G*Power 3.1: Tests for correlation and
regression analyses. Behavior Research Methods, 41, 1149– 
1160. https://doi.org/10.3758/BRM.41.4.1149

Ferrando, P. J., & Lorenzo-Seva, U. (2010). Acquiescence as a source
of bias and model and person misft: A theoretical and empiri-
cal analysis. British Journal of Mathematical and Statistical 
Psychology, 63(2), 427–448. https://doi.org/10.1348/00071 
1009X470740 

Freund, P. A., Tietjens, M., & Strauss, B. (2013). Using rating scales
for the assessment of physical self-concept: Why the number of
response categories matters. Measurement in Physical Educa-
tion and Exercise Science, 17(4), 249–263. https://doi.org/10. 
1080/1091367X.2013.807265

Greenleaf, E. A. (1992). Improving rating scale measures by detect-
ing and correcting bias components in some response styles.
Journal of Marketing Research, 29(2), 176–188. https://doi. 
org/10.1177/002224379202900203

Gummer, T., & Kunz, T. (2021). Using only numeric labels instead 
of verbal labels: Stripping rating scales to their bare mini-
mum in web surveys. Social Science Computer Review, 39(5), 
1003–1029. https://doi.org/10.1177/0894439320951765

Hamby, T., & Levine, D. S. (2016). Response-scale formats and
psychological distances between categories. Applied Psycho-
logical Measurement, 40(1), 73–75. https://doi.org/10.1177/ 
0146621615597961 

Harzing, A. W., Baldueza, J., Barner-Rasmussen, W., Barzantny, C.,
Canabal, A., Davila, A., ..., & Zander, L. (2009). Rating versus
ranking: What is the best way to reduce response and language 

bias in cross-national research? International Business Review, 
18(4), 417–432. https://doi.org/10.1016/j.ibusrev.2009.03.001

Henninger, M. (2021). A novel partial credit extension using vary-
ing thresholds to account for response tendencies. Journal of 
Educational Measurement, 58(1), 104–129. https://doi.org/10. 
1111/jedm.12268

Henninger, M., & Meiser, T. (2020). Diferent approaches to mod-
eling response styles in divide-by-total item response theory
models (part 1): A model integration. Psychological Methods, 
25(5), 560–576. https://doi.org/10.1037/met0000249

Henninger, M., & Meiser, T. (2020). Diferent approaches to mod-
eling response styles in divide-by-total item response theory
models (part 2): Application and novel extensions. Psychologi-
cal Methods, 25(5), 577–595. https://doi.org/10.1037/met00 
00268 

Henninger, M., Plieninger, H., & Meiser, T. (2022). The efect of 
response formats on response style strength: An experimental 
comparison [Preprint]. PsyArXiv. https://doi.org/10.31234/ 
osf.io/5jxg7

Hofmans, J., & Theuns, P. (2010). Testing the impact of predefned
and self-defned end anchors on the linearity of the category
rating scale. Quality & Quantity, 44(3), 397–408. https://doi. 
org/10.1007/s11135-008-9209-4

Hofmans, J., Theuns, P., & Mairesse, O. (2007). Impact of the number
of response categories on linearity and sensitivity of self-anchor-
ing scales: A functional measurement approach. Methodology: 
European Journal of Research Methods for the Behavioral and 
Social Sciences, 3(4), 160–169. https://doi.org/10.1027/1614-
2241.3.4.160 

Hofmans, J., Theuns, P., & Van Acker, F. (2009). Combining quality
and quantity. A psychometric evaluation of the self-anchoring
scale. Quality & Quantity, 43(5), 703–716. https://doi.org/10. 
1007/s11135-007-9154-7

Huang, H. Y. (2016). Mixture random-efect IRT models for controlling
extreme response style on rating scales. Frontiers in Psychology, 
7. https://doi.org/10.3389/fpsyg.2016.01706

Huang, J. L., Curran, P. G., Keeney, J., Poposki, E. M., & DeShon, R.
P. (2012). Detecting and deterring insufcient efort responding 
to surveys. Journal of Business and Psychology, 27(1), 99–114.
https://doi.org/10.1007/s10869-011-9231-8

Jin, K.-Y., & Wang, W.-C. (2014). Generalized IRT models for extreme 
response style. Educational and Psychological Measurement, 
74(1), 116–138. https://doi.org/10.1177/0013164413498876

Keith, M. G., Tay, L., & Harms, P. D. (2017). Systems perspective of
Amazon Mechanical Turk for organizational research: Review 
and recommendations. Frontiers in Psychology, 8, 1359. https:// 
doi.org/10.3389/fpsyg.2017.01359

Khadka, J., Gothwal, V. K., McAlinden, C., Lamoureux, E. L., & Pesu-
dovs, K. (2012). The importance of rating scales in measuring
patient-reported outcomes. Health and Quality of Life Outcomes, 
10, 1–13. https://doi.org/10.1186/1477-7525-10-80

Khorramdel, L., & von Davier, M. (2014). Measuring response styles
across the big fve: A multiscale extension of an approach using
multinomial processing trees. Multivariate Behavioral Research, 
49(2), 161–177. https://doi.org/10.1080/00273171.2013.866536

Kieruj, N. D., & Moors, G. (2010). Variations in response style behav-
ior by response scale format in attitude research. International 
Journal of Public Opinion Research, 22(3), 320–342. https://doi. 
org/10.1093/ijpor/edq001

Kieruj, N. D., & Moors, G. (2013). Response style behavior: Ques-
tion format dependent or personal style? Quality & Quantity, 47, 
193–211. https://doi.org/10.1007/s11135-011-9511-4

Kim, N., & Bolt, D. M. (2021). A mixture IRTree model for extreme
response style: Accounting for response process uncertainty.
Educational and Psychological Measurement, 81(1), 131–154. 
https://doi.org/10.1177/0013164420913915 

https://doi.org/10.1509/jmkr.45.1.104
https://doi.org/10.1509/jmkr.45.1.104
https://doi.org/10.1007/s11135-017-0533-4
https://doi.org/10.1007/s11135-017-0533-4
https://doi.org/10.1007/s11205-009-9493-y.pdf
https://doi.org/10.1007/s11205-009-9493-y.pdf
https://doi.org/10.1016/j.ausmj.2009.04.001
https://doi.org/10.1016/j.ausmj.2009.04.001
https://doi.org/10.1177/10731911221119532
https://doi.org/10.1016/j.sapharm.2021.06.014
https://doi.org/10.1016/j.sapharm.2021.06.014
https://doi.org/10.1027/1015-5759.16.1.20
https://doi.org/10.1027/1015-5759.16.1.20
https://doi.org/10.2308/bria-51219
https://doi.org/10.1037/met0000059
https://doi.org/10.3758/BRM.41.4.1149
https://doi.org/10.1348/000711009X470740
https://doi.org/10.1348/000711009X470740
https://doi.org/10.1080/1091367X.2013.807265
https://doi.org/10.1080/1091367X.2013.807265
https://doi.org/10.1177/002224379202900203
https://doi.org/10.1177/002224379202900203
https://doi.org/10.1177/0894439320951765
https://doi.org/10.1177/0146621615597961
https://doi.org/10.1177/0146621615597961
https://doi.org/10.1016/j.ibusrev.2009.03.001
https://doi.org/10.1111/jedm.12268
https://doi.org/10.1111/jedm.12268
https://doi.org/10.1037/met0000249
https://doi.org/10.1037/met0000268
https://doi.org/10.1037/met0000268
https://doi.org/10.31234/osf.io/5jxg7
https://doi.org/10.31234/osf.io/5jxg7
https://doi.org/10.1007/s11135-008-9209-4
https://doi.org/10.1007/s11135-008-9209-4
https://doi.org/10.1027/1614-2241.3.4.160
https://doi.org/10.1027/1614-2241.3.4.160
https://doi.org/10.1007/s11135-007-9154-7
https://doi.org/10.1007/s11135-007-9154-7
https://doi.org/10.3389/fpsyg.2016.01706
https://doi.org/10.1007/s10869-011-9231-8
https://doi.org/10.1177/0013164413498876
https://doi.org/10.3389/fpsyg.2017.01359
https://doi.org/10.3389/fpsyg.2017.01359
https://doi.org/10.1186/1477-7525-10-80
https://doi.org/10.1080/00273171.2013.866536
https://doi.org/10.1093/ijpor/edq001
https://doi.org/10.1093/ijpor/edq001
https://doi.org/10.1007/s11135-011-9511-4
https://doi.org/10.1177/0013164420913915


7462 Behavior Research Methods (2024) 56:7440–7464  

 
  

       
 
 
 
 

 
 

  
       

 

 
        

 

 
 

  
       

 

 
      

  
 
 

       
 

          
 

 
       

 
 

 
 

        
 

 
 

       
 

  
       

 
       

       

 
 

      
   

 
  

      

 
 

       
 
 
 

  
       

 

     
   

 
        

 
 

    
    

 
 

    
    

 

       
 
 

       

   
        

 
     

   
 
 

  
       

 
       

 
       

    
 

     
  

 
 
 

         
 

 
        

 
 
 

   
     

Kim, S. (2012). A note on the reliability coefcients for item response
model-based ability estimates. Psychometrika, 77(1), 1153–62.
https://doi.org/10.1007/s11336-011-9238-0

Koskey, K. L. K., Sondergeld, T. A., Beltyukova, S. A., & Fox, C. M.
(2013). An experimental study using Rasch analysis to compare
absolute magnitude estimation and categorical rating scaling as
applied in survey research. Journal of Applied Measurement, 
14(3), 262–281.

Kreitchmann, R. S., Abad, F. J., Ponsoda, V., Nieto, M. D., & Morillo, 
D. (2019). Controlling for response biases in self-report scales:
Forced-choice vs. psychometric modeling of Likert items. Fron-
tiers in Psychology, 10, 2309. https://doi.org/10.3389/fpsyg. 
2019.02309 

Krosnick, J. A. (1991). Response strategies for coping with the cogni-
tive demands of attitude measures in surveys. Applied Cognitive 
Psychology, 5(3), 213–236. https://doi.org/10.1002/acp.23500 
50305 

Krosnick, J. A. (1999). Survey research. Annual Review of Psychology, 
50(1), 537–567.

Kulas, J. T., & Stachowski, A. A. (2013). Respondent rationale for
neither agreeing nor disagreeing: Person and item contributors to
middle category endorsement intent on Likert personality indica-
tors. Journal of Research in Personality, 47(4), 254–262. https://
doi.org/10.1016/j.jrp.2013.01.014

Kutscher, T., & Eid, M. (2020). The efect of rating scale length on
the occurrence of inappropriate category use for the assess-
ment of job satisfaction: an experimental online study. Journal 
of Well-Being Assessment, 4, 1–35. https://doi.org/10.1007/ 
s41543-020-00024-2 

Kutscher, T., Crayen, C., & Eid, M. (2017). Using a mixed IRT model
to assess the scale usage in the measurement of job satisfaction.
Frontiers in Psychology, 7, 1998. https://doi.org/10.3389/fpsyg. 
2016.01998 

Kutscher, T., Eid, M., & Crayen, C. (2019). Sample-size requirements
for applying mixed polytomous item response models: Results
of a Monte Carlo simulation study. Frontiers in Psychology, 10, 
2494. https://doi.org/10.3389/fpsyg.2019.02494

Lau M. Y. (2007). Extreme Response Style: An Empirical Investiga-
tion of the Efects of Scale Response Format Fatigue. (Doctoral
dissertation). Retrieved from ProQuest Dissertations and Theses
database. (UMI No. 3299156)

Lee, J., & Paek, I. (2014). In search of the optimal number of response
categories in a rating scale. Journal of Psychoeducational 
Assessment, 32(7), 663–673. https://doi.org/10.1177/07342 
82914522200 

Liu, M., Harbaugh, A. G., Harring, J. R., & Hancock, G. R. (2017).
The efect of extreme response and non-extreme response styles
on testing measurement invariance. Frontiers in Psychology, 8. 
https://doi.org/10.3389/fpsyg.2017.00726

Liu, M., & Keusch, F. (2017). Efects of scale direction on response
style of ordinal rating scales. Journal of Ofcial Statistics, 33(1),
137–154. https://doi.org/10.1515/jos-2017-0008

Liu, M., Lee, S., & Conrad, F. G. (2015). Comparing extreme response
styles between agree-disagree and item-specifc scales. Public 
Opinion Quarterly, 79(4), 952–975. https://doi.org/10.1093/poq/ 
nfv034 

Lozano, L. M., García-Cueto, E., & Muñiz, J. (2008). Efect of the
number of response categories on the reliability and validity of 
rating scales. Methodology, 4(2), 73–79. https://doi.org/10.1027/ 
1614-2241.4.2.73 

Lyu, W., & Bolt, D. M. (2022). A psychometric model for respondent-
level anchoring on self-report rating scale instruments. British 
Journal of Mathematical and Statistical Psychology, 75(1), 
116–135. https://doi.org/10.1111/bmsp.12251 

Mason, W., & Suri, S. (2012). Conducting behavioral research on 
Amazon’s Mechanical Turk. Behavior Research Methods, 44(1),
1–23. https://doi.org/10.3758/s13428-011-0124-6

Maydeu-Olivares, A., Kramp, U., García-Forero, C., Gallardo-Pujol,
D., & Cofman, D. (2009). The efect of varying the number
of response alternatives in rating scales: Experimental evidence
from intra-individual efects. Behavior Research Methods, 41(1),
295–308. https://doi.org/10.3758/BRM.41.2.295

McCredie, M. N., & Morey, L. C. (2018). Who are the Turkers? A
characterization of MTurk workers using the personality assess-
ment inventory. Assessment, 26(5), 759–766. https://doi.org/10. 
1177/1073191118760709

Meiser, T., & Machunsky, M. (2008). The personal structure of per-
sonal need for structure. European Journal of Psychological 
Assessment, 24(1), 27–34. https://doi.org/10.1027/1015-5759. 
24.1.27 

Merhof, V., & Meiser, T. (2023). Dynamic response strategies:
Accounting for response process heterogeneity in IRTree deci-
sion nodes. Psychometrika, 88(4), 1354–1380. https://doi.org/ 
10.1007/s11336-023-09901-0

Merhof, V., Böhm, C. M., & Meiser, T. (2023). Separation of traits and
extreme response style in IRTree models: The role of mimicry
efects for the meaningful interpretation of estimates. Educa-
tional and Psychological Measurement, 0(0). https://doi.org/10. 
1177/00131644231213319

Miller, G. A. (1956). The magical number seven, plus or minus two:
Some limits on our capacity for processing information. Psycho-
logical Review, 63(2), 81–97. https://doi.org/10.1037/h0043158

Moors, G. (2008). Exploring the efect of a middle response category
on response style in attitude measurement. Quality & Quantity, 
42, 779–794. https://doi.org/10.1007/s11135-006-9067-x

Moors, G. (2012). The efect of response style bias on the measure-
ment of transformational, transactional, and laissez-faire leader-
ship. European Journal of Work and Organizational Psychology, 
21(2), 271–298. https://doi.org/10.1080/1359432X.2010.550680

Morren, M., Gelissen, J., & Vermunt, J. (2012). The impact of con-
trolling for extreme responding on measurement equivalence in
cross-cultural research. Methodology. https://doi.org/10.1027/ 
1614-2241/a000048

Moors, G., Kieruj, N. D., & Vermunt, J. K. (2014). The efect of
labeling and numbering of response scales on the likelihood
of response bias. Sociological Methodology, 44(1), 369–399.
https://doi.org/10.1177/0081175013516114

Mõttus, R., Allik, J., Realo, A., Rossier, J., Zecca, G., Ah-Kion, J., 
..., & Johnson, W. (2012). The efect of response style on self-
reported conscientiousness across 20 countries. Personality and 
Social Psychology Bulletin, 38(11), 1423-1436. https://doi.org/ 
10.1177/014616721245127

Muraki, E. (1997). A Generalized Partial Credit Model. In W. J. van
der Linden & R. K. Hambleton (Eds.), Handbook of Mod-
ern Item Response Theory. Springer. https://doi.org/10.1007/ 
978-1-4757-2691-6_9 

Murray, A. L., Booth, T., & Molenaar, D. (2016). When middle really
means “top” or “bottom”: An analysis of the 16PF5 using Bock’s
nominal response model. Journal of Personality Assessment, 
98(3), 319–331. https://doi.org/10.1080/00223891.2015.1095197

Müssig, M., Kubiak, J., & Eglof, B. (2022). The agony of choice:
Acceptance, efciency, and psychometric properties of question-
naires with diferent numbers of response options. Assessment, 
29(8), 1700–1713. https://doi.org/10.1177/10731911211029379 

Myers, L., & Sirois, M. J. (2004). Spearman correlation coefcients, 
diferences between. In S. Kotz, C. B. Read, N. Balakrishnan, B. 
Vidakovic, & N. L. Johnson (Eds.), Encyclopedia of Statistical 
Sciences(S. ess5050). John Wiley & Sons, Inc. https://doi.org/ 
10.1002/0471667196.ess5050 

https://doi.org/10.1007/s11336-011-9238-0
https://doi.org/10.3389/fpsyg.2019.02309
https://doi.org/10.3389/fpsyg.2019.02309
https://doi.org/10.1002/acp.2350050305
https://doi.org/10.1002/acp.2350050305
https://doi.org/10.1016/j.jrp.2013.01.014
https://doi.org/10.1016/j.jrp.2013.01.014
https://doi.org/10.1007/s41543-020-00024-2
https://doi.org/10.1007/s41543-020-00024-2
https://doi.org/10.3389/fpsyg.2016.01998
https://doi.org/10.3389/fpsyg.2016.01998
https://doi.org/10.3389/fpsyg.2019.02494
https://doi.org/10.1177/0734282914522200
https://doi.org/10.1177/0734282914522200
https://doi.org/10.3389/fpsyg.2017.00726
https://doi.org/10.1515/jos-2017-0008
https://doi.org/10.1093/poq/nfv034
https://doi.org/10.1093/poq/nfv034
https://doi.org/10.1027/1614-2241.4.2.73
https://doi.org/10.1027/1614-2241.4.2.73
https://doi.org/10.1111/bmsp.12251
https://doi.org/10.3758/s13428-011-0124-6
https://doi.org/10.3758/BRM.41.2.295
https://doi.org/10.1177/1073191118760709
https://doi.org/10.1177/1073191118760709
https://doi.org/10.1027/1015-5759.24.1.27
https://doi.org/10.1027/1015-5759.24.1.27
https://doi.org/10.1007/s11336-023-09901-0
https://doi.org/10.1007/s11336-023-09901-0
https://doi.org/10.1177/00131644231213319
https://doi.org/10.1177/00131644231213319
https://doi.org/10.1037/h0043158
https://doi.org/10.1007/s11135-006-9067-x
https://doi.org/10.1080/1359432X.2010.550680
https://doi.org/10.1027/1614-2241/a000048
https://doi.org/10.1027/1614-2241/a000048
https://doi.org/10.1177/0081175013516114
https://doi.org/10.1177/014616721245127
https://doi.org/10.1177/014616721245127
https://doi.org/10.1007/978-1-4757-2691-6_9
https://doi.org/10.1007/978-1-4757-2691-6_9
https://doi.org/10.1080/00223891.2015.1095197
https://doi.org/10.1177/10731911211029379
https://doi.org/10.1002/0471667196.ess5050
https://doi.org/10.1002/0471667196.ess5050


7463 Behavior Research Methods (2024) 56:7440–7464  

 

  
       

   
        

 

     
    

         

      
  

 
 

        

 

 
      

   
 
 
 
 

     
   

 
 

    
 

 
 

  
            

 
 

 
        

 

 
        

 
 

      
  

 
 

  
       

 
 
 

        
 

 
  

        
 
 

        
 
 

        
 
 

 
     

 
           

 

 
 

      
 
 

  
        

 
 

       

 
 

  

 
    

              
        

 
 
 

       
 
 

  
     

 
 
 

   
     

 
 
 

        
  

 

 
  

       
 
 

Nadler, J. T., Weston, R., & Voyles, E. C. (2015). Stuck in the middle:
The use and interpretation of mid-points in items on question-
naires. The Journal of General Psychology, 142, 71–89. https://
doi.org/10.1080/00221309.2014.994590

Naemi, B. D., Beal, D. J., & Payne, S. C. (2009). Personality predic-
tors of extreme response style. Journal of Personality, 77(1), 
261–286. https://doi.org/10.1111/j.1467-6494.2008.00545.x

Navarro-González, D., Lorenzo-Seva, U., & Vigil-Colet, A. (2016).
How response bias afects the factorial structure of personal-
ity self-reports. Psicothema, 28(4), 465–470. https://doi.org/10. 
7334/psicothema2016.113

Paulhus, D. L. (1991). Measurement and control of response bias. 
Academic Press. https://doi.org/10.1016/B978-0-12-590241-0. 
50006-X 

Peer, E., Vosgerau, J., & Acquisti, A. (2014). Reputation as a sufcient 
condition for data quality on Amazon Mechanical Turk. Behav-
ior Research Methods, 46, 1023–1031. https://doi.org/10.3758/ 
s13428-013-0434-y

Plieninger, H. (2017). Mountain or molehill? A simulation study on
the Impact of response styles. Educational and Psychological 
Measurement, 77(1), 32–53. https://doi.org/10.1177/0013164416 
636655 

Podsakof, P. M., MacKenzie, S. B., Lee, J. Y., & Podsakof, N. P. 
(2003). Common method biases in behavioral research: A criti-
cal review of the literature and recommended remedies. Journal 
of Applied Psychology, 88(5), 879–903. https://doi.org/10.1037/ 
0021-9010.88.5.879 

Primi, R., Hauck-Filho, N., Valentini, F., & Santos, D. (2020). Classical
perspectives of controlling acquiescence with balanced scales. 
In M. Wiberg, D. Molenaar, J. González, U. Böckenholt, & J.-S.
Kim (Eds.), Quantitative Psychology (Bd. 322, S. 333–345). 
Springer International Publishing. https://doi.org/10.1007/978-
3-030-43469-4_25 

R Core Team. (2022). R: A language and environment for statistical 
computing. R Foundation for Statistical Computing. URL https://
www.R-project.org/. Accessed 30 Apr 2024.

Ramirez-Maestre, C., Correa, M., Rivas, T., Lopez-Martinez, A. E.,
Serrano-Ibáñez, E. R., & Esteve, R. (2017). Psychometric char-
acteristics of the Flourishing Scale-Spanish Version (FS-SV).
The factorial structure in two samples: Students and patients with
chronic pain. Personality and Individual Diferences, 117, 30–36. 
https://www.centroemociones.es/media/material/escala_de_pleni
tud.pdf. Accessed 30 Apr 2024.

Rammstedt, B., & John, O. P. (2007). Measuring personality in one
minute or less: A 10-item short version of the Big Five Inven-
tory in English and German. Journal of Research in Personality, 
41(1), 203–212. https://doi.org/10.1016/j.jrp.2006.02.001

Reynolds, N., & Smith, A. (2010). Assessing the impact of response
styles on cross-cultural service quality evaluation: A simpli-
fed approach to eliminating the problem. Journal of Service 
Research, 13(2), 230–243. https://doi.org/10.1177/1094670509 
360408 

Robins, R. W., Hendin, H. M., & Trzesniewski, K. H. (2001). Meas-
uring global self-esteem: Construct validation of a single-item
measure and the Rosenberg Self-Esteem Scale. Personality and 
Social Psychology Bulletin, 27, 151–161. https://doi.org/10.1177/ 
0146167201272002 

Rossi, P. E., Gilula, Z., & Allenby, G. M. (2001). Overcoming scale
usage heterogeneity: A Bayesian hierarchical approach. Journal 
of the American Statistical Association, 96(453), 20–31. https://
doi.org/10.1198/016214501750332668

Sass, R., Frick, S., Reips, U.-D., & Wetzel, E. (2020). Taking the test
taker’s perspective: response process and test motivation in
multidimensional forced-choice versus rating scale instruments.
Assessment, 27(3), 572–584. https://doi.org/10.1177/10731 
91118762049 

Savalei, V., & Falk, C. F. (2014). Recovering substantive factor load-
ings in the presence of acquiescence bias: A comparison of three
approaches. Multivariate Behavioral Research, 49(5), 407–424. 
https://doi.org/10.1080/00273171.2014.931800

Scharl, A., & Gnambs, T. (2022). The impact of diferent methods to
correct for response styles on the external validity of self-reports.
European Journal of Psychological Assessment, 1015-5759/
a000731. https://doi.org/10.1027/1015-5759/a000731

Schoenmakers, M., Tijmstra, J., Vermunt, J., & Bolsinova, M.
(2023). Correcting for extreme response style: Model choice 
matters. Educational and Psychological Measurement, 
001316442311558. https://doi.org/10.1177/00131644231155838

Schwarz, N., Knäuper, B., Hippler, H. J., Noelle-Neumann, E., &
Clark, L. (1991). Rating scales numeric values may change the
meaning of scale labels. Public Opinion Quarterly, 55(4), 570–
582. https://doi.org/10.1086/269282

Schwarzer, R., & Jerusalem, M. (1995). Generalized Self-Efcacy
scale. In J. Weinman, S. Wright, & M. Johnston (Eds.), Measures 
in health psychology: A user’s portfolio (pp. 35–37). Causal and
control beliefs NFER-N. 

Sclove, S. L. (1987). Application of model-selection criteria to some
problems in multivariate analysis. Psychometrika, 52(3), 333–
343. https://doi.org/10.1007/BF02294360

Sen, S., & Cohen, A. S. (2023). The impact of sample size and various
other factors on estimation of dichotomous mixture IRT models. 
Educational and Psychological Measurement, 83(3), 520–555. 
https://doi.org/10.1177/00131644221094325

Simms, L. J., Zelazny, K., Williams, T. F., & Bernstein, L. (2019).
Does the number of response options matter? Psychometric
perspectives using personality questionnaire data. Psycho-
logical Assessment, 31(4), 557. https://doi.org/10.1037/pas00 
00648 

Smith, E. V., Jr., Ying, Y., & Brown, S. W. (2011). Using the Mixed
Rasch Model to analyze data from the beliefs and attitudes
about memory survey. Journal of Applied Measurement, 13(1),
23–40. 

Statistics Solutions. (n.d.). Spearman Correlation: Two-tailed test.
[WWW Document]. Retrieved from https://www.statistics
solutions.com/wp-content/uploads/wp-post-to-pdf-enhanced-
cache/1/spearman-correlation-2-tailed.pdf. Accessed 30 Apr 
2024. 

Sung, Y.-T., & Wu, J.-S. (2018). The visual analogue scale for rating,
ranking and paired-comparison (VAS-RRP): A new technique
for psychological measurement. Behavior Research Methods, 
50(4), 1694–1715. https://doi.org/10.3758/s13428-018-1041-8

Swait, J., & Adamowicz, W. (2001). The infuence of task complexity
on consumer choice: A latent class model of decision strategy
switching. Journal of Consumer Research, 28(1), 135–148. 
https://doi.org/10.1086/321952

Taherdoost, H. (2019). What is the best response scale for survey
and questionnaire design; review of diferent lengths of rating
scale / attitude scale / Likert scale. International Journal of 
Academic Research in Management, 8(1):1–10. https://ssrn. 
com/abstract=3588604. Accessed 30 Apr 2024.

Tempelaar, D., Rienties, B., & Nguyen, Q. (2020). Subjective data,
objective data and the role of bias in predictive modelling:
Lessons from a dispositional learning analytics application.
PLOS ONE, 15(6), e0233977. https://doi.org/10.1371/journal. 
pone.0233977

Tourangeau, R., Rips, L. J., & Rasinski, K. (2000). The psychology 
of survey response. Cambridge University Press.

Tutz, G., Schauberger, G., & Berger, M. (2018). Response styles in the
partial credit model. Applied Psychological Measurement, 42(6),
407–427. https://doi.org/10.1177/0146621617748322

Ulitzsch, E., Lüdtke, O., & Robitzsch, A. (2023). The role of response
style adjustments in cross-country comparisons—A case study 

https://doi.org/10.1080/00221309.2014.994590
https://doi.org/10.1080/00221309.2014.994590
https://doi.org/10.1111/j.1467-6494.2008.00545.x
https://doi.org/10.7334/psicothema2016.113
https://doi.org/10.7334/psicothema2016.113
https://doi.org/10.1016/B978-0-12-590241-0.50006-X
https://doi.org/10.1016/B978-0-12-590241-0.50006-X
https://doi.org/10.3758/s13428-013-0434-y
https://doi.org/10.3758/s13428-013-0434-y
https://doi.org/10.1177/0013164416636655
https://doi.org/10.1177/0013164416636655
https://doi.org/10.1037/0021-9010.88.5.879
https://doi.org/10.1037/0021-9010.88.5.879
https://doi.org/10.1007/978-3-030-43469-4_25
https://doi.org/10.1007/978-3-030-43469-4_25
https://www.R-project.org/
https://www.R-project.org/
https://www.centroemociones.es/media/material/escala_de_plenitud.pdf
https://www.centroemociones.es/media/material/escala_de_plenitud.pdf
https://doi.org/10.1016/j.jrp.2006.02.001
https://doi.org/10.1177/1094670509360408
https://doi.org/10.1177/1094670509360408
https://doi.org/10.1177/0146167201272002
https://doi.org/10.1177/0146167201272002
https://doi.org/10.1198/016214501750332668
https://doi.org/10.1198/016214501750332668
https://doi.org/10.1177/1073191118762049
https://doi.org/10.1177/1073191118762049
https://doi.org/10.1080/00273171.2014.931800
https://doi.org/10.1027/1015-5759/a000731
https://doi.org/10.1177/00131644231155838
https://doi.org/10.1086/269282
https://doi.org/10.1007/BF02294360
https://doi.org/10.1177/00131644221094325
https://doi.org/10.1037/pas0000648
https://doi.org/10.1037/pas0000648
https://www.statisticssolutions.com/wp-content/uploads/wp-post-to-pdf-enhanced-cache/1/spearman-correlation-2-tailed.pdf
https://www.statisticssolutions.com/wp-content/uploads/wp-post-to-pdf-enhanced-cache/1/spearman-correlation-2-tailed.pdf
https://www.statisticssolutions.com/wp-content/uploads/wp-post-to-pdf-enhanced-cache/1/spearman-correlation-2-tailed.pdf
https://doi.org/10.3758/s13428-018-1041-8
https://doi.org/10.1086/321952
https://ssrn.com/abstract=3588604
https://ssrn.com/abstract=3588604
https://doi.org/10.1371/journal.pone.0233977
https://doi.org/10.1371/journal.pone.0233977
https://doi.org/10.1177/0146621617748322


7464 Behavior Research Methods (2024) 56:7440–7464  

     
 

 
 

      

 
 
 

    
    

 
 

 
 

  

 
 

        
 
 

    
   

       
 
 

     
   

 
 
 

     
     

 

 
       

 
  

      
 
 
 

 
 
 

  
       

 

 

         
 

 
    

       
 
 

        
 
 

  
     

 
 

  
        

          

    
     

 
 
 

  
      

 
 

    
    

 
 

  
      

 
 

  
        

 
 

 

 

using data from the PISA 2015 questionnaire. Educational Meas-
urement: Issues and Practice, n/a(n/a). https://doi.org/10.1111/ 
emip.12552

Van Vaerenbergh, Y., & Thomas, T. D. (2013). Response styles in sur-
vey research: A literature review of antecedents, consequences,
and remedies. International Journal of Public Opinion Research, 
25(2), 195–217. https://doi.org/10.1093/ijpor/eds021

Vermunt, J. K., & Magidson, J. (2021). LG-syntax user’s guide: man-
ual for latent gold syntax module version 6.0. Statistical Innova-
tions Inc. 

Viswanathan, M., Sudman, S., & Johnson, M. (2004). Maximum versus
meaningful discrimination in scale response: Implications for
validity of measurement of consumer perceptions about products.
Journal of Business Research, 57(2), 108–124. https://doi.org/ 
10.1016/S0148-2963(01)00296-X

Von Davier, M., & Carstensen, C. H. (2007). Multivariate and mixture 
distribution Rasch models. Springer Science+ Business Media, 
LLC. 

von Davier, M., & Yamamoto, K. (2007). Mixture-distribution and
HYBRID Rasch models. In M. von Davier & C. H. Carstensen 
(Eds.), Multivariate and mixture distribution Rasch models (pp.
99–115). Springer.

Wang, W.-C., & Wu, S.-L. (2011). The random-efect generalized
rating scale model. Journal of Educational Measurement, 48, 
441–456. https://doi.org/10.1111/j.1745-3984.2011.00154.x

Weathers, D., Sharma, S., & Niedrich, R. W. (2005). The impact of
the number of scale points, dispositional factors, and the status
quo decision heuristic on scale reliability and response accuracy. 
Journal of Business Research, 58(11), 1516–1524. https://doi. 
org/10.1016/j.jbusres.2004.08.002

Weijters, B., Schillewaert, N., & Geuens, M. (2008). Assessing
response styles across modes of data collection. Journal of the 
Academy of Marketing Science, 36, 409–422. https://doi.org/10. 
1007/s11747-007-0077-6

Weijters, B., Cabooter, E., & Schillewaert, N. (2010). The efect of
rating scale format on response styles: The number of response
categories and response category labels. International Journal 
of Research in Marketing, 27(3), 236–247. https://doi.org/10. 
1016/j.ijresmar.2010.02.004

Weijters, B., Geuens, M., & Schillewaert, N. (2010). The individual
consistency of acquiescence and extreme response style in self-
report questionnaires. Applied Psychological Measurement, 
34(2), 105–121. https://doi.org/10.1177/0146621609338593

Weijters, B., Geuens, M., & Schillewaert, N. (2010). The stability 
of individual response styles. Psychological Methods, 15(1),
96–110. https://doi.org/10.1037/a0018721

Wetzel, E., Böhnke, J. R., & Brown, A. (2016). Response biases. In
F. T. L. Leong, D. Bartram, F. Cheung, K. F. Geisinger, & D.
Iliescu (Eds.), The ITC international handbook of testing and 
assessment (pp. 349–363). Oxford University Press.

Wetzel, E., Böhnke, J. R., & Rose, N. (2016). A simulation study on
methods of correcting for the efects of extreme response style.
Educational and Psychological Measurement, 76(2), 304–324. 
https://doi.org/10.1177/0013164415591848

Weijters, B., Millet, K., & Cabooter, E. (2021). Extremity in horizon-
tal and vertical Likert scale format responses. Some evidence 

on how visual distance between response categories infuences
extreme responding. International Journal of Research in Mar-
keting, 38(1), 85–103. https://doi.org/10.1016/j.ijresmar.2020. 
04.002 

Wetzel, E., & Carstensen, C. H. (2014). Reversed thresholds in partial
credit models: A reason for collapsing categories? Assessment, 
21(6), 765–774. https://doi.org/10.1177/1073191114530775

Wetzel, E., & Carstensen, C. H. (2017). Multidimensional modeling of traits
and response styles. European Journal of Psychological Assessment, 
33, 352–364. https://doi.org/10.1027/1015-5759/a000291

Wetzel, E., & Frick, S. (2020). Comparing the validity of trait estimates
from the multidimensional forced-choice format and the rating
scale format. Psychological Assessment, 32(3), 239–253. https://
doi.org/10.1037/pas0000781

Wetzel, E., Carstensen, C. H., & Böhnke, J. R. (2013). Consistency of
extreme response style and non-extreme response style across
traits. Journal of Research in Personality, 47(2), 178–189. 
https://doi.org/10.1016/j.jrp.2012.10.010

Wetzel, E., Frick, S., & Greif, S. (2020). The multidimensional forced-
choice format as an alternative for rating scales. European Jour-
nal of Psychological Assessment, 36, 511–515. https://doi.org/ 
10.1027/1015-5759/a000609

Wetzel, E., Frick, S., & Brown, A. (2021). Does multidimensional 
forced-choice prevent faking? Comparing the susceptibility of
the multidimensional forced-choice format and the rating scale
format to faking. Psychological Assessment, 33(2), 156–170.
https://doi.org/10.1037/pas0000971

Wu, P. C., & Huang, T. W. (2010). Person heterogeneity of the BDI-II-
C and its efects on dimensionality and construct validity: Using
mixture item response models. Measurement and Evaluation in 
Counseling and Development, 43(3), 155–167. https://doi.org/ 
10.1177/0748175610384808

Xu, M. L., & Leung, S. O. (2018). Efects of varying numbers of Likert
scale points on factor structure of the Rosenberg Self-Esteem
Scale. Asian Journal of Social Psychology, 21(3), 119–128.
https://doi.org/10.1111/ajsp.12214

Zhang, X., Zhou, L., & Savalei, V. (2023). Comparing the psychomet-
ric properties of a scale across three Likert and three alternative
formats: An application to the Rosenberg Self-Esteem Scale.
Educational and Psychological Measurement, 83(4), 649–683. 
https://doi.org/10.1177/00131644221111402

Ziegler, M., & Kemper, C. J. (2013). Extreme response style and faking:
Two sides of the same coin. In P. Winker, N. Menold, & R. Porst 
(Eds.), Interviewers deviations in surveys–impact, reasons, detec-
tion and prevention (pp. 217–233). Frankfurt am Main Peter Lang. 

Publisher's Note Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional afliations. 

Open Practices Statement Data or materials for the experiment are 
available upon request, and the experiment was not preregistered. 

https://doi.org/10.1111/emip.12552
https://doi.org/10.1111/emip.12552
https://doi.org/10.1093/ijpor/eds021
https://doi.org/10.1016/S0148-2963(01)00296-X
https://doi.org/10.1016/S0148-2963(01)00296-X
https://doi.org/10.1111/j.1745-3984.2011.00154.x
https://doi.org/10.1016/j.jbusres.2004.08.002
https://doi.org/10.1016/j.jbusres.2004.08.002
https://doi.org/10.1007/s11747-007-0077-6
https://doi.org/10.1007/s11747-007-0077-6
https://doi.org/10.1016/j.ijresmar.2010.02.004
https://doi.org/10.1016/j.ijresmar.2010.02.004
https://doi.org/10.1177/0146621609338593
https://doi.org/10.1037/a0018721
https://doi.org/10.1177/0013164415591848
https://doi.org/10.1016/j.ijresmar.2020.04.002
https://doi.org/10.1016/j.ijresmar.2020.04.002
https://doi.org/10.1177/1073191114530775
https://doi.org/10.1027/1015-5759/a000291
https://doi.org/10.1037/pas0000781
https://doi.org/10.1037/pas0000781
https://doi.org/10.1016/j.jrp.2012.10.010
https://doi.org/10.1027/1015-5759/a000609
https://doi.org/10.1027/1015-5759/a000609
https://doi.org/10.1037/pas0000971
https://doi.org/10.1177/0748175610384808
https://doi.org/10.1177/0748175610384808
https://doi.org/10.1111/ajsp.12214
https://doi.org/10.1177/00131644221111402

	Psychometric benefits of self-chosen rating scales over given rating scales
	Abstract
	Introduction
	Inappropriate category use as a source of bias for validity and reliability
	Rating scales and inappropriate category use
	The present paper
	Research questions and hypotheses

	Methods
	Data collection and sample
	Study design
	Measures
	Statistical analyses

	Results
	Descriptive statistics for flourishing items
	Best model solutions
	Scale usage
	Class-specific category use in the self-chosen condition
	Class-specific category use in the given condition
	Expected frequency distributions
	Ordinary response behavior in conditions
	Correlations between flourishing trait values and external variables in conditions
	Reliability

	Discussion
	Occurrence of ICU and psychometric properties of self-chosen rating scales
	Limitations and future research

	Conclusions
	References




