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Chapter 5 

Conscientiousness in the Workplace: 
Applying Mixture IRT to Investigate 
Scalability and Predictive Validity 

 
 
 
 

Abstract 
Mixture item response theory (IRT) models have been used to assess 
multidimensionality of the construct being measured and to detect different 
response styles for different groups. In this study a mixture version of the graded 
response model was applied to investigate scalability and predictive validity for a 
Conscientiousness scale in a career development context (N = 9283). A four-class 
solution yielded the most interpretable results. The classes differed mainly with 
respect to their scores on the subscales Perfectionism and Concentration. Results 
showed that Conscientiousness may be qualitatively different for different groups of 
persons and that the predictive validity of the test scores improved for persons in 
different classes as compared to fitting a unidimensional IRT model. Implications of 
this study for personality assessment are discussed. 
 
 
 
 
 
 
This chapter has been published as:  
Egberink, I. J. L., Meijer, R. R., & Veldkamp, B. P. (2010). Conscientiousness in the 
workplace: Applying mixture IRT to investigate scalability and predictive validity. 
Journal of Research in Personality, 44, 232-244. 
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5.1 Introduction 
Conscientiousness is one of the most important personality traits in the workplace 
assessed by applied researchers and psychologists because it predicts different types 
of job performance and various outcomes related to social functioning (e.g., Barrick 
& Mount, 1991; Barrick, Mount, & Judge, 2001; Dudley, Orvis, Lebiecki, & Cortina, 
2006; Roberts, Chernyshenko, Stark, & Goldberg, 2005). Results of several studies 
show, however, that it is important to pay attention to the lower-order structure of 
Conscientiousness, in particular to assess predictor-criterion relationships in 
industrial and organizational (I/O) psychology. For example, Dudley et al. (2006) 
specified four narrow traits (achievement, order, cautiousness, and dependability) 
and examined the predictive power of these narrow traits. They found that narrow 
traits do have incremental validity above and beyond global Conscientiousness, 
although the incremental validity depended on the particular performance criteria 
and the occupation in question. 

An interesting alternative to obtain more detailed information about the lower-
order constructs of Conscientiousness is to consider Conscientiousness scales and 
subscales from an individual perspective. This would lead to a more person-centered 
approach instead of a variable-centered approach, which is more common in 
personality research. In a variable- centered approach the relation between items and 
subsets of items are the main focus of interest, whereas in a person-centered 
approach the main focus is on the person and differences between persons (e.g., 
differences in the use of the response scale at the individual level). From a 
psychological assessment point of view, it is most interesting to investigate whether 
there are individual differences in the way subsets of items are interpreted. This is 
important in personality assessment because if there are differences, this may affect 
individual classification and the predictive validity of individual test scores (e.g., 
Austin, Deary, & Egan, 2006; Weekers & Meijer, 2008). 

With the increasing popularity of item response theory (IRT, e.g., Embretson & 
Reise, 2000) models, techniques have been proposed to analyze individual response 
patterns and to uncover subgroups that have different probabilities to endorse an 
item. One such technique is mixture IRT (e.g., Rost, 1990; Rost & Langeheine, 
1997). Mixture IRT models combine latent class models and IRT models by 
identifying groups of individuals (i.e., latent classes, instead of manifest classes, such 
as gender or age) within a given sample for whom a specific IRT model is applicable. 
These classes differ from each other with regard to their use of the response scale. 
Mixture IRT models have been applied in the personality domain for different 
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purposes. Reise and Gomel (1995) suggested that mixture IRT models can be of 
help to uncover groups of persons who are qualitatively distinct with respect to the 
probability of endorsing a particular set of items. That is, groups of persons may 
differ in the way a psychological construct is applicable. Eid and Zickar (2007) used 
mixture IRT models in the personality domain to uncover faking and response 
styles. Mixture IRT models have also been applied in other research domains. For 
example, Eid and Rauber (2000) used these models to detect measurement 
invariance in organizational surveys and Muthén and Asparouhov (2006) applied 
these models to investigate tobacco dependence criteria.  

The aim of the present study was threefold: (1) to investigate the number of 
classes that differ systematically in their response scale usage of a Conscientiousness 
scale consisting of four lower-order constructs (Perfectionism, Organization, 
Concentration, and Methodicalness), (2) to explore the characteristics that 
distinguish the particular classes, and (3) to evaluate the predictive validity of the 
mixture IRT trait estimates as compared to the estimates under a unidimensional 
IRT model by relating the estimates to an external criterion measure. Therefore, we 
first discuss (a) research concerning the structure of Conscientiousness and its 
predictive validity, (b) the principles of IRT and mixture IRT, and (c) some recent 
applications of mixture IRT. Second, we apply mixture IRT to a Conscientiousness 
scale and discuss the differences between the classes with respect to the scalability 
and the predictive validity of the mixture IRT trait estimates compared to the 
unidimensional IRT trait estimates. Finally, we reflect on the usefulness of this 
method for personality assessment. 
 

5.2 The Structure and the Predictive Validity of 
Conscientiousness 

5.2.1 Structure of Conscientiousness 

There are different personality questionnaires that take Conscientiousness into 
account, sometimes consisting of different subscales. Also, the theoretical and 
empirical underpinnings of these different questionnaires may differ. Therefore, 
several researchers investigated the lower-order structure of Conscientiousness by 
analyzing item content and factor analyzing different questionnaires. For example, 
Saucier and Ostendorf (1999) examined the structure of 500 adjectives of the Big 
Five. For the Conscientiousness factor, they found four subcomponents 
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(orderliness, decisiveness-consistency, reliability, and industriousness). Peabody and 
De Raad (2002) combined the results of six studies in different languages to develop 
a lower-order structure for each Big Five factor. For Conscientiousness, they 
identified the subcomponents orderliness, work, responsibility, and impulse control 
as only related to Conscientiousness.  

In general, different studies that examined the lower-order structure of 
Conscientiousness (e.g., MacCann, Duckworth, & Roberts, 2009; Peabody & De 
Raad, 2002; Perugini & Gallucci, 1997; Roberts, Bogg, Walton, Chernyshenko, & 
Stark, 2004; Roberts et al., 2005; Saucier & Ostendorf, 1999) identified three 
common subcomponents, related only to Conscientiousness and not to another Big 
Five factor: orderliness (i.e., being neat and organized), industriousness (i.e., hard 
working and being ambitious), and impulse control (i.e., being careful, patient, and 
cautious). A sometimes identified fourth subcomponent is responsibility, also 
labeled as reliability and dependability (i.e., being trustworthy, responsible, and 
dependable). However, this subcomponent is often suggested to be a mix of 
Conscientiousness and Agreeableness (MacCann et al., 2009) or a mix of 
Conscientiousness and Emotional Stability (Roberts et al., 2005).   

In the present study, we used a subscale measuring Perfectionism which is 
sometimes also considered a mix of Conscientiousness and Neuroticism (e.g., 
Roberts et al., 2005). Hamachek (1978) distinguished two forms of Perfectionism, a 
positive form called ‘normal perfectionism’ (persons who enjoy pursuing their 
perfectionistic strivings) and a negative form called ‘neurotic perfectionism’ (persons 
who suffer from their perfectionistic strivings).  

5.2.2 Predictive Validity of Conscientiousness 

In I/O psychology several researchers noticed that it is important to pay attention to 
the lower-order structure of the construct of interest when assessing predictor-
criterion relationships (see Hough & Ones, 2001; Hough & Oswald, 2000; 
Paunonen & Ashton, 2001; Paunonen, Haddock, Forsterling, & Keinonen, 2003). In 
a meta-analysis, Hurtz and Donovan (2000) found an average corrected criterion-
related validity between global Conscientiousness and job performance of r = .22. 
Although broad trait measures generally maximize prediction of overall job 
performance, narrow trait measures maximize the predictive validity of specific 
criteria. In order to maximize the validity of narrow traits, traits must be selected on 
the basis of strong a priori linkages to a criterion. Furthermore, narrow traits may 
help to understand the personality-based causes of individual differences in working 
behavior (e.g., Hough & Ones, 2001). 
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Roberts et al. (2005) compared the criterion-related validity of the six subscales 
they found (industriousness, order, self-control, responsibility, traditionalism, and 
virtue) to the criterion-related validity of the overall Conscientiousness scale. Results 
showed that the subscales had a higher criterion-related validity than the 
Conscientiousness scale in nearly all cases (see also Dudley et al., 2006). 

Recently, MacCann et al. (2009) examined the lower-order structure of 18 IPIP 
scales relating to Conscientiousness (i.e., 117 items). Their analyses resulted in eight 
subscales: industriousness, perfectionism, tidiness, procrastination refrainment, 
control, cautiousness, task planning and perseverance. Only control and 
perseverance were also related to another Big Five factor, namely Agreeableness and 
Neuroticism, respectively. When examining the criterion-related validity of the broad 
Conscientiousness factor compared to the validity of the eight different subscales, 
only perfectionism and industriousness had a significantly higher relationship to the 
criteria than Conscientiousness. Perfectionism yielded a stronger relationship with 
Secondary School Admission Test percentiles and industriousness with absence 
from class.  

 

5.3 Item Response Theory and Mixture Item 
Response Theory 

5.3.1 Item Response Theory 

Item response theory (e.g., Embretson & Reise, 2000) is a collection of statistical 
models that can be used to analyze items and scales, to create and administer 
psychological measures, and to measure individuals on psychological constructs. In 
most IRT models, test responses are assumed to be influenced by a single latent 
trait, denoted by the Greek letter θ. For dichotomous (true, false) data, the goal of 
fitting an IRT model is to identify an item response function (IRF) that describes the 
relation between θ and the probability of item endorsement. In most IRT models, it 
is assumed that the probability of item endorsement should increase as the trait level 
increases; thus, IRFs are monotonically increasing functions.   

Compared to classical test theory (CTT), IRT has a number of advantages. One 
advantage is that to judge the quality of an item, one can transform the item’s IRF 
into an item information function, which shows how much psychometric 
information (a number that represents an item’s ability to differentiate among 
persons) the item provides at each trait level. Different items can provide different 
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amounts of information in different ranges of a given latent trait. Item and scale 
information are analogous to CTT’s item and test reliability. An important 
difference, however, is that under an IRT framework, information (precision) can 
vary depending on where an individual falls along the trait range, whereas in CTT, 
the scale reliability (precision) is assumed to be the same for all individuals, 
regardless of their raw-score levels. Another advantage of IRT is that, because it is a 
model-based approach, it is possible to predict a person’s answering behavior when 
confronted with a particular set of questionnaire items. The IRF gives the 
probability of endorsing an item for each latent trait value.  

Several authors have introduced and discussed the advantages of applying IRT 
models (e.g., Embretson & Reise, 2000) to construct personality scales and to 
explore the structure of personality data sets. Reise and Waller (2009) discussed that 
using classical test theory instead of IRT to analyze personality data may hide 
important subgroup differences. Waller, Tellegen, McDonald, and Lykken (1996) 
contrasted the use of IRT with principal component factor analysis and showed how 
traditional factor analysis can produce misleading results when applied to personality 
items in the sense that a linear factor analysis can produce spurious factors when 
applied to items that have nonlinear regressions on the underlying content factors. 
Therefore, we used an IRT approach in this study. 

5.3.2 Mixture Item Response Theory 

Since the start of psychological testing, it has been recognized that individual 
persons or subgroups of persons may behave differently than the majority of 
persons in the population. For example, early attempts to study profiles of item and 
test scores have been reported by Du Mas (1946), Osgood and Suci (1952), and 
Cronbach and Gleser (1953). Furthermore, techniques like cluster analysis (such as 
K-means cluster analysis, see e.g., Steinley, 2003) and discriminant function analysis 
have been used to identify distinct homogeneous groups. Also, on the individual 
level, the use of response scales like the Variable Response Inconsistency Scale and 
the True Response Inconsistency Scale of the Minnesota Multiphasic Personality 
Inventory–2 (MMPI–2; Butcher et al., 2001) or the use of person-fit indices (e.g., 
Meijer, Egberink, Emons, & Sijtsma, 2008) have been discussed. Person-fit indices 
can be used to assess how well an individual’s responses conform to the 
measurement model used to interpret individual differences in the trait level (e.g., 
Meijer & Sijtsma, 2001). An alternative technique to provide important insights into 
the nature of response behavior on tests is mixture IRT, which combines latent class 
analysis (LCA) with traditional IRT.  
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LCA is a multivariate technique that attempts to identify distinct classes of 
individuals on a psychometric scale (see Lazarsfeld & Henry, 1968). Individuals 
within a single class are assumed to behave similarly on relevant behavior. Members 
of different classes, though, are assumed to behave differently. For example, Nestadt 
et al. (2009) recently showed that obsessive-compulsive disorder can be classified 
into three classes based on co-morbidity.  

Typical IRT models assume that data come from one population in which all 
members of that population respond to the items using the same answering process; 
one IRF is assumed to characterize all respondents within that sample. With mixture 
IRT, it is possible to identify distinct subpopulations within a larger population, each 
of which responds differently to a set of items (see Rost, 1990; Rost & Langeheine, 
1997). Therefore, mixture IRT combines LCA with IRT by identifying groups of 
individuals (i.e., latent classes, instead of manifest classes, such as gender or age) 
within a given sample for whom a specific IRT model is applicable. Often, this 
means that for each latent class the same IRT model holds, but with different 
parameters across the latent classes. Individuals within these latent classes share the 
way of responding to the response scale. Based on a person’s response pattern, the 
conditional probability of belonging to each of the latent classes and the 
corresponding latent trait score in each latent class is estimated and persons are 
assigned to the latent class with the highest conditional probability. Mixture IRT is 
similar to differential item functioning (DIF) analysis (see Cohen & Bolt, 2005). 
However, DIF analysis often uses a priori grouping information by means of 
manifest variables (e.g., gender, age, or education), whereas in mixture IRT no a 
priori grouping information has to be used. Instead, two or more latent classes are 
identified that differ systematically in response scale usage. Sometimes a posteriori 
grouping information is used to characterize the different latent classes.  

 

5.4 Applications of Mixture IRT Using Personality 
Data 
Mixture IRT models have been applied to identify classes who systematically differ 
on some aspects of the personality trait being measured. From a psychological point 
of view this is very interesting. Groups of persons may differ in the way a 
personality construct is applicable. Unidimensional IRT models assume that the 
probability of endorsing an item is similar for all persons in the sample. However, 
this assumption may not be realistic. For example, consider the use of a multifaceted 
trait construct. Many trait constructs are composed of content heterogeneous sets of 
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items. Persons may differ in the endorsement probability of different sets of items 
because there are differences in trait manifestations between groups of persons. An 
alternative is then to use a mixture IRT model allowing differences between the 
parameters between subpopulations. For example, Reise and Gomel (1995) applied 
mixture IRT to responses on the 14 true-false items of the Positive Interpersonal 
Engagement scale (PIE). A two-class solution was most interpretable. The first class 
consisted of Agentic type of persons (i.e., persons who are dominant in social 
transactions) and the second class of Communal type of persons (i.e., persons who 
are more sociable and like to have people around). Maij-de Meij, Kelderman, and 
van der Flier (2005) used mixture IRT to assess qualitative individual differences in 
self-disclosure patterns. A model with three latent classes was identified. Class 1 
consisted of persons with a high-level of self-disclosure but who were most selective 
to whom they show their self-disclosure, whereas Class 2 consisted of persons with 
an opposite pattern of Class 1, and persons in Class 3 had medium scores and were 
not very selective to whom they show their self-disclosure. Thus, in both the Reise 
and Gomel (1995) and the Maij-de Meij et al. (2005) studies qualitative differences 
were found. 

Mixture IRT models have also been applied to obtain insight into different types 
of response behavior in personality assessment with both dichotomous (e.g., Reise & 
Gomel, 1995) and polytomous items (e.g., Austin et al., 2006). Hernández, Drasgow, 
and González-Romá (2004) applied mixture IRT to examine differences in the way 
persons respond to an ordered scale with a middle category (the ‘I don’t know’ 
option). They identified two latent classes, in the first class most persons did not 
respond to the middle category, whereas persons in the second class selected this 
category much more often.  

Rost, Carstensen, and von Davier (1997) and Austin et al. (2006) investigated 
whether they could identify different latent classes related to different response scale 
usage on the NEO-FFI personality questionnaire (Costa & McCrae, 1992). Austin et 
al. (2006) used all Big Five scales, whereas in the Rost et al. (1997) study only the 
Conscientiousness and the Extraversion scale were used. Results from the Austin et 
al. (2006) study yielded a two-class solution for Neuroticism, Extraversion, 
Agreeableness, and Conscientiousness. Persons in one class showed preferences for 
the extremes of the response scale, whereas persons in the other class showed 
preferences for responding in the middle of the scale. For Openness a three-class 
solution fitted best, however, this three-class solution was difficult to interpret. 
Austin et al. (2006) attributed this to multidimensionality of the Openness scale. 
Factor analysis resulted in two factors: one factor was related to intellectual/aesthetic 
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curiosity and one factor was related to conventionality and acceptance of authority. 
With respect to the Conscientiousness scale, the results of the Rost et al. (1997) 
study were similar as in the Austin et al. (2006) study. Rost et al. (1997) found one 
class with persons that preferred extreme ratings and one class with persons with 
moderate ratings. The results with regard to the Extraversion were different from 
the Austin et al. (2006) study. Although a four-class solution fitted best, a two-class 
solution was easier to interpret. This two-class solution reflected individual 
differences with regard to two dimensions of Extraversion, namely Sociability and 
Impulsivity. These later results are in line with the results regarding structural 
differences.  

 

5.5 Predictive Validity of Trait Estimates Obtained 
from Different Qualitative Groups  
Thus, mixture IRT has been applied in different settings for different purposes and 
it has shown its usefulness. Mixture IRT takes response behavior into account, 
which provides the potential for a better estimate of an individual’s latent trait score. 
However, like Eid and Zickar (2007) suggested “In order to determine whether traits 
estimated using mixture-distribution IRT are indeed more useful statistics, it is 
important to evaluate the predictive validity of those trait estimates compared to 
other types of trait estimates” (p. 268). Although several authors have suggested that 
inconsistent response behavior and response tendencies may have an effect on the 
predictive validity of a measurement instrument, it is difficult to draw an 
unambiguous conclusion from the literature. For example, Meijer (1997; see also 
Meijer & Nering, 1997) using simulated data showed that there was a decrease in the 
validity of test scores when persons showed extreme forms of response styles (i.e., 
persons answering most items randomly) when the percent of persons in a sample 
with extreme response styles was 15% or larger and test validity was at least 
moderate (i.e., r = .3 - .4). Removing classes of persons with extreme response styles 
resulted in modest increases in test validity. However, Meijer (1997) also showed 
that for the group with extreme response styles test-criterion relations were relatively 
lower than for those with IRT consistent response patterns. Also Schmitt, Chan, 
Sacco, McFarland, and Jennings (1999; see also Schmitt, Cortina, & Whitney, 1993) 
found that for groups that were less in accord with a unidimensional IRT model, test 
scores were less predictable than those whose response patterns were more 
consistent with an IRT model. Further analysis showed that the validity was 



Chapter 5 

 

74 

substantially larger for model-fitting examinees than for non-model-fitting 
examinees (i.e., r = .34 versus r = .19).  

Maij-de Meij, Kelderman, and van der Flier (2008) were one of the first 
researchers to investigate whether the predictive validity of trait estimates obtained 
from mixture IRT models was higher compared to the predictive validity of trait 
estimates obtained from a unidimensional IRT model. They distinguished different 
classes with different response styles. Their application of mixture IRT to the 
Extraversion and Neuroticism scale of an often used Dutch personality 
questionnaire resulted in a better prediction for the Neuroticism scale, but not for 
the Extraversion scale. As a criterion variable they used the score from a 
psychologist on a 5-point scale about the extraversion and emotional stability level 
of the applicant during the selection interview. Although the psychologist did not 
know the applicant’s test results, the criterion was strongly related to the overall 
impressions of only one psychologist.  

In addition to the studies cited above, the present study will extend the literature 
by applying mixture IRT to a Conscientiousness scale. The predictive validity of trait 
estimates obtained from mixture IRT models is compared to trait estimates obtained 
from a unidimensional IRT model using a 360 degree feedback questionnaire on 
Conscientiousness as a criterion measure.  

 

5.6 Method 

5.6.1 Instruments 

Workplace Big Five (WB5)  

The WB5 (Schakel, Smid, & Jaganjac, 2007) is a computer-based Big Five personality 
questionnaire applied to situations and behavior in the workplace. It consists of 144 
items, distributed over five scales (Neuroticism, Extraversion, Openness, 
Agreeableness, and Conscientiousness). The items are scored on a 5-point Likert 
scale. The answer most indicative of the trait being measured is scored “5” and the 
answer least indicative of the trait is scored “1”. For this study, we selected the 
Conscientiousness scale. This scale consists of 30 items, equally distributed over five 
subscales (C1 Perfectionism, C2 Organization, C3 Drive, C4 Concentration, and C5 
Methodicalness). Perfectionism assesses the degree to which we strive for perfect 
results, Organization assesses the degree to which we work in an organized, 
structured manner, Drive assesses the degree to which we always strive to achieve 



Conscientiousness in the Workplace: Applying Mixture IRT 

 

75 

more, Concentration assesses how we keep on concentrating our attention on a task 
and Methodicalness assesses the degree to which we plan with foresight and in 
detail. 

The WB5 is a Dutch version of the Workplace Big Five Profile constructed by 
Howard and Howard (2001). This profile is based on the NEO-PI-R (Costa & 
McCrae, 1992) and adapted to workplace situations. For the Dutch version, both 
conceptual analyses and exploratory factor analyses showed the Big Five structure 
(Schakel et al., 2007). 

Reflector  

The Reflector (Schakel et al., 2007) is a 360 degree feedback questionnaire that can 
be used to obtain information from different sources concerning a person’s 
performance on the job. This information often provides the basis for personnel 
development. The questionnaire is constructed on the basis of selected job-relevant 
behavioral skills and consists of 215 statements of behavioral skills in different 
content areas. The questionnaire has to be filled out by the person to be evaluated 
and by different persons from his or her direct working environment, such as 
supervisors, colleagues, subordinates, and customers. The items are scored on a 5-
point Likert scale. The answer most indicative of the behavioral skill being measured 
is scored “5” and the answer least indicative of the skill is scored “1”. To evaluate a 
person, different behavioral skills from different content areas can be selected. In 
this study, we selected data from persons who were evaluated on the basis of the 15-
item Conscientiousness Reflector scale, which consists of 15 Conscientiousness 
related behavioral skills. This scale was used as a criterion measure. An example of a 
skill that was evaluated is “Plans time for preparation and unexpected matters”.  

5.6.2 Participants and Procedure 

Data were collected in the context of a career development procedure. Persons in 
the career development procedure filled out the WB5 and at least three different 
persons from his or her working environment filled out the Reflector. The sample 
consists of 9283 persons with a mean age of 40.8 (SD = 8.71); 45.8% mostly White 
men and 47.8% mostly White women; for 3.7% age was unknown and for 6.4% 
gender was unknown. 16.3% of the participants had a university degree, 44.6% had 
higher education, and 38.5% secondary education; for .6% educational level was 
unknown. These persons were occupied in different industries, most of the persons 
worked in government, financial, or information technology institutions. On average 
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they had 12.7 years of work experience (SD = 10.92) and most of the persons hold 
middle- or high-level management positions.  

For the Reflector scores we selected persons who were evaluated by at least three 
other persons on the Conscientiousness Reflector scale. Data were available from 
supervisors, colleagues, subordinates, and customers. Literature on 360 degree 
feedback shows that raters agree more with each other than they do with the person 
to be evaluated (e.g., Atwater & Yammarino, 1992; Carless, Mann, & Wearing, 1998; 
Furnham & Stringfield, 1998). In our sample the numerical values of the correlations 
of the self-other and other-other ratings were found to be similar to the ones found 
in the literature, with the exception of the self-supervisor ratings correlation 
(supervisor-subordinate: r = .39, supervisor-colleague: r = .52, and colleague-
subordinate: r = .39, compared to self-supervisor: r = .32 and self-colleague: r = .35). 
The ratings of customers did not significantly correlate with the ratings of the other 
types of raters. Therefore, we decided to exclude data from customers in this study. 

Because the other-other ratings correlations were higher than the self-other 
ratings correlations and because, in general, taking and analyzing each rater type 
separately yielded too few cases, we first decided to collapse across perspectives. 
Thus, the Reflector scores were calculated by averaging the responses given by at 
least three supervisors, colleagues and/or subordinates. For 630 out of 9283 
participants the Conscientiousness Reflector scores were available. Each person was 
evaluated on average by 3.90 others (SD = 0.96), more specifically they were 
evaluated on average by 1.15 supervisors (SD = 0.58), 2.55 colleagues (SD = 1.05) 
and .20 subordinates (SD = 0.62). 

Second, to assess whether a Reflector score based on ratings from one 
perspective yields similar predictive validity results in comparison with a Reflector 
score based on ratings from supervisors, colleagues and subordinates, we selected 
persons who were evaluated by at least two colleagues. For 607 out of 9283 
participants the Reflector scores of at least two colleagues were available (for the 
supervisor perspective n = 124 and for the subordinate perspective n = 32) and their 
Reflector scores were calculated by averaging the responses given by at least two 
colleagues. Each person was evaluated on average by 2.71 colleagues (SD = 0.89). 
Using both Reflector scores from one perspective (colleagues) and different 
perspectives (colleagues, supervisors, and subordinates) enabled us to investigate the 
influence of different perspectives as compared to one perspective. 

The 630 persons in our study were evaluated by 2458 supervisors, colleagues and 
subordinates. Each of the 2458 evaluations was treated as a separate one to compute 
coefficient alpha for the 15 items. Coefficient alpha for the Conscientiousness 
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Reflector scale equalled .88, whereas coefficient alpha equalled .87 when only 
evaluations of colleagues were used (n = 1645). 

5.6.3 Analysis 

Scalability  

To explore the quality of the data, we computed classical statistics and conducted a 
nonparametric IRT analysis using the computer program Mokken Scale Analysis for 
Polytomous Items version 5.0 for Windows (MSP5.0; Molenaar & Sijtsma, 2000). 
We checked the assumptions of the nonparametric Mokken model of monotone 
homogeneity (MMH, e.g., Sijtsma & Molenaar, 2002) by inspecting the overall scale 
coefficient H and the item i coefficient Hi. These coefficients are used to assess the 
scalability of the Conscientiousness scale and its items. The H coefficient is a 
measure to determine whether a set of items form a scale, that is, whether the items 
relate to each other and allow an ordering of the persons according to their total 
score. The larger this coefficient, the better we can order persons according to their 
total score. Also, larger values of the Hi coefficient imply that an item is better able 
to differentiate among persons and that an item is more related to the scale.  

Increasing values of H and Hi between .30 and 1.00 (maximum) reflect better 
scalability of sets of items and individual items (for a discussion of these measures 
see for example, Sijtsma & Molenaar, 2002). Furthermore, weak scalability is 
obtained if .30 ≤ H < .40, medium scalability if .40 ≤ H < .50 and strong scalability 
if .50 ≤ H < 1. The choice of the lower bound reflects the strength of the relation 
between items that is required. If the H value is between .00 and .30, then the items 
would not have enough in common to trust the ordering of persons by the total 
score to accurately reflect an ordering on a meaningful unidimensional latent trait. 
The rules of thumb play a role similar to the requirements for the reliability 
coefficient in classical test theory. Many psychologists consider a reliability 
coefficient value of .90 as a lower bound for important decisions about a person, 
and values of at least .60 or .70 as a lower bound for valid inferences about groups 
of persons or low-stakes decisions. Because in this study we analyze career 
development data with lower stakes than selection data, weak scales will suffice. We 
used this nonparametric IRT technique in addition to the mixture IRT approach to 
obtain a first impression of the data quality.  
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Mixture IRT  

To apply a mixture IRT model, first a plausible model is fit that assumes a single, 
homogeneous population. This baseline analysis is then compared with an 
alternative model incorporating two (or more) subpopulations of persons. If the 
alternative model provides a clearly superior fit, subgroups of persons may interpret 
items differently or respond to items according to different processes. If this is the 
case, observed scores of persons from the different groups may have different 
meanings and should be interpreted with care. We used the computer program 
Latent GOLD 4.5 (Vermunt & Magidson, 2005) to estimate the mixture IRT 
version of the graded response model (GRM; Samejima, 1969, 1997). The GRM is a 
2-parameter-logistic (2PL) model for polytomous data. Each item i is described by 
one item slope parameter or discrimination parameter (α parameter) and two or 
more location or “difficulty” parameters (βm parameters); the number of location 
parameters per item is equal to the number of response categories minus 1. The 
location parameter βm can be interpreted as the point at the latent trait continuum 
where there is a 50% chance of scoring in category m or higher. The α and βm 
parameters are used to determine the probability of an examinee to respond in a 
particular response category (Embretson & Reise, 2000).  

Specifically, the mixture version of the GRM was fit by systematically increasing 
the number of latent classes. Mixture IRT models identify different latent classes 
with different item parameters. When applying the mixture version of the GRM, 
classes can have different discrimination parameters and different difficulty 
parameters or classes can have equal discrimination parameters but have different 
difficulty parameters. We tested the following two models. Model 1 allows the 
discrimination and difficulty parameters to differ within each latent class. Model 2 
allows the discrimination parameters to differ within a class, but the discrimination 
parameters for an individual item should be equal across classes. The difficulty 
parameters in Model 2 may differ within and across classes. Note that a mixture IRT 
model with one class is the same as a unidimensional IRT model. 

Different methods are available to asses model fit and to select the appropriate 
number of classes. We used the Bayesian information criterion (BIC; Schwarz, 1978) 
to choose between Model 1 and Model 2. As opposed to the Akaike information 
criterion, the BIC (Schwarz, 1978) takes the sample size into account, avoiding 
overparameterization (McLachlan & Peel, 2000). Lower BIC values indicate a better 
fit and BIC values can be compared across the two models. To select the 
appropriate number of classes for the chosen model, we used BIC values, the 
bootstrap p-value for the L2-statistic (Vermunt & Magidson, 2005) and the 
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misclassification rate. Because of a large number of sparse data (i.e., there are far less 
subjects than the maximum number of possible response patterns), we estimated the 
bootstrap p-value for the L2-statistic. This method, implemented in LatentGOLD 
4.5, generates 300 bootstrap samples based on the parameters of the (chosen) model 
and re-estimates the model with each bootstrap sample. The p-value indicates the 
amount of bootstrap samples with a poorer fit than the original sample. Generally, 
the best fitting model has a p-value greater than .05 and has the fewest number of 
parameters (Vermunt & Magidson, 2005). LatentGOLD 4.5 calculates the 
misclassification rate. Persons are assigned to the class with the highest class 
membership probability which may lead to misclassification. Besides using these 
statistical methods, we also checked whether the results could be meaningfully 
interpreted.  

A general problem for mixture IRT models is that local maxima may be found 
besides the global maximum likelihood solution. Therefore, Latent GOLD 4.5 uses 
an estimation procedure with multiple sets of random starting values. We conducted 
our analyses by running 50 startsets and 250 iterations per set. This was also done to 
avoid convergence problems.  

 

5.7 Results 

5.7.1 Descriptive Statistics and Scalability 

Item means, standard deviations, and coefficient alpha for the Conscientiousness 
scale and its subscales are reported in Table 5.1. A first observation is that, in 
general, the items are relatively “easy” or popular. That is, most respondents chose 
Categories 4 and 5 indicating that most persons consider themselves as relatively  
 
Table 5.1 
Scale characteristics for the Conscientiousness scale and subscales. 

 # Items α  a Mitem SDitem Skewness Kurtosis 
Conscientiousness 30 .89 3.86 .48 -.35 .00 
C1 Perfectionism 6 .80 3.51 .77 -.26 -.45 
C2 Organization 6 .81 4.12 .68 -.77 .20 
C3 Drive 6 .68 4.00 .58 -.52 .10 
C4 Concentration 6 .74 3.57 .70 -.34 -.13 
C5 Methodicalness 6 .73 4.11 .54 -.67 .68 

 

a = coefficient alpha. 
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high on the different subscales of the Conscientiousness scale. Coefficient alpha of 
the subscale Drive was low relative to the other subscales. Inspection of the item 
information curves showed flat curves for the items of the subscale Drive, which 
implies that these items do not allow reliable measurement. Also, Hi values of the 
Drive items within the total Conscientiousness scale were low compared to the 
values of the other scales (most Drive items had Hi values around .20, while most 
items of the other subscales had Hi values around .25) and the overall H value for 
the Conscientiousness scale increased from .25 to .29 when removing the items of 
the subscale Drive. Moreover, inspection of the content of the items clearly showed 
that these items are sensitive to social desirable responding. Items that were included 
in this scale were, for example, “avoids new responsibilities” (reverse-scored) and 
“always wants to perform to the best of his/her ability”. Therefore, we removed the 
subscale Drive from the scale. Furthermore, we removed Item 4 from the  
 
Table 5.2 
Hi and H coefficients for the Conscientiousness scale for the total sample and for the four-class solution. 

Item Subscale Total  Class 1 Class 2 Class 3 Class 4 
Item1 C1 Perfectionism .35 .36 .34 .28 .30 
Item2 C1 Perfectionism .24 .24 .22 .19 .15 
Item3 C1 Perfectionism .29 .27 .24 .23 .21 
Item5 C1 Perfectionism .36 .37 .29 .29 .28 
Item6 C1 Perfectionism .31 .34 .28 .24 .19 
Item7 C2 Organization .32 .33 .31 .27 .31 
Item8 C2 Organization .31 .34 .33 .24 .31 
Item9 C2 Organization .34 .35 .35 .31 .32 
Item10 C2 Organization .38 .38 .38 .31 .35 
Item11 C2 Organization .39 .40 .37 .34 .38 
Item12 C2 Organization .39 .38 .37 .33 .38 
Item19 C4 Concentration .26 .26 .24 .21 .25 
Item20 C4 Concentration .31 .29 .29 .18 .25 
Item21 C4 Concentration .32 .27 .26 .17 .29 
Item22 C4 Concentration .33 .31 .32 .18 .22 
Item23 C4 Concentration .31 .31 .32 .22 .19 
Item24 C4 Concentration .24 .24 .24 .18 .24 
Item25 C5 Methodicalness .22 .22 .24 .17 .21 
Item26 C5 Methodicalness .34 .34 .33 .29 .34 
Item28 C5 Methodicalness .37 .37 .36 .31 .36 
Item29 C5 Methodicalness .29 .27 .28 .25 .28 
Item30 C5 Methodicalness .36 .35 .36 .29 .34 

H   .32  .32 .31 .25 .28 
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Perfectionism subscale and Item 27 from the Methodicalness subscale for 
subsequent analyses because of very low Hi values. As a result, the overall H 
coefficient increased (H = .29 became H = .31).   

From inspecting the category response functions and option endorsement 
proportions it was clear that Categories 1 and 2 had very low endorsement 
proportions. Therefore, we collapsed these two categories. This did not affect 
mixture IRT results. Table 5.2 (third column) shows the H and Hi coefficients for 
the total Conscientiousness scale with four response categories. All items covaried 
positively and although there were a few items with Hi ≤ .25 we did not remove 
these items because it did not have an effect on the overall H coefficient. Note that 
all scales are weak scales. In practice, weak scales will almost always result when 
scales consists of items that have some content heterogeneity (see e.g., Reise & 
Waller, 2009).  

For these 22 items within the four subscales, in Table 5.3 the correlations 
between the subscales and the correlations between the final Conscientiousness scale 
and the subscales are given. From this table it is clear that the subscales are 
moderately correlated with each other and are highly correlated with 
Conscientiousness. 
 
Table 5.3 
Correlations between the subscales and between the final Conscientiousness scale and the subscales.  

 C1 Perf C2 Orga C4 Conc C5 Meth
C2 Organization .50    
C4 Concentration .43 .54   
C5 Methodicalness .41 .66 .53  
Conscientiousness .75 .85 .80 .78
 

Note. Perf = Perfectionism; Orga = Organization; Conc = Concentration; Meth = Methodicalness. 

5.7.2 Mixture IRT 

Before we conducted the mixture IRT analyses for Model 1 and Model 2, we 
checked whether the assumption of a single homogenous population holds for the 
data1. Therefore, we tested a model which assumes equal discrimination and 

                                                 
1 A violation of the assumption of a homogenous population means that the population 
consists of subpopulations that significantly differ from each other on their mean latent trait 
score. When this is the case, the data should be analyzed as multiple group. If a mixture IRT 
model is used without checking this assumption, it may be difficult to interpret the results 
because differences from the mixture IRT analyses may be due to existing differences in 
mean latent trait score between groups. 
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difficulty parameters across classes, but allows for differences in mean and standard 
deviation of the latent trait scores across classes. Results showed that the assumption 
of a homogenous population holds for our data.  

Table 5.4 displays the fit statistics for the mixture version of the GRM for the 
Conscientiousness scale2. Model 1 allows the discrimination and difficulty 
parameters to differ within each latent class. Model 2 assumes equal discrimination 
parameters for each individual item across all latent classes and allows the difficulty 
parameters to differ within each latent class. Comparing the BIC values of both 
models showed lower BIC values for Model 2. Therefore, we used Model 2 for 
further analyses. When only using BIC values to select the appropriate number of 
classes, the 12-class solution from Model 2 should be selected. However, the classes 
become too small to be interpretable. Column 5 in Table 5.4 displays the bootstrap 
p-values for the L2-statistic. According to this statistic, the two-class solution should 
be selected (i.e., p > .05 and fewest parameters). However, the four-class solution 
might also be worth considering (p = .41). From column 6 in Table 5.4 it is clear that 
by adding a class the misclassification rate increases. Therefore, we investigated the  
 
Table 5.4 
Fit statistics for the Conscientiousness scale modeled by the mixture version of the GRM with different 
numbers of latent classes. 

# m log l npar BIC (log l)
bootstrap 

p-value
misclass. 

rate 
Model 1   

1 -220905.37 88 442614.71   
2 -215869.50 177 433356.06   
3 -212923.19 266 428276.54   
4 -211793.90 355 426831.05   
5 -210774.80 444 425605.95   
6 -209984.98 533 424839.41   

Model 2  
1 -220905.37 88 442614.71 n.a. n.a. 
2 -216021.41 155 433458.88 .34 .091 
3 -213031.64 222 428091.46 .60 .117 
4 -211960.48 289 426561.25 .41 .136 
5 -211032.64 356 425317.68 .51 .174 
6 -210216.10 423 424296.71 .74 .189 

 

Note. # m = number of latent classes; log l = log-likelihood statistic; npar = number of parameters; BIC 
= Bayesian information criterion; misclass. rate = misclassification rate; n.a. = not applicable. 

                                                 
2 We also applied the mixture version of the generalized Partial Credit Model (Muraki, 1992). 
However, the mixture version of the GRM fitted better; it provided lower BIC values. 
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results of the two-class solution, the three-class solution, and the four-class solution. 
Based on its bootstrap p-value for the L2-statistic (p = .51), we also investigated the 
results of the five-class solution. The four-class solution yielded the most 
interpretable and meaningful results. In the four-class solution 35.8%, 28.4%, 18.2%, 
and 17.7% of the persons belong to Class 1, Class 2, Class 3, and Class 4, 
respectively. The mean class membership probabilities were p = .88, p = .87, p = .84 
and p = .84 for these classes. For only 3.6% of the 9283 persons p < .50 and for 
11.3% of the persons p < .60.  

Interpretation of the Classes  

To investigate the response scale usage of the persons in the different classes, we 
plotted the distribution of the response categories for the whole Conscientiousness 
scale. Figure 5.1 shows that, as expected, Categories 3 and 4 were popular across  
 

 
Figure 5.1: Distribution of the chosen response categories for the four-class solution 

 
classes. Differences in response scale usage are more pronounced when we inspect 
the response frequencies at the item level. In Figure 5.2 we report the item category 
response frequencies for each class in the four-class solution. From Figure 5.2 it is 
clear that persons in the Classes 1 and 3 are most consistent in their response scale 
usage. Persons in Class 1 prefer Category 3 most of the time, whereas persons in 
Class 3 prefer Category 4 most of the time. However, consider the response scale 
usage of the persons in Class 2 and Class 4 on the subscales Perfectionism and 
Concentration, respectively. Persons in Class 2 prefer Category 1 most of the time 
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for the Perfectionism items (Items 1-6), whereas persons in Class 4 prefer Category 
1 for the Concentration items (Items 19-24). The responses on the two subscales 
Organization (Items 7-12) and Methodicalness (Items 25-30) are similar for the four 
classes: Categories 3 and 4 have the highest probability of being selected. 

Thus, in the four-class solution persons in the different classes differ in particular 
with respect to how they respond to items from the subscales Perfectionism and 
Concentration. Table 5.5 displays the mean total scores on the Conscientiousness 
scale and its subscales for each latent class. Persons in Class 2 have lower scores on 
Perfectionism compared to persons in Classes 1, 3, and 4, whereas persons in Class 
4 have lower scores on Concentration compared to persons in Classes 1, 2, and 3. 
For Perfectionism and Concentration, the differences in the mean total scores 
between the classes are often more than one standard deviation. Calculating the 
effect sizes showed that the differences between the classes can be labeled as ‘large’ 
for Perfectionism and Concentration. Cohen’s d ranged from 1.11 to 2.63 for the 
differences in mean total score on Perfectionism (with the exception of the small 
difference between Classes 3 and 4, Cohen’s d = 0.33) and from 1.18 to 3.01 for the 
differences between the classes on Concentration (with the exception of the small 
difference between Classes 1 and 2, Cohen’s d = 0.19). The differences in mean total 
scores for the other subscales are smaller, therefore, the effect sizes are much 
smaller.  
 
Table 5.5 
Mean total scores of the Conscientiousness scale and its subscales for each latent class. 

  Class 1 Class 2 Class 3  Class 4 

  M SD M SD M SD M SD 

C1 Perf 12.78 2.76 10.35 3.38 16.30 3.02 15.61 2.93 

C2 Orga 17.87 3.29 19.31 4.03 19.79 4.00 18.94 4.40 

C4 Conc 15.18 2.88 15.65 3.92 19.51 2.98 12.47 3.60 

C5 Meth 15.02 2.17 16.66 2.73 16.62 2.91 15.46 3.21 

Conscien 60.85 9.17 61.97 11.71 72.22 10.71 62.48 11.98 
 

Note. Perf = Perfectionism; Orga = Organization; Conc = Concentration; Meth = Methodicalness; 
Conscien = Conscientiousness. 

 
To further explore these differences we were curious to know whether the 

scalability between classes was different, that is whether Conscientiousness may be a 
rather homogeneous construct for some groups of persons, whereas it is a more 
heterogeneous construct for others.  
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5.7.3 Scalability Within Classes 

To investigate the scalability for the different classes, we conducted a Mokken scale 
analysis and we compared scalability results for the whole sample with results 
obtained for the different classes. Note that the comparison is made between 
scalability results for each class and the whole sample that includes that class. Results 
are shown in Table 5.2 (last four columns). In general, the overall scalability 
remained the same for Class 1 (i.e., H = .32), whereas it decreases for Classes 2, 3, 
and 4 (i.e., H =.31, H =.25 and H =.28 for Classes 2, 3, and 4, respectively). 
Interesting is to consider the individual Hi coefficients. For Class 1, the Hi 
coefficients are similar to the Hi coefficients for the whole sample. For Class 2, the 
Hi coefficients of the Perfectionism items are lower compared to the Hi coefficients 
for the whole sample, the average absolute differences in Hi coefficients is .04 for 
those items. For Class 4, the Hi coefficients for both the Perfectionism and 
Concentration items are lower, the average absolute differences in Hi coefficients are 
.08 and .06, respectively. Furthermore, for Class 3, all Hi coefficients are lower, the 
average absolute differences in Hi coefficients between Class 3 and the whole sample 
are .06, .06, .11, and .05 for the Perfectionism, Organization, Concentration and 
Methodicalness items, respectively. Because H coefficients are related to the 
discrimination parameters in parametric IRT models3, these results thus imply that 
Perfectionism and Concentration are less related to Conscientiousness for persons in 
the Classes 2 and 4 than for persons in Class 1. The whole Conscientiousness scale 
is less scalable for persons in Class 3.  

5.7.4 Psychological Meaning of Class Differences  

To further characterize the different classes, we first took the demographic variables 
gender, education, and age into account. Figure 5.3 shows that there are more males 
than females in the Classes 1 and 2, and more females than males in the Classes 3 
and 4. Furthermore, in Class 2 there are more persons with a university degree or 
higher education. Persons in Class 3 had more often a secondary educational level. 
There were only small differences in age between the classes.  

                                                 
3 Although Hi coefficients and α parameters both indicate the slope of the item response 
function, both statistics are also sensitive to different characteristics of the data. Hi is strongly 
influenced by the probability distribution of the latent trait values which also prevents a 
researcher from using a scale in a population where it cannot discriminate between persons. 
In the literature there is a strong emphasize on selecting items with Hi values larger than 
some lower bound as, say,  Hi = .3. 
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Figure 5.3: Relation between latent class and demographic variables. Note. uni =  
university degree; high = higher education; sec = secondary education 

 
Second, we tried to characterize the persons in the different classes using scale 

scores from other personality scales of the WB5. Based on the literature it was 
difficult to interpret the results regarding Concentration, but for Perfectionism some 
interesting observations could be made. Literature on different forms of 
Perfectionism (e.g., Stoeber & Otto, 2006) usually differentiates three groups: 
healthy perfectionists (high score on Perfectionism, low score on Neuroticism), 
unhealthy perfectionists (high score on both Perfectionism and Neuroticism) and 
non-perfectionists (low score on both Perfectionism and Neuroticism). This 
distinction is based on the two forms of Perfectionism suggested by Hamachek 
(1978), a positive form called ‘normal perfectionism’ (persons who enjoy pursuing 
their perfectionistic strivings) and a negative form called ‘neurotic perfectionism’ 
(persons who suffer from their perfectionistic strivings). Our results showed three 
levels of Perfectionism; the mean Perfectionism score was lowest for persons in 
Class 2, persons in Class 1 had relatively moderate Perfectionism scores and persons 
in Classes 3 and 4 had the highest Perfectionism scores (see Table 5.5 for the mean 
total scores on the subscale Perfectionism for each class). 

To further explore the differences in answering behavior across the four groups 
and to characterize the persons in each class, we used ancillary information from the 
Neuroticism scale because the distinction between positive and negative 
Perfectionism is related to Neuroticism. We calculated the mean total scores for 
each class on the Neuroticism scale and found mean Neuroticism scores of 73.7 (SD 
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= 13.27), 65.9 (SD = 14.65), 67.1 (SD = 16.22) and 78.8 (SD = 16.92) for Class 1, 
Class 2, Class 3, and Class 4, respectively. Thus, persons in Class 4 have the highest 
mean scores on Neuroticism, whereas persons in Classes 2 and 3 have the lowest 
mean scores on Neuroticism. Furthermore, persons in Class 2 may have some 
characteristics of ‘non-perfectionists’ (relatively low score on both Perfectionism and 
Neuroticism), persons in Class 4 of ‘unhealthy perfectionists’ (relatively high scores 
on both Perfectionism and Neuroticism) and persons in Class 3 of ‘healthy 
perfectionists’ (high score on Perfectionism, low score on Neuroticism). Persons in 
Class 1 (the largest group) had moderate scores on both Perfectionism and 
Neuroticism. These persons could be labeled as ‘normal perfectionists’.  

Also remember that there are more females than males in Class 4, which may 
also be an explanation of the higher Neuroticism scores, since personality research 
consistently reports that women score higher on Neuroticism than men (e.g., Lynn 
& Martin, 1997).  

5.7.5 Predictive Validity 

Using Data from at least Three Supervisors, Colleagues and/or 
Subordinates  

To evaluate the predictive validity of the trait estimates obtained from the mixture 
IRT model compared to these obtained from a unidimensional IRT model, the 
estimated trait scores under each model were related to the Reflector scores. There 
were n = 630 persons for whom criterion data were available; n = 213, n = 114, n = 
184 and n = 119 for Classes 1, 2, 3, and 4, respectively. Because different models 
hold within the classes, the estimated trait scores are not on the same trait 
continuum and cannot be compared for all classes together. Therefore, the relation 
between the trait scores and the external criterion measure was evaluated for each 
latent class separately. The correlation between the trait estimates obtained from the 
unidimensional IRT model and the Reflector scores equalled r = .35. The 
correlations between the trait estimates obtained from the mixture IRT model and 
the external criterion were r = .41, r = .40, r = .32 and r = .45 for Class 1, Class 2, 
Class 3, and Class 4, respectively.  

Although differences are sometimes small, there seems to be a trend that the 
predictive validity of the trait estimates in Classes 1, 2, and 4 increases as compared 
to the predictive validity of the trait estimates obtained from the unidimensional IRT 
model, whereas it decreases for the trait estimates in Class 3. The response patterns 
of the persons in Class 3 were less scalable than the patterns in the other classes 
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which resulted in lower test-criterion relations. These results are in line with the 
simulation results found in Meijer (1997) using person-fit statistics.   

Using Data from at least Two Colleagues  

There were n = 607 persons for whom criterion data were available; n = 207, n = 
105, n = 180 and n = 115 in Classes 1, 2, 3 and 4, respectively. The correlation 
between the trait estimates obtained from the unidimensional IRT model and the 
Reflector scores equalled r = .30. The correlations between the trait estimates 
obtained from the mixture IRT model and the external criterion were r = .38, r = 
.38, r = .24 and r = .43 for Class 1, Class 2, Class 3, and Class 4, respectively. These 
results are in line with the results reported above. The predictive validity of the trait 
estimates in Classes 1, 2, and 4 increased, whereas it decreased for the trait estimates 
in Class 3 when using mixture IRT as compared to unidimensional IRT.  
 

5.8 Discussion 
Reise and Gomel (1995) suggested with respect to the use of mixture IRT models 
that “explorations will uncover many situations where the largest qualitative 
differences fall along psychological lines as opposed to racial, gender, or age” (p. 
354). Analyzing empirical data from a Conscientiousness scale, we found some 
evidence that this is the case. Persons in the different classes differed in response 
scale usage on the subscales Perfectionism and Concentration, indicating structural 
differences between the classes. Further inspection of the scalability of the 
Conscientiousness scale for each class separately showed that Conscientiousness is a 
less scalable and a more heterogeneous construct for persons in the Classes 2 and 4 
than for persons in Class 1.  

Structural differences between groups with respect to response scale usage are in 
line with results obtained by Reise and Gomel (1995) and Maij-de Meij et al. (2005), 
who both used mixture IRT to assess qualitative individual differences between 
groups of persons. From a psychological point of view this is most interesting 
because these analyses reflect the fact that the trait structure of Conscientiousness 
may be qualitatively different for different groups. Based on our four-class solution 
and the structural differences, we tried to find a psychological meaning for these 
group differences. Although our interpretation was post hoc, we showed that there 
were differences in the way persons interpreted the Conscientiousness scale. Future 
research may corroborate these findings by, for example, comparing the 
characteristics of different classes of persons with their scores on Perfectionism 
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scales like the Revised Almost Perfect Scale (APS-R; Slaney, Rice, Mobley, Trippi, & 
Ashby, 2001) and may also take recent results from Roberts et al. (2005) about the 
lower-order structure of Conscientiousness into account.  

We further observed that there is a trend that mixture IRT modeling lead to 
stronger test-criterion relations for three out of the four classes. Maij-de Meij et al. 
(2008) concluded that mixture IRT models provide possibilities to improve the 
prediction of external criteria, but that this may vary across scales. They found 
stronger test-criterion relations for the Neuroticism scale and weaker relations for 
the Extraversion scale. Our findings are in line with their results on the Neuroticism 
scale.  

How can these results help to improve the assessment practice? An advantage of 
using mixture IRT models is that they may provide a better insight in the way 
persons (ranging from psychiatric patients to job applicants) fill out a questionnaire. 
Reducing heterogeneity has important implications for research and practice. For 
example in career development, it provides the opportunity to focus on specific 
subpopulations, both to identify more specific career strategies and to investigate 
stronger relations to personality characteristics with reduced misclassification. Or in 
a clinical setting, where focusing on specific subpopulations may ease the use of 
more specific treatments for different subpopulations (e.g., Nestadt et al., 2009). 
Thus, mixture IRT models can be used to identify subtypes on personality 
instruments.  

Our results suggest that one should be careful in interpreting the 
Conscientiousness scores and our results are in line with the call for a more detailed 
approach to personality assessment (e.g., Hough & Oswald, 2000; Paunonen et al., 
2003; Roberts et al., 2005). To further illustrate this, consider Person 3704 (Class 1, 
sum score 66), Person 6640 (Class 2, sum score 64) and Person 7888 (Class 4, sum 
score 64). All these persons have a high class membership probability of belonging 
to that class. According to their sum score, an assessor may be tempted to conclude 
that these persons have similar Conscientiousness levels. However, taking a closer 
look at the sum scores on the subscales (see Figure 5.4), it is questionable whether 
the similar Conscientiousness scores have the same meaning for these three persons 
and adapting their trait scores may be a better option.  
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Figure 5.4: Score profiles of three different persons belonging to three different classes, but 
with similar Conscientiousness scores. 

 
In practice, however, adapting test scores through mixture IRT may not always 

be allowed. For example, in the US, The Civil Rights Act of 1964 prevents score 
adjustments based on ethnicity (i.e., on the basis of manifest groups), and adjusting 
scores on the basis of latent groupings may also be problematic. This may be less 
problematic in low-stakes settings, such as career development, but more 
problematic in high-stakes settings, such as in personnel selection.  

With respect to the applicability of the trait constructs, our results echo the 
discussion raised by Bem and Allen (1974) that some trait dimensions apply to some 
people some of the time. Our analyses showed that different measurement models 
are needed for different groups of persons. Furthermore, many personality 
constructs are multifaceted, that is, composed of content heterogeneous sets of 
items. Much research investigated the best way to measure multifaceted concepts. 
The question is then whether researchers score the whole scale or score the content 
subscales. One of the problems of scoring subscales is that these scales are relatively 
short and unreliable. When subscales are highly intercorrelated the bifactor model 
may be used to investigate the common and specific variance (e.g., Gibbons & 
Hedeker, 1992; Reise, Morizot, & Hays, 2007). An alternative is to use mixture IRT 
modeling. Although it probably depends on the application envisaged, mixture IRT 
modeling provides an alternative to the multidimensional solution to complex trait 
constructs. 



 

 




